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Abstract

Nowadays, Cloud computing is becoming one of the most attractive solutions for applica-
tion execution, due to the enhanced flexibility and efficiency it offers. Cloud computing
refers to the on-demand provision of system resources, especially computing power and
storage. These resources typically exist on individual servers found in datacenter environ-
ments and/or server farms around the world. Proper and efficient management of those
resources becomes crucial, both from the providers’ as well as end-users’ point of view,
since it can dramatically improve performance and reduce cost expenses for all the par-
ties involved. However, orchestrating cloud computing resources is not a straightforward
matter, due to i) the huge amount of available optimization knobs, ii) the different levels
that these optimizations can be applied (server- to cluster- to application-level) and iii)
the interrelationship between software and hardware optimizations combined with the
extreme hardware heterogeneity found in today’s data-centers environments. On top of
that novel computing paradigms are emerging (e.g., hardware disaggregation), which un-
veil extra optimization knobs on the foreground, thus, further complicating the problem
of efficient resource orchestration.

In this dissertation, we examine the applicability of deep learning techniques for system
optimization in Cloud architectures. Given the huge amount and the multi-level nature
of the available optimization knobs, which tend to be unmanageable using conventional,
human-driven orchestration mechanisms, deep learning approaches appear to be unavoid-
able in order to exploit and leverage the full potential of modern Cloud systems. First,
we investigate the employment of state-of-the-art neural networks in the field of system
monitoring, which forms an integral part of modern Cloud infrastructures. Then, we
examine the application of ML-driven orchestration on different levels of the hierarchy,
i.e., application-driven automatic optimizations, cluster-level application deployment and
orchestration and system-level control of running applications. To achieve the above, we
propose three frameworks, i.e., Rusty, Adrias and Sparkle, which employ deep learning
driven optimizations on different levels of the hierarchy.

Keywords: Cloud Computing, Deep Learning, Machine Learning, Resource Manage-
ment, Cloud Monitoring
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Περίληψη

Στις ημέρες μας, η εκτέλεση εφαρμογών μέσω χρήσης του ῾῾Υπολογιστικού Νέφους᾿᾿ αποτε-

λεί μία από τις πιο ελκυστικές και ευρέως υιθετούμενες λύσεις, λόγω της μεγάλης ευελιξίας

και αποτελεσματικότητας που προσφέρει. Το ῾῾Υπολογιστικό Νέφος᾿᾿ ουσιαστικά εξυπηρετεί

στην κατ΄ απαίτηση παροχή υπολογιστικών πόρων σε τελικούς χρήστες και τις περισσότε-

ρες φορές αναφέρεται σε υπολογιστική ισχύ και χώρο αποθήκευσης δεδομένων. Αυτοί οι

πόροι συνήθως είναι κομμάτι κάποιων μεμονωμένων διακομιστών, οι οποίοι βρίσκονται σε

περιβάλλοντα κέντρων δεδομένων ή/και σε φάρμες διακομιστών ανά τον κόσμο. Η σωστή

και αποδοτική διαχείριση αυτών των πόρων γίνεται κρίσιμη, τόσο από την πλευρά των πα-

ρόχων όσο και των τελικών χρηστών, καθώς μπορεί να βελτιώσει δραστικά την απόδοση και

να μειώσει τα έξοδα κόστους τόσο για τους τελικούς χρήστες όσο και για τους παρόχους

υπολογιστικών υπηρεσιών. Ωστόσο, η ενορχήστρωση των πόρων υπολογισμού στο Νέφος

δεν είναι απλή υπόθεση, λόγω 1) της τεράστιας ποσότητας διαθέσιμων παραμέτρων προς

βελτιστοποίηση, 2) των διαφορετικών επιπέδων στα οποία μπορούν να εφαρμοστούν αυτές

οι βελτιστοποιήσεις (επίπεδο διακομιστή - επίπεδο συστάδας - επίπεδο εφαρμογής) και ιιι)

της ισχυρής αλληλεπίδρασης μεταξύ λογισμικού και υλικού σε συνδυασμό με την έντονη

ανομοιογένεια του υλικού που βρίσκεται στα σύγχρονα περιβάλλοντα κέντρων δεδομένων.

Επιπλέον, νέα υπολογιστικά πρότυπα αναδύονται, τα οποία φέρνουν στο προσκήνιο επιπλέον

σημεία βελτιστοποίησης, επομένως, περιπλέκουν περαιτέρω το πρόβλημα της αποτελεσματι-

κής οργάνωσης των πόρων.

Σε αυτήν τη διατριβή, εξετάζουμε την εφαρμογή τεχνικών βαθιάς μάθησης για τη βελτιστο-

ποίηση συστημάτων σε αρχιτεκτονικές ῾῾Υπολογιστικού Νέφους᾿᾿. Λαμβάνοντας υπόψη τον

μεγάλο αριθμό και το πολυεπίπεδο χαρακτήρα των διαθέσιμων σημείων βελτιστοποίησης, τα

οποία τείνουν να είναι δύσκολα διαχειρίσιμα με συμβατικούς, ανθρώπινα καθοδηγούμενους

μηχανισμούς οργάνωσης, οι προσεγγίσεις βαθιάς μάθησης φαίνεται να είναι αναπόφευκτες

για την αξιοποίηση και εκμετάλλευση του πλήρους δυναμικού των σύγχρονων συστημάτων

Νέφους. Προς αυτήν την κατεύθυνση, σαν πρώτο αντικείμενο της διατριβής, ερευνούμε τη

χρήση νευρωνικών δικτύων στον τομέα των συστημάτων παρακολούθησης στο Υπολογιστι-

κό Νέφος, η οποία αποτελεί σημαντική συνιστώσα των σύγχρονων υποδομών Υπολογιστικού

Νέφους. Στη συνέχεια, εξετάζουμε την αποτελεσματικότητα της τεχνητής νοημοσύνης για

βελτιστοποίηση διαχείρισης πόρων σε διαφορετικά επίπεδα της ιεραρχίας, δηλαδή αυτόματες

βελτιστοποιήσεις σε επίπεδο εφαρμογής, καθώς και την ανάπτυξη και οργάνωση σε επίπε-

ix



δο συστάδας υπολογιστών. Για να επιτευχθούν το παραπάνω, προτείνουμε τρία εργαλεία,

το Rusty, το Adrias και το Sparkle, καθένα από τα οποία χρησιμοποιεί βελτιστοποιήσεις

καθοδηγούμενες από βαθιά νευρωνικά δίκτυα και στοχεύουν σε διαφορετικά επίπεδα της

ιεραρχίας.

Λέξεις Κλειδιά: Υπολογιστικό Νέφος, Βαθιά Μάθηση, Μηχανική Μάθηση, Οργάνωση

Υπολογιστικών Πόρων, Σύστημα Παρακολούθησης Υπολογιστικού Νέφους
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Chapter 1.

Introduction

Today, we are going through the "Digital Era" or "Digital Revolution", where, the pace at
which technology is evolving is ever increasing across the globe. This digital tsunami is
driven by a culmination of technologies and socioeconomic factors and trends, including,
but not limited to, the rapid advancements in the field of networking and connectivity [9],
the explosion in the number of connected devices on the internet [10], the huge amount
of data generated by these devices and the valuable insights that one can derive from
them [11] as well as the need for rapid and agile reactions in case of natural or man-made
disasters or crisis situations [12].

Businesses and organizations from all sectors are embracing this digital transformation in
nearly every aspect of business, transforming old processes and methods of human inter-
action and creating new innovations within the digital business culture1. On top of that,
social phenomena such as the COVID-19 pandemic only expedite this transition, forcing
businesses of all kinds to employ innovative digital solutions to survive2,3. In fact, accord-
ing to a recent report, by the end of 2019, 70% of businesses had realized a digital transfor-
mation plan4, encompassing 40% of technology expenditures.

Cloud computing has been, and still is, a key enabler towards sustaining this ever-
increasing demand for computing resources [13, 14]. With Cloud computing, companies
can make profit from cost-effective, scalable solutions to the various needs of their in-
formation technology (IT) part, thus, boosting their overall business. Moreover, it has
shown to be a vital part for other new technologies such as artificial intelligence [15, 16]
and the internet of things [17, 18], which are projected to be critical in the future of
innovation during the 21st-century.

1How Cloud Migration & Digital Transformation Are Driving the Digital Revolution
2The Rise of the Hybrid Workplace
3How The Pandemic Has Accelerated Cloud Adoption
4Digital transformation research report 2018: Strategy, returns on investment, and challenges

1

https://sam-solutions.us/how-cloud-migration-digital-transformation-are-driving-the-digital-revolution/
https://www.cisco.com/c/dam/en/us/products/collateral/collaboration-endpoints/global-workforce-survey.pdf
https://www.forbes.com/sites/forbestechcouncil/2021/01/15/how-the-pandemic-has-accelerated-cloud-adoption/?sh=525383756621
https://www.techrepublic.com/resource-library/whitepapers/digital-transformation-research-report-2018-strategy-returns-on-investment-and-challenges/


Introduction

1.1. The role of Cloud computing in the Digital Era

Cloud computing refers to the on-demand delivery of computing services including com-
puting power (servers), storage capacity, databases, networking, analytics, and many
others [19] over the Internet ("Cloud") offering faster innovation, flexible and agile re-
sources, thus, realizing economies of scale [20]. The rationale behind its inception is
simple: Information and communication technology (ICT) providers with available but
unused compute and storage capacity provide them to IT consumers, who need computing
resources but do not acquire them.

While it may seem that the Cloud computing paradigm has been developed during the
last decade, the origin of ideas related to it can actually be traced back to around the
1960s, just when also the Digital Era began. Figure 1.1 shows significant events dur-
ing these years that contributed to the formation of Cloud computing as we know it
today5.
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Figure 1.1.. History of Cloud computing5

In fact, one of the core ideas of Cloud computing (i.e., multi-tenancy) can be directly
mapped to the idea of time-sharing proposed in the early 1960’s, in which a computing
resource can be shared among many users at the same time. With time-sharing acting as
the foundation of Cloud computing, a chain of events (such as the invention of Internet
and World Wide Web) led to first generation Cloud in around 2005, where centralised
infrastructures in datacentres are utilized to host a lot of compute and storage resources.
In this period of time, Amazon was the first one launching its first public cloud services6.
After that, we observe a cataclysm of events taking place, leading to the second (2012-
2017) and next (2017-today) generation of Cloud, where Clouds are becoming extremely
heterogeneous (introduction of GPU/FPGA/TPU accelerators as services in the Cloud),
applications are shifting from traditional monoliths to microservices or standalone func-
tions, the paradigm of the IoT-to-edge-to-Cloud computing continuum is introduced and
many others.

5History of the cloud
6Amazon Web Services Launches

2

https://www.bcs.org/articles-opinion-and-research/history-of-the-cloud/
https://press.aboutamazon.com/news-releases/news-release-details/amazon-web-services-launches-amazon-s3-simple-storage-service
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Figure 1.2.. Worldwide market size of Cloud computing

As expected, Cloud computing has formed and still does a vital pillar in the context
of digital transformation, as it allowed stakeholders to quickly digitize their business,
without the need to make large upfront investments in hardware and to spend a large
amount of time managing this hardware. The rapid adoption of this new paradigm is
evident and highlighted by recent market reports. In fact, as shown in Figure 1.2a,
over the last 10 years, the size of the cloud computing market has increased more than
600%7 and was valued at USD 368.97 billion in 2021, while, as shown in Figure 1.2b, is
anticipated to expand at a compound annual growth rate (CAGR) of 15.7% from 2022 to
20308. On top of that, this development is fueled by the equivalent explosive growth of
kin fields, such as the Internet of Things (approximately 80 billion connected devices by
20259) and Machine Learning (expected to grow from USD 21.17 billion in 2022 to USD
209.91 billion by 2029, at a CAGR of 38.8%10), which rely on Cloud backend for data
offloading, processing and analysis [21–23], thus further increasing the density of demand
for Cloud services.

7Size of the cloud computing and hosting market market worldwide from 2010 to 2020
8Cloud Computing Market Size, Share & Trends Analysis Report
9IoT platforms: enabling the Internet of Things

10Machine Learning (ML) Market Size, Share & COVID-19 Impact Analysis

3
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1.2. Improving capacity of Cloud infrastructures

Hyperscale datacenters, with their huge processing and storage capacity, form today’s
de-facto processing backbone engine in the cloud, that transforms the ever increasing
diversity and amount of data into value for numerous applications. Despite their domi-
nance, datacenter infrastructures pose a plethora of open issues. Capacity and Scalability
form two of the most challenging problems within datacenter facilities. Capacity refers
to the total amount of applications that can be hosted by a single server (or DC in
general), whereas scalability refers to the ability of a datacenter to increase or decrease
resources as needed to meet changing request. For example, nowadays, it is common
for specific applications, such as search engines and social networks, to serve millions of
people11,12. To enable this explosive growth, providers have to expand and scale their
compute capacity accordingly. Increasing the scale of datacenter can be realized in two
ways: i) by reducing the cost expenses of commodity hardware and, thus, being able to
host more machines with the same operational expenses (OPEX) or ii) by increasing its
resource efficiency and, thus, being able to host more application on the same number of
machines.

Cost efficiency has been traditionally achieved by the replacement of specialized machines
with cheap, commodity hardware, which can be easily replaced, replicated and scaled ac-
cording to the operator’s needs 13. A governing principle of commodity computing is
that it is preferable to have more low-performance, low-cost hardware working in parallel
(scalar computing) than to have fewer high-performance, high-cost hardware items, thus
increasing the overall performance per dollar of the underlying infrastructure14. However,
as the majority of datacenters have already transitioned to the replacement of specialized
with commodity servers, this workaround is reaching an expiration point, thus ending
up to be incapable of providing further advantages. Consequently, to maintain scala-
bility, operators have either to build more datacenters, or depend on microprocessors
manufacturers to deliver chips with higher performance. However, even such solutions
are not viable, with the former requiring huge capital expenditures (CAPEX), long pro-
duction periods [24, 25] and are soon to be restricted by environmental laws15 and the
latter being confined by the design limitations of modern integrated circuits, such as
the end of Dennard scaling [26] and the projected expiration of Moore’s Law [27] by
202516.

11Google - Statistics & Facts
12Number of monthly active Facebook users worldwide as of 1st quarter 2022
13How to understand the rise of commodity servers in the Cloud
14Google data centers
15Reading the runes: EU data center regulations are coming sooner than you think
16After Moore’s Law
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On the other hand, resource efficiency can be achieved by making better use of the
resources inside the datacenter’s facilities. Since datacenter infrastructures are very ex-
pensive to build and operate, providers have a strong incentive to optimize their use [28].
Moreover, improving the resource efficiency of a datacenter also helps in reducing the
power usage effectiveness (PUE), which forms a top priority of modern cloud opera-
tors17. Nevertheless, with the tremendous complexity introduced in modern datacenters,
operating such infrastructures in an efficient manner is extremely challenging. This com-
plexity originates from various elements that operators have to deal with, both from a
HW/SW as well as supply/demand standpoint. A typical example is the conflicting re-
quirements between operators and end-users, where the latter demand their workloads
to be given enough resources to achieve high Quality-of-Service (QoS), such as low la-
tency and high throughput for user-facing services or quick analytics execution times
and the former anticipate high resource use in order to accommodate as many tasks as
feasible with a certain set of resources. While better resource efficiency can be achieved
by applying optimizations on many levels of the stack (from system to cluster to applica-
tion level), state-of-the-art resource management frameworks are not able to handle the
complexity of modern Cloud infrastructures. As a consequence, datacenters operate at
high underutilization levels as operators tend to sacrifice computational power for better
performance [29,30].

To overcome the issue of underutilization, several workarounds have been proposed in the
past, such as consumption-based pricing [31,32] targeting over-provisioning issues, server-
less architectures [33,34] targeting the issue of idle reserved resources, and others. Besides
that, the multi-tenant architecture (also known as multi-tenancy) has been a core idea
to enhance resource efficiency. In a multi-tenant environment, different users are sharing
the same computing resources, thus, increasing the overall utilization of the underlying
infrastructure. Each tenant’s data and workloads remain isolated (mainly through virtu-
alization mechanisms [35,36]), even if they happen to run on the same physical machine
or group of machines. While multi-tenancy offers reduced costs for operators, greater
flexibility and increased efficiency, it also introduces performance loss due to interference
in shared resources of the system. Interference can exist in multiple levels of the under-
lying hardware, including CPU, caches, memory bus, storage and network [37–40]. In
fact, prior work has shown that interference-unaware schedulers can introduce up to two
times less performance for certain workloads [41].

Going one step further, a proposed prominent solution, that has appeared lately in the
foreground, for mitigating interference and enabling more fine-grained organization of re-
sources within datacenters is completely reconsidering the design of datacenters and shift-
ing towards a novel computing paradigm, known as hardware disaggregation [1,42–44]. In

17Google Datacenters - Efficiency
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a disaggregated data center, CPU, memory, and storage are independent resource blades
that are joined by a network fabric, as opposed to the monolithic server method that
datacenters are currently using. As a result, datacenters of the future aim to have more
flexibility and gains in terms of utilization efficiency and energy consumption. However,
despite its clear benefits, the evolution of the underlying physical hardware introduces sev-
eral new challenges, e.g., accesses through fabric can result in higher memory latency [1],
identifying the right type of resource to allocate and others.

From the above, it is evident that even though many solutions have been proposed for im-
proving scalability and resource efficiency within datacenter infrastructures, there is still
a lot of space for improvement. Satisfying the contradicting requirements of operators
and end-users, as well as determining the level (or levels) at which an optimization should
be applied, forms a many-objective optimization problem, which is extremely difficult to
solve. If we also consider the introduction of novel architectures (w.r.t. both hardware
and software) the complexity explodes. Modern resource management frameworks of top
cloud providers and datacenter owners (e.g., Google, Facebook, Azure) used to, or even
still, rely on naive scheduling policies and/or static policies to increase the resource effi-
ciency of their infrastructures [45–53], which, however have several shortcomings. First,
they’re fine-tuned offline using a small number of benchmark workloads as representatives.
Threshold-based policies, for example, often involve hand-tuned thresholds that must be
applied for a wide range of workloads [54]. Second, static policies often necessitate reactive
responses, which can result in unnecessary costs and customer harm. Consider a com-
monly used policy for scheduling containers into servers, such as best fit18. It’s possible
that some co-located containers will interfere with each other’s use of resources (for ex-
ample, shared cache space), requiring (reactive) re-allocation of resources or even live mi-
grations, which is costly and can result in service downtime.

Concluding, even though accurate and fast performance estimation is a necessity for
Cloud system optimization, conventional heuristic-based designs can not guarantee scal-
ability and optimality, especially in the case of the increasingly complicated datacenter
infrastructures. As such, it seems natural to move towards more automated and powerful
methodologies for computer architecture and system design.

18A Brief Analysis on the Implementation of the Kubernetes Scheduler
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1.3. Towards ML-driven Cloud resource management

Today, Machine Learning (ML) and Artificial Intelligence (AI) have an impact on almost
every element of the globe. ML is being adopted by businesses, small and large on a mas-
sive scale and is a huge enabler for analyzing and leveraging insights from huge amounts
of data19. In this direction, lately we notice signs of the application of ML to computer
architecture and systems, which encompasses two meanings: i) the reduction of burdens
on human experts designing systems manually to improve designers’ productivity, and ii)
the closing of the positive feedback loop, i.e., architecture/systems for ML and simultane-
ously ML for architecture/systems, forming a virtuous cycle to encourage improvements
on both sides [55].

In the context of Cloud computing, automated ML-driven systems are paving the way
for more efficient datacenters. With the adoption of ML techniques, operators are able
to process, analyze, gain insights and identify correlations within a huge pool of gathered
monitored data, which would be impossible solely through human reasoning. In fact,
for public cloud providers AI and ML are already part of their datacenter deployment
and operations. For example, Google previously explained how it employs DeepMind AI
for cooling and how it was able to reduce Power Usage Effectiveness (PUE) by 15% by
automating the management of variables such as fans, cooling systems, and windows20.
Deepmind was also employed by the corporation to predict wind turbine output up to 36
hours ahead of time, which it used to forecast electricity needs for its facilities connected to
wind farms21. Moreover, latest efforts regarding efficient resource allocation within data-
centers are shifting towards the adoption of ML techniques either as prediction tools or as
integrated components for resource management [28,56–59]

While ML/AI is a prominent solution for delivering more efficient datacenters, it is cur-
rently unclear what is the best way to integrate ML into cloud resource management.
Prior techniques, in fact, vary in a number of ways. For example, as mentioned before,
in some circumstances, ML is highly connected with the resource management in certain
circumstances, but it is completely distinct in others [28]. Towards this direction, more
research is required in order to understand how, where and when to employ ML techniques
for improving resource efficiency in Cloud systems.

1951 Machine Learning Statistics to Get You Thinking
20Google uses DeepMind AI to cut data center PUE by 15%
21Google’s DeepMind uses AI to predict wind farm output
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1.4. Ph.D. Thesis Scope & Contributions

The scope of this thesis is to examine the applicability of deep learning techniques for
improving resource efficiency in Cloud infrastructures. While resource efficiency of dat-
acenters can be improved through several components of the underlying hardware and
software infrastructure, in this dissertation we give special focus on optimizing the re-
source allocation and application scheduling in Cloud systems. Given the strong perfor-
mance relationship between hardware and software, we base our deep learning models on
hardware oriented performance counters, thus aiming to project low-level events to higher
level metrics of interest. Specifically, the principles that guided our research activities are
the following:

1. Given the close relationship between hardware and software, modern Cloud sys-
tems should make orchestration decisions taking into consideration the dynamics
of both the application and the underlying system. In this direction, we believe
that low-level performance events can provide extremely useful insights regarding
performance bottlenecks of Cloud systems.

2. We argue that the complexity of modern Cloud systems is enormous, thus, forming
naive scheduling/monitoring solutions incapable of handling efficiently this deluge
of available data and optimization knobs. In this direction, we examine the efficacy
of machine learning and artificial intelligence in several aspects and optimization
layers of the cloud domain.

We examine both these principles on different problems in the field of cloud computing,
ranging from application-specific up to system-level optimizations. Figure 1.3 presents,
in an abstract manner, a high-level overview of the positioning of the contributions of this
thesis with respect to the different optimization layers described in Section 2.1.4.

Overall, the major contributions of this thesis are threefold:

• Rusty: A novel sophisticated monitoring solution for cloud infrastructures. Rusty
leverages Long Short-Term Memory (LSTM) networks to enable fast and accu-
rate resource and energy consumption predictions of systems under interference.
Through Rusty, our ambition is to establish predictive monitoring as the de-facto
solution for cloud monitoring, aiming to adopt it for guiding proactive resource
allocation mechanisms.

• Adrias: A monitoring and orchestration framework for memory disaggregated sys-
tems. Adrias continuously monitors the underlying system and gathers application-

8
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Figure 1.3.. Schematic overview of the contributions of this thesis.

and system- wide performance events. By leveraging deep learning approaches,
Adrias utilizes the monitoring information to dynamically place incoming applica-
tions on memory disaggregated cloud systems.

• Sparkle: A deep learning driven parameter autotuning framework for Spark appli-
cations. Sparkle leverages a modular DNN architecture along with low-level perfor-
mance monitoring events and expands to the entire Spark parameter configuration
space, thus, completeley eliminating the need for human and/or statistical reason-
ing in the loop. By employing a genetic optimization approach, Sparkle quickly
traverses the parameter design space and identifies optimized Spark configurations.

Besides its major contributions, this thesis also examines four additional problems, i.e., i)
application placement on heterogeneous Cloud systems, with focus given on cost-efficient
deployments on clusters consisting of CPU, FPGA and GPU devices, ii) resource-aware
workload deployment on Kubernetes clusters equipped with GPU accelerators, iii) em-
ployment of Natural Language Processing (NLP) techniques for modeling performance of
GPU accelerated applications and iv) DNN partitioning and offloading in heterogeneous
edge computing environments.

In the following subsections, we highlight the major contributions of this thesis and
explain how these contributions extend prior state-of-the-art approaches and limitations,
as described later in Section 3.

9
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1.4.1. Rusty (Chapter 4)
Addressed problem: Lack of interference-aware and predictive performance monitoring
frameworks to drive proactive scheduling decisions.

Multi-tenancy forms the de-facto deployment model of modern Cloud systems. Despite
its benefits, multi-tenancy leads to interference in shared resources of a system, thus
damaging performance of applications. As a result, modern schedulers should be able
to dynamically predict per application needs, to perform optimized online resource al-
location decisions. While prior research have proposed several monitoring solutions for
identifying interference effects that lead to performance degradation, they do so either
by i) analyzing high-level metrics of interest, e.g. applications’ CPU/Memory utilization
and logs [60, 61], ii) investigating each shared resource seperately in a random-like man-
ner [40], or iii) by pausing the execution of running applications and injecting synthetic
microbenchmarks for root cause analysis [38, 62]. In order to tackle these inefficiencies,
we propose Rusty.

Rusty extends prior by:

• Designing a non-intermittent monitoring solution for Cloud server systems;

• Delivering an extensive, interference-aware analysis, showing the variation of per-
formance events under different interference effects;

• Presenting an in-depth insights regarding the parameters that affect the accuracy
and complexity of the its predictive model.

• Providing extremely accurate predictions of hardware performance metrics under
interference;

• Imposing minimal performance overhead over running applications on the system.

1.4.2. Adrias (Chapter 5)
Addressed problem: Absence of resource management frameworks for memory disag-
gregated Cloud systems.

Hardware disaggregation is the next big step for efficient and fine-grained management
of Cloud infrastructures. While the problem of resource orchestration and application
scheduling has been extensively examined in the context of traditional Cloud infrastruc-
tures [41, 63, 64], to the best of our knowledge, no prior work has examined its aspect

10
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on disaggregated infrastructures. In such composable infrastructures, resource allocation
frameworks should be able to take cognitive decisions regarding the the type and topology
of resources to be used.

In order to tackle these aspects, we propose Adrias.

Adrias extends prior art by:

• Performing an extensive analysis on the impact of memory disaggregation on state-
of-the-art in-memory applications;

• Delivering a set of deep-learning based performance models for applications de-
ployed on top of memory disaggregated Cloud systems;

• Developing a resource orchestration framework responsible for placing applications
on memory disaggregated systems with minimal performance overhead.

1.4.3. Sparkle (Chapter 6)
Addressed problem: Inadequate approaches for performance prediction of Spark appli-
cations, which rely on human-in-the-loop or statistical approaches to identify importance
of Spark parameters and follow application-specific performance modeling.

With businesses generating big-data at a rapid pace, analyzing the data to leverage mean-
ingful insights is essential. Apache Spark forms the de-facto big-data analytics framework,
as its in-memory processing architecture provides enhanced performance improvements
compared to its predecessor Hadoop. Spark provides over 150 parameters that can be con-
figured to alter several aspects of the runtime engine, for further increasing performance.
However, manually tuning these parameters is extremely challenging and requires deep
knowledge and understanding of the Spark engine. While previous research works have
proposed automated frameworks to model performance of Spark applications w.r.t. differ-
ent configurations, they typically consider only a subset of Spark parameter space [4,6,7]
and also rely on application-specific modeling [4, 6], thus, requiring extensive profiling
for each new application deployed on the cluster. To overcome these inefficiencies, we
propose Sparkle.

Sparkle extends prior art by:

• Providing an in-depth analysis on the impact of all performance-related, tunable
Spark parameters found under Spark v3 on different applications and dataset sizes;

11
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• Considering the entire Spark configuration space for modeling performance, hence,
not relying to statistical or human reasoning for identifying the importance Spark
parameters;

• Delivering a hybrid DNN architecture to exploit both application- and configuration
parameter-related characteristics, thus, being able to provide accurate performance
predictions of Spark deployments using a single, universal model.

1.5. Thesis Organization

The rest of this thesis is organized as follows:

• Chapter 2 provides a brief background on Cloud computing, reviews the related
state-of-the-art research works and pinpoints their limitations. It also presents the
positioning of this thesis in the context of Cloud computing and summarizes its
major contributions.

• Chapter 4 presents Rusty, a predictive and interference-aware monitoring framework
for Cloud systems that leverages Long Short-Term Memory networks for forecasting
system events in multi-tenant systems.

• Chapter 5 presents Adrias, a monitoring and orchestration framework that leverages
deep learning techniques for placing applications in memory-disaggregated Cloud
systems.

• Chapter 6 presents Sparkle, an end-to-end, deep-learning driven, parameter auto-
tuning framework for high-dimensional Spark in-memory analytics

• Chapter 7 concludes this thesis by summarizing the presented results and discusses
the future extensions of this work.

• Appendix A provides an analysis for cost-effective acceleration for Cloud healthcare
analytics, based on the work done in the EU H2020 project AEGLE.

• Appendix B examines the problem of resource-aware scheduling of machine learning
inference engines on GPU-enabled Kubernetes infrastructures.

• Appendix C explores the application of natural language processing (NLP) tech-
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niques for automatic frature extraction and performance prediction of CUDA-
accelerated GPU kernels.

• Appendix D presents a partitioning and offloading framework for DNN inference at
the edge/cloud computing continuum.
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Chapter 2.

Background on Cloud Computing

In this chapter, we give a brief background on Cloud computing, as well as pinpoint
the major challenges that arise inside data-center environments regarding the efficient
management of computing resources.

2.1. Background on Cloud computing

Over the last years, the number and size of Cloud infrastructures have experienced a rapid
increment [24]. This expansion originates from the fact that more and more stakeholders
from different and diverse domains, including but not limited to, healthcare [65], auto-
motive [66] and agriculture [67], are embracing Cloud computing as their de-facto model
for application execution. Overall, Cloud computing offers many benefits to adopters,
with the most important being:

• Resource flexibility: Users can upscale or downscale the capacity of their computing
resources on demand, to fit their need, support growth and handle busy periods.

• Efficiency and Performance: Users can get applications to market quickly, without
worrying about underlying infrastructure management and maintenance, while also
taking advantage of high performance, constantly upgraded computing resources,
as well as guaranteed service uptimes, through Service-Level-Agreements (SLAs)
provided by cloud operators.

• Cost Reduction: Users can reduce the total expenses of their company by leveraging
pay-as-you-go schemes, while also eliminate upfront costs for hardware and software
purchases (CAPEX) and operational costs in terms of energy consumption, cooling
and server maintenance (OPEX).

15
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Figure 2.1.. Abstract overview of a conventional datacenter HW/SW infrastructure
architecture

Typically, public Cloud services are hosted inside datacenter (DC) infrastructures, which,
in turn, house all the required hardware resources to run these services. At its simplest, a
datacenter is a physical structure that cloud providers utilize to host their services, deploy
end-users’ applications and store data. The design of a datacenter is built on a network of
computer and storage resources that allow the delivery of shared applications and data.
Routers, switches, firewalls, storage systems, servers, and application-delivery controllers
are all important components of the design of a datacenter. Figure 2.1 shows a high-
level overview of a conventional datacenter’s architecture, also depicting in an abstract
manner the interrelationship between users’ requests, cluster’s management components
and hardware infrastructure.
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2.1.1. Inside a datacenter’s hardware architecture

From a hardware perspective, data-centers typically consist of thousands of server racks,
each of which hosts a number of physical servers. As shown in Fig. 2.1, servers and racks
are usually inter-connected using multi-level routers and network switches [68]. Lately,
we observe a dramatic change in the composition of cloud servers inside datacenters1.
Traditionally homogeneous cloud systems are gradually changing to heterogeneous de-
signs, either through special purpose chips, such as Google’s TPUs2, or reconfigurable
fabrics, such as Microsoft’s Catapult [69] and Brainwave initiatives [70]. This leads to
physical servers presenting extreme heterogeneity in terms of their computing resources,
e.g., storage, memory type, equipped accelerators, CPU and others [41, 71]. This hard-
ware diversity is also evident by taking a closer look to the solutions offered by public
cloud providers, such as Amazon Web Services (AWS), Google Cloud Platform (GCP),
IBM Cloud, Microsoft Azure and others. For example, AWS [72] offers more than 50
different virtualized and/or baremetal instance types, where each instance type includes
one or more instance sizes, allowing you to scale your resources to the requirements of
your target workload 3.

This heterogeneity is a result of several reasons, some of which being:

1. The relationship between applications (SW) and server’s configuration (HW): Prior
research works have shown that different applications might perform more efficiently
on specific CPU architectures and/or different server’s composition [41, 62, 73–76].
This is also evident by introspecting AWS’s instance types, which are optimized to
fit different use cases (e.g., compute/memory/storage optimized).

2. Hardware-specific requirements of applications: Modern applications present dif-
ferent demands regarding specialized hardware . For example the rise of the ML
and AI domains has pushed DC operators to populate their facilities with hetero-
geneous GPU accelerators [23, 77, 78]. Another example is modern database ap-
plications, which are shifting towards the use of persistent memory solutions (e.g.,
Intel® OptaneTM), which store data in system’s memory, plugging directly into the
high-speed, low-latency memory bus [79–81].

3. Constant upgrades of DC’s infrastructure: As a result of the previous points, dat-
acenter providers are gradually replacing the hardware resources of their infras-
tructure, in order to keep up with the latest advancements in hardware technol-

1The Increasing Heterogeneity of Cloud Hardware and What It Means for Systems
2Google Cloud Platform - Cloud Tensor Processing Units (TPUs)
3https://aws.amazon.com/ec2/instance-types/
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ogy innovation and keep up with the demanding requirements of modern applica-
tions [24,73,82]. Therefore, a DC can accommodate several different generations of
servers, accelerators, memory technologies and others [41].

2.1.2. Hosted applications

Today’s cloud providers are called to handle and execute a diverse set of applications, such
as data analytics, web streaming, web searching, scientific simulations and others [83–87],
while also accounting for delivering performance- and cost-efficient solutions. Typically,
these applications are divided in two main categories [41,88–91]:

• Best-effort (BE) applications: These are basically batch workloads [2, 92, 93]
that are not accompanied by strict performance requirements and aim to maxi-
mize their computational throughput. Typical examples are stock analytics that
are executed once at the end of each day [94], scientific workloads such as genomics
sequence analytics [95–97], training of machine learning and deep learning work-
loads [98,99], video analytics [100,101] and others.

• Latency-critical (LC) applications: These are user-interactive services, with
some examples being web search applications [102], mailing services [103], interac-
tive key-value stores [104] and memory object caching systems [105]. These online
services most of the times are coupled with strict latency/response time Quality-of-
Service (QoS) constraints expressed in the form of tail latency [106,107], or specific
Service-Level-Agreements (SLAs) for ensuring uptime of the deployed services 4.

2.1.3. Datacenter monitoring

Datacenter Monitoring forms a top priority feature of modern cloud services and in-
frastructures, as it allows to evaluate the status and performance of the underlying in-
frastructure and applications on a modular level [108, 109]. Proper monitoring of the
whole hierarchy, from application up to system level, is essential to provide insights re-
garding both the performance of running applications and the load that the cluster’s
nodes experience, as well as identify possible bottlenecks or failed knobs [61, 110]. Dat-
acenter monitoring can be implemented at various levels, with the most common ones
being:

4Amazon Compute Service Level Agreement
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• Internal Environment Monitoring: The datacenter should include enough sen-
sors to detect room temperature, humidity, and other environmental factors, which
heavily affect the performance of the underlying hardware infrastructure [111–113].

• Hardware Monitoring: Monitoring data regarding energy usage, network band-
width and speed, storage hardware performance, backup and disaster recovery hard-
ware maintenance, and so on must be collected on a regular basis. These aspects
must never be overlooked and must be checked on periodically to ensure a proper
functionality.

• Application Monitoring: Application monitoring is the practice of analyzing an
application’s performance, availability, and user experience in order to detect and
remedy problems before they affect end-users. Because of the dynamic nature of
today’s hybrid cloud and cloud native settings, application monitoring is tough.
To provide total visibility into application performance, the most effective modern
systems combine whole stack monitoring from the front-end, user experience, to the
back-end infrastructure [61,109,110,114,115].

2.1.4. Datacenter’s mechanisms for resource orchestration

Datacenters host several software components, responsible for performing various activi-
ties regarding the management and operation of the underlying infrastructure and appli-
cations, including but not limited to orchestration of computing resources [51, 116–119],
fault tolerance [120–122], security [123–125] and reliability [68, 126]. In this thesis, we
focus on the topic of efficient orchestration with respect to computing resources. Within
cloud clusters, resource orchestration is performed in a multi-level manner, i.e., by apply-
ing application-level, cluster-level and system-level optimizations [51]. Figure 2.2 shows
a simplified, abstract overview of the orchestration procedure, which consists of three
separate components,briefly explained below:

⇒ The Application Optimizer ( 1 ): The purpose of this component is to optimize the
deployed application itself in order to be executed more efficiently on the underlying in-
frastructure. Commonly applications deployed on a Cloud infrastructure are unknown to
providers, since end-users can arbitrarily deploy anything to the cluster. However, the lat-
est shift towards the Everything-as-a-Service (XaaS) paradigm (e.g., MLaaS5 and FaaS6),
allow Cloud operators to have more fine-grained perception over the workloads running
on their infrastructure, which, in turn, allows them to perform specific application-driven

5Amazon Comprehend, Amazon Translate, Google Dialogflow
6AWS Lambda, Azure Functions, GCP Serverless
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Figure 2.2.. Resource orchestration and optimization flow within a Cloud cluster.

optimizations.
Optimization and fine-tuning (also referred to as autotuning) of deployed applications
can be applied on multiple layers, i.e., i) code-explicit, e.g., parallelization, loop or-
ganization, memory structures and allocation policies, approximation techniques etc.
[127–132], ii) code-implicit, i.e. compiler-level tuning, application’s hyperparameter
tuning [6, 7, 133, 134], iii) heterogeneous code mappings, e.g. CPU vs. GPU vs. FP-
GAs [8, 135] and others. Source-code level optimization can be achieved by combining
information regarding the execution characteristics of the application itself (e.g., memory
access pattern) and the underlying hardware (e.g., cache size). This merge of informa-
tion allows providers to co-design applications with respect to both HW and SW, thus,
delivering solutions tailored to the specifications of the underlying system [8, 127–129].
Moreover, the intrinsic properties (e.g., error resiliency) combined with the predefined key
performance indicators (e.g., accuracy percentage of an ML model) of deployed applica-
tions may allow for further optimizations, such as employment of approximate computing
techniques [130, 136–138], or even enable user-agnostic deployments [139, 140]. Last, a
great amount of modern Cloud applications are built over open-source frameworks, which
expose a plethora of tuning parameters. Spark [93], Hadoop [141], Pytorch [142] and Ten-
sorflow [143] form representative examples of such frameworks, on top of which end-users
develop and deploy big data analytics and machine learning applications. These frame-
works offer numerous and complex parameters that control the configuration of the their
backend and which can be tuned to enhance performance of applications deployed over
them [6,144–149].

⇒ The Cluster Manager ( 2 ): The main goal of the cluster manager is to allocate re-
sources and schedule incoming applications on the underlying shared infrastructure. Clus-
ter managers may also be responsible for other operations, e.g., performing virtual ma-
chine/application migration [150, 151], scaling applications horizontally [152, 153] and
others, which, however, are out of the scope of this thesis. The resource allocation pro-
cess consists of two steps: i) discover the resource requirements of the deployed application
and ii) determine the most appropriate set of resources to allocate, so that the resource
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requirements of the application are satisfied and the resource efficiency of the cluster is
maximized. Appreciating the resource requirements of an application can be either done
by the end-users [29, 154, 155], i.e., application developers measure, specify and reserve
exclusively the necessary resources for their application to run properly on specific hard-
ware, or by the cloud operators, i.e., the cluster manager should estimate the required
resources of potentially unknown applications deployed on the cluster [41,116,156].
In this level, the optimization process can be twofold. First, accurate estimation of
the required resources of an application (resource sizing) is critical, otherwise over- and
under-provisioning issues may arise, which, in turn, affect the resource efficiency of the
datacenter [29, 30] and the performance of applications [157, 158] respectively. Second,
the cluster manager should be able to also determine the most appropriate node (resource
type) to deploy the application among the various, heterogeneous servers hosted on the
datacenter, while also eliminating the interference effects between applications due to
multi-tenant colocation [38,41,64,73,159,160].

⇒ The Resource Tuner ( 3 ): Finally, the purpose of the resource tuner is to regulate the
allocated resources of applications and/or alternate the server’s configuration at runtime,
in order to face performance issues due to the unpredictable and dynamic behavior of
modern applications. This unpredictability and variability in the performance of appli-
cations is a result of multiple factors, including but not limited to i) the different phases
that applications experience throughout their lifetime [161,162,162–164], ii) the varying
load of interactive web services during the day [30,40,41,88,165] and iii) interference due
to sharing of resources: Applications deployed on a DC continuously contend for shared
resources both in the local host (e.g., CPU cores, processor caches, memory bandwidth,
and network bandwidth), as well as for global resources (e.g., network switches and shared
file systems) which can lead to severe performance degradation [38,41,106,166]. Thus, the
resource tuner should be able to determine such irregular patterns and regulate allocated
resources accordingly. Usually, as shown in Fig. 2.2 the resource tuner is implemented
as a closed loop system with the application and server monitoring components, where
the resource re-allocation is performed in a feedback-based manner, with respect to the
historical monitoring data gathered.

2.1.5. Realizing datacenters of the future

As mentioned in Section 2.1.1, traditional datacenters have a relatively static computing
architecture, consisting of a number of servers, each with a fixed number of CPUs and
RAM and with potentially different types of hardware accelerators. Datacenter operators
have used this monolithic server model for years, however, as the variety of hosted applica-
tions, the hardware heterogeneity and the adoption of cloud computing increase, so does
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Figure 2.3.. Overview of a Disaggregated and Hyper-disaggregated datacenter’s
architecture

the complexity of operating efficiently such an infrastructure 7. Typical reasons, among
others, are the limited resource utilization of modern infrastructures, the difficulty of in-
tegrating new HW devices and the handling of HW failures.

Towards realizing infrastructures of scale, datacenter operators are moving towards a
new computing paradigm, referenced in the literature as hardware resource disaggrega-
tion [42, 44] or composable hardware infrastructures [167, 168]. Figure 2.3 shows a sim-
plified overview of the hardware disaggregation concept. As shown in Fig. 2.3a, in a
hardware disaggregated system, there is a transformation of general-purpose monolithic
servers into network-attached resource pools that may be constructed, managed, and
scaled separately. Similar to conventional datacenters (Fig. 2.1), servers are organized
inside racks, which, however, are resource-specific (e.g., storage, memory, etc.). Each
server on the rack combines a pile of a particular set of resources with CPUs to manage
them and Network Interface Cards (NICs) to communicate with other resources on the
cluster. Still, the existence of CPUs and NICs in the critical path of the computation
and communication weakens the performance and cost efficiency of the resources laying
behind them. The ultimate goal for datacenter operators is the development of Fungi-
ble Datacenters8, as shown in Fig. 2.3b. Fungible DCs aim to completely eliminate the
presence of CPUs and NICs in the loop, by introducing a novel class of microprocessors
called Data Processing Units (DPUs) [169]. This architecture employs a tightly inte-

7Datacenter Resource Disaggregation
8Scale-Out Data Centers: The Best is Yet to Come
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grated SW and HW co-optimization and envisions to confront the limitations of typical
disaggregated systems.
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Chapter 3.

Review of State-of-the-Art Challenges and
Limitations

Despite its overwhelmingly positive impact, the rise of cloud computing has undoubtedly
created many new challenges for the development and operations of applications. Mod-
ern datacenter infrastructure providers face a plethora of challenges, both regarding their
operation per se, e.g., infrastructure cooling [170], network interconnection and manage-
ment [171], power management [172], resource utilization optimization [29,30], as well as
more general ones, e.g., global environmental concerns and sustainability issues1, supply
chain disruptions2, just to name a few. While all of these challenges are of utmost im-
portance for the efficient management of datacenter infrastructures, in this thesis we give
special focus on the topic of resource orchestration, i.e., we examine methods to optimize
the resource efficiency of such systems.

3.1. Efficient and fine-grained monitoring

As mentioned in Section 2.1.3, datacenters introduce several monitoring layers, both re-
garding the infrastructure itself (e.g., temperature monitoring) as well as the performance
of the cluster and of the running applications. We give special focus on the latter part,
with special emphasis given on system monitoring.

Cloud monitoring is critical for both providers and consumers [109]. On the one hand, it
is an important tool for controlling and managing hardware and software infrastructures;
on the other hand, it provides data and Key Performance Indicators (KPIs) for both
platforms and applications. The continuous monitoring of the deployed applications

1Data Center Operators Vie for Leverage as Europe Eyes Efficiency Rules
2The End Of The Semiconductor Supply Chain In The Auto Sector As We Know It
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and the underlying hardware infrastructure provides information to both providers and
consumers about the workload generated by the latter and the performance and QoS
provided by the former, as well as guides resource and other management activities within
the datacenter. Resource management activities typically imply two fundamental steps:
i) monitoring, that keeps track of hardware and software performance metrics; and ii)
data analysis, that processes such metrics to infer system or application states for resource
provisioning and many other activities [173]. While prior scientific research has pinpointed
the fact that fine-grained monitoring can provide useful knowledge regarding the behavior
of running applications [174] and, thus, guide more efficiently scheduling decisions, state-
of-the-art orchestration frameworks, such as Kubernetes [175] and Mesos [119], still rely
on naive metrics to place applications on the pool of available resources. To tackle
these challenges, a wide range of solutions have been proposed both from academia and
industry.

From an industrial point of view, we observe that top cloud providers provide their own
solutions regarding monitoring of both the underlying infrastructure and the applications
deployed on the cloud premises. For example, Amazon Web Services [72] provides Ama-
zon CloudWatch and Amazon CodeGuru [176], which are specialized solutions that apply
machine learning models to identify anomalous application behavior and proactively sur-
face critical issues before they cause outages or service disruptions. Moreover, AWS
X-Ray performs distributed tracing across multiple applications and systems to identify
n identify and troubleshoot the root-causes of performance issues and errors. Similar to
the above, Azure Cloud [177], Google Cloud Platform (GCP) [178] and IBM Cloud [179]
also offer their own monitoring solutions [180–182], with the intention of providing to
end-users finer observability and visibility into the performance, availability, and health
of your applications and infrastructure. Except for specific cloud vendors solutions, ser-
vices like Prometheus [183] allow for custom monitoring of running workloads, forming
a promising area for fine-grained monitoring. In addition, several innovative monitoring
solutions have raised funding in cloud industry to address the aforementioned require-
ments, focusing mainly on fast event logging at scale while also offering machine-learning
powered analytic capabilities [184–187].

From an academic perspective, several frameworks have been developed to enable logging
and fusion of micro-architectural events [188, 189] and significant research has been un-
dertaken about monitoring approaches [190]. Diagnosing performance anomalies through
monitoring data is not a new topic of interest. The proposed approaches are either reac-
tive, meaning that they detect performance anomalies after they occur, for example by
analyzing logs and runtime metrics [114,191–200] or proactive, meaning that they predict
anomalies before they take place [201–205]. Furthermore, Seer and Cloudseer [60, 206]
are academically presented advanced monitoring methods. Seer is an online cloud per-
formance debugging solution that uses deep learning techniques to discover spatial and
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temporal patterns that translate to QoS violations from huge amounts of cloud system
trace data. Cloudseer, on the other hand, uses interleaved logs to enable effective pro-
cess monitoring and identify divergences during execution. While the majority of the
aforementioned tools are able to provide valuable insights regarding the performance
of applications and the underlying hardware, they pose specific limitations. First, the
majority of prior art and monitor high-level metrics of interest (e.g., CPU/memory uti-
lization, use of applications’ logs, etc.), thus being unable to determine the impact of
each specific resource on the performance degradation of applications. While prior works
have shown that exploiting performance characteristics of a system through hardware
performance counters has been identified as a prominent step for improving the efficiency
of data centers [74, 207], there has been minimal work on how to "make profit" out of
them. Second, the majority of prior efforts either do not consider interference effect or
their supported predictive analytic capabilities are quite coarse, imposing a "intercept-
measure-and-predict" scheme to infer performance analysis logging, failing to support
continuous fine-grained monitoring, which is ideally required in modern resource alloca-
tion schemes [40,208,209].

Limitations of SotA monitoring frameworks
In short, the limitations of prior works regarding Cloud monitoring can be summa-
rized as follows:

• Inefficiency to identify root causes of performance degradation, by monitoring
mostly high-level metrics of interest.

• Intermittent techniques to identify resource interference or complete ignorance
of its impact, that forms one of the major drawbackcs of modern Cloud systems.

• Delivery of historical monitors, thus, not being able to drive proactive scheduling
decisions.

3.2. Resource orchestration and efficiency

Efficient management of Cloud computing resources has been in the center of attention
of many research and industrial groups. The spectrum of prior work covers a wide range
of optimization mechanisms applied at different layers of the orchestration hierarchy, as
described in Section 2.1.4. Moreover, much research has been conducted regarding the effi-
ciency of the disaggregated computing paradigm, described in Section 2.1.5. In the rest of
this section, we group and analyze prior art with respect to:
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• Cloud resource orchestration: We present a plethora of prior research that focus
on improving resource efficiency inside Cloud infrastructures either by optimizing
the placement of applications within the datacenter or by sizing allocated resources
according to runtime applications’ needs. We also highlight recent attempts that
tackle the problem of resource allocation in disaggregated infrastructures.

• Application-level optimizations: Special focus is given on works that optimize ap-
plications running on top of Apache Spark [93], an analytics engine for large-scale
data processing.

3.2.1. Cloud resource orchestration

Efficient management of Cloud resources forms a really challenging problem, typically
due to the multiple conflicting objectives that have to be satisfied simultaneously. In this
direction, a plethora of works have tackled the problem of VM placement and/or mi-
gration inside Cloud infrastructures [210–216], which however is out of the scope of this
thesis. Regarding resource efficiency of multi-tenant infrastructures, much research has
been conducted in the past. Predicting and controlling performance degradation of work-
loads executing under interference has been in the center of attention of many research
groups, either by scheduling workloads arriving on a cluster [38, 41, 51, 62, 64, 73, 88, 160,
166, 209, 217–221], or by regulating resource occupation by workloads throughout their
execution lifetime [38,40,62,63,63,159,165,208,209,222–227] to improve per-application
performance. A significant portion of these approaches require a priori knowledge of
the target applications running on the cluster [217, 222, 224, 228, 229] or are application-
specific [64, 146], thus making them unsuitable for cases of public clouds, where un-
characterized applications might arrive. Other scientific approaches have built benchmark
warehouses that can be used to build performance models of applications [230]. However,
such static approaches do not consider the dynamic system fluctuations and thus cannot
be used for continuous resource tuning. Another considerable part detects interference
and performance degradation of applications by gradually pausing collocated workloads
in a coarse- [38, 40, 62, 231] or fine- [208] grained manner, followed by either injecting
synthetic microbenchmarks to identify resource contention or by evaluating the perfor-
mance degradation compared to the isolated execution. Those approaches effectively
predict resource interference, nevertheless, pausing of applications can lead to relentless
efficiency decline, considering that modern servers feature up to 100 cores and, thus, can
host numerous workloads simultaneously. Some recent research works focus on control-
ling and tuning workloads in a feedback-like manner, where applications are gradually
provided resources until no QoS violations are witnessed [209, 215]. Last, production
ready resource orchestrators have also been presented in the past [51, 52, 117, 221, 232],
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showcasing the need for efficient supervision of resources due to interference in shared
resources.

Lately, management of disaggregated, heterogeneous resources inside data-center facilities
is attracting more attention [233–235]. Recent research efforts focus on mechanisms that
provide dynamic disaggregated memory allocations for VMs [236–238], efficient prefetch-
ers and replacement policies [239,240] and cost/performance tradeoffs between heteroge-
neous memory pools [241]. Other scientific approaches examine the problems of applica-
tion orchestration on disaggregated memory systems [242,243] and performance modeling
[244], however they either rely on emulated prototypes [244] or totally neglect the implica-
tions of resource interference in shared resources [242,243].

Limitations of SotA Cloud resource orchestration works
In short, the limitations of prior works regarding resource orchestration of Cloud
infrastructures can be summarized as follows:

• Employment of synthetic microbenchmarks to identify sources of interference,
leading to performance degradation of running applications.

• Application of dynamic resource allocation decisions in a feedback-based manner,
thus, not being able to proactively provide for potential performance degradation
of running applications.

• Leveraging per-application performance modeling, which is a time-consuming
task and ignores the deployment of unseen applications.

• Neglect the presence of novel computing paradigms (e.g., hardware disaggrega-
tion).

3.2.2. Parameter auto-tuning for Spark in-memory analytics

As mentioned in Section 2.1.4, resource efficiency through application-specific optimiza-
tions can be achieved with various techniques. In the context of this thesis, we focus on
parameter autotuning for Spark applications.

Optimization and parameter autotuning of distributed frameworks (e.g., Hadoop [141],
Spark [245], Storm [246]) has gained a lot of attention lately, due to the huge performance
gains they can offer, when configured properly. Indeed, Spark’s official documentation
provides guidelines for tuning Spark applications [247], highlighting the importance of
proper hyperparameter configuration. While such guidelines provide detailed insights
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regarding Spark parameter tuning, they mostly rely on network and memory related
parameters, thus, neglecting the impact of the rest of the configuration space on per-
formance. Moreover, they do not provide an automated fine-tuning procedure, hence,
requiring from developers to comprehend Spark’s mechanisms in-depth, to effectively
tune their applications.

Exploiting the lack of robust tuning guidelines, many research groups have proposed
automated frameworks and/or methodologies that enable efficient deployment of big-
data analytics frameworks [248]. These approaches can be separated into three categories,
i.e., i) rule-based, ii) experiment-driven and iii) model-based tuning. Rule-based tuning
relies on experts’ knowledge to manually tune Spark parameters [249–254]. However,
experts typically consider only a few parameters, while the tuning process follows a
“trial and error" approach tailored to the investigated Spark application, thus rendering
this approach unable to scale on large configuration spaces and diverse workloads. The
second method, search-based tuning, relies on repeated executions of Spark applications
with different configuration parameters [255–260] and employs optimization algorithms to
traverse through the design space. Again, this approach is bounded by the time required
to explore the parameter configuration space, which increases exponentially with the
number of Spark parameters considered, the application’s dataset sizes examined, as well
as the configuration of the optimization algorithm itself (e.g., population size and number
of generations in a genetic algorithm [261]).

Last, model-based tuning methodologies detour the native execution of Spark applica-
tions, by replacing the actual execution with performance models in the loop, which
predict the latency of a deployed application for a given parameter configuration. A
vast amount of prior research falls into the latter category, that focus on proper param-
eter configuration of Spark deployments to maximize their performance. These works
adopt different performance modeling techniques, namely, linear prediction models [146],
simple machine learning approaches, e.g., Random Forest [147, 262, 263], Support Vec-
tor Machines [5] and Hierarchical Modeling [6] techniques, or even more sophisticated
concepts, such as ensemble learning methodologies [264], application of machine learning
algorithms for cluster-wise performance modeling [7] and optimization using deep neural
network architectures [148]. While the aforementioned works deliver accurate perfor-
mance modeling per se, they are bounded by certain design characteristics, that restrain
their prevalence in more general configuration settings.

Such design characteristics include:

• Number of Spark parameters considered: The majority of prior scientific works
consider and tune only a subset of Spark parameters, chosen either empirically
[5, 6, 149, 265] or via statistical approaches [7, 266]. Furthermore, others focus only
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Table 3.1.: Comparison between previous Spark auto-tuning approaches and Sparkle in
terms of i) number of parameters examined ii) modeling approach followed
iii) cluster size and iv) dataset size range considered

Ref. Codename Model Used #Params Perf. Model Cluster Size Dataset Size
[265] Wang et. al Decision Trees, SVM, Neural Network, Logistic Regr. 13 Per-application 3 nodes Variable
[146] Ernest Non-Negative Least Squares 1 Per-application 20 nodes Static
[5] Luo et. al Support Vector Machine 28 Per-application 4 nodes Static

[147] ACS Random Forest 29 Per-app & dataset 4 nodes Variable
[6] DAC Hierarchical Decision Trees 41 Per application 5 nodes Variable

[149] ATCS Generative Adversarial Nets 20 Per-application 2 nodes Variable
[148] ReLocag Graph Convolutional Networks 1 Cross-application 24 nodes Variable
[7] Nikitopoulou et. al Random Forest 23 Cluster-wise 1 node Variable
[4] Phronesis Random Splines, Neural Network, Random Forest 28 Per-application 4 nodes Static
- Sparkle Hybrid CNN+LSTM+FC 101 Universal 10 nodes Variable

on the optimization of the number of Spark executor instances [146, 148], com-
pletely ignoring the impact of the rest of the configuration space. However, as
discussed earlier and also shown in Chapter 6 of this thesis, such approaches are
not enduring, due to the continuous upgrade of the Spark engine itself (more pa-
rameters continuously added), the high correlation between each parameter and
the deployed application, as well as the uncertainty regarding the interrelationship
between different parameters [267].

• Application-specific performance modeling: Most proposed solutions rely on an
application-specific performance modeling approach [5, 6, 146, 149, 265], while lat-
est efforts also examine cluster-wise or cross-application techniques [7, 148]. Even
though such approaches provide accurate performance predictions, they require to
repeat the entire modeling procedure for every unobserved application or family of
applications. In most cases, this forms a very time-consuming task, since it requires
profiling of new applications for a variety of different configurations.

• Coarse-grained data size variety: Dataset scaling can significantly affect the com-
pute and I/O intensity of Spark applications [268, 269] and, consequently, their
performance. Nevertheless, a large amount of prior auto-tuning frameworks either
model performance of Spark applications for a given dataset size [4, 5], or dataset
sizes in the same order of magnitude [5, 6, 148, 265]. Yet, it is common for Spark
applications to run repeatedly in the cluster for different datasets both from a quali-
tative as well as a quantitative point of view [270,271]. Thus, properly encoding this
information in the modeling approach is crucial for maximizing prediction accuracy.

Table 3.1 summarizes the above discussion, offering an abstract qualitative comparison re-
garding the aforementioned state-of-art in Spark parameter auto-tuning.
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Chapter 4.

Deep-Learning Driven, Interference-Aware
Predictive Monitoring for Modern
Multi-Tenant Systems

Modern Cloud providers are leveraging multi-tenancy as a first class system design con-
cern. The increasing number of co-located workloads into server facilities stresses resource
availability in an unpredictable manner. To efficiently manage resources in such dynamic
environments, run-time observability and forecasting are required to capture workload sen-
sitivities under differing interference effects.
In this chapter, we present Rusty, a predictive monitoring system that leverages the power
of Long Short-Term Memory networks to enable fast and accurate runtime forecasting of
key performance metrics of cloud-native applications under interference. We evaluate
Rusty under a diverse set of interference scenarios for a plethora of representative cloud
workloads, showing that Rusty i) achieves extremely high prediction accuracy, average R2

value of 0.98, ii) enables very deep prediction horizons retaining high accuracy, e.g. R2 of
around 0.99 for a horizon of 1 sec ahead and around 0.94 for an horizon of 5 sec ahead,
while iii) satisfying, at the same time, the strict latency constraints required to make Rusty
practical for continuous predictive monitoring at runtime.
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4.1. Introduction

Over the last few years, the number of workloads executed on the Cloud has increased
rapidly and is expected to grow more in the future [272]. The rise of “cloud-native”
platforms, such as Kubernetes [175], that facilitate the deployment of applications on
lightweight containers and expand their capacity to dynamically scale resources, further
raises the density of modern cloud systems. Moreover, current Cloud solutions, such as
Amazon AWS [72], Google Cloud [178], Microsoft Azure [177] and others, provide users
with elasticity and resizability of their computing capacity, leading to a dynamic provi-
sioning of resources. This increment in the density and dynamicity of cloud workloads
implies that DC operators should perform advanced resource allocation techniques, to
provide both better quality-of-service (QoS) to their users, as well as maximize their
profit. However, this two-factor optimization goal is rather challenging, since maximizing
performance requires applications to be executed in isolation, whereas profit increment
is achieved through multi-tenant job scheduling.

Recent scientific works have proposed schedulers and resource allocation techniques able
to efficiently place workloads into physical/virtual servers as well as minimize their slow-
down caused by multi-tenant job scheduling [38,41,63,229]. Even though such approaches
improve the overall performance of co-located workloads, they usually operate at a quite
coarse-grained level, i.e., either requiring prior knowledge through offline characteriza-
tion of isolated executions [38,41] or in the best case gathering and aggregating runtime
performance metrics through periods of enforced execution stalling/pausing to estimate
interference effects [40, 231]. In addition, they fail to measure, model or exploit the
dynamic impact of each specific resource on the performance degradation caused by in-
terference, thus imposing either low accuracy estimations and/or significant performance
overheads [64,273].

To have a better understanding of the real bottlenecks of the system and specify the root
cause of performance degradation, one should take a closer look at lower level architectural
events and at system-level characterization to get insights regarding the state of the
system [274]. Towards achieving the above goals, monitoring and analysis of system
signals from within the data-center has been proven to be really beneficial and insightful.
For example, Alibaba and Google provides real open-source traces [29] from their cluster
systems and encourage researchers and practitioners to analyze them. In addition, Google
has identified that monitoring low-level performance counters can drive better scheduling
resource management and scheduling decisions [74]. In addition, the highly dynamic
characteristics of cloud applications require very small monitoring and reaction times,
e.g. with 1 second data sampling granularity becoming the new gold standard in cloud
deployments [185].
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Some hardware-enabled approaches [275–277] enabling continuous and fine-grained inter-
ference effects estimation have been proposed in the past, however their implementation
requires specialization of processor’s hardware, limiting their applicability in current and
near future servers. Interestingly, this shift towards time granularity shrinking, is also
reflected in recent micro-architectural and system hardware advancements that allow fine-
grained resource tuning. For example, Intel®’s Cache Allocation Technology in the latest
Xeon® processors provides software-programmable control over the amount of cache space
that can be consumed by a given thread, or container [278]. Moreover, containers provide
control over the exact amount of CPU and RAM resources committed to applications,
while power capping frameworks [279] enable direct and fine-grained power allocation
policies to be applied.

To take advantage of these low-level features, runtime monitoring that feeds and guides
the scheduling algorithms should be able to dynamically predict per application resource
needs in order to enforce optimised online decisions. Prior work has shown that applica-
tions experience different phases throughout their lifetime [161,162,208], which lead to
erratic behaviors regarding memory access patterns and CPU utilization. Such behaviors
become even more inconsistent when considering the interference caused by co-located
applications. Therefore, fine-grained run-time predictability is crucial to elevate online
resource management decisions.

From the above discussion, it is evident that new sophisticated monitoring solutions are
needed to efficiently handle the emerging field of cloud-native applications. Exploiting the
underlying hardware infrastructure capabilities, application and infrastructure monitor-
ing should shift towards providing i) faster observability, to perceive the extreme diversity
and dynamism in the variable workloads, and ii) continuous runtime and interference-
aware predictability, i.e. to drive resource allocation decisions in a more educated manner.
During the last years, several innovative monitoring solutions have raised funding in cloud
industry to address the aforementioned requirements, focusing mainly on fast event log-
ging at scale while also offering machine-learning powered analytic capabilities [184–187].
Seer and Cloudseer [60, 206] form similar advanced monitoring solutions proposed from
academia. However, the supported predictive analytic capabilities of those frameworks
are quite coarse, imposing an “intercept-measure-and-predict" scheme to infer interfer-
ence effects, thus failing to efficiently support continuous fine-grained monitoring, ideally
required in modern resource allocation schemes [40, 208, 209]. Even though extended re-
search has focused on run-time system predictability, those approaches mostly rely on the
application of relatively simple empirical or regression models [280–282], being usually
reactive in action, not capturing interference and neglecting the long-term dependencies
and recurrence found in system level monitoring signals, thus reducing their predictive
capabilities.
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In this chapter, we present Rusty, a monitoring framework that leverages Long Short-
Term Memory (LSTM) networks to enable fast and accurate resource and energy con-
sumption predictions of a system under interference. Specifically, in this work:

• We provide the first non-intermittent predictive monitoring system that is able to
forecast low-level performance counters of a system under interference. Specifi-
cally, through Rusty, we are able to predict the IPC and Last-Level Cache (LLC)
misses of applications running concurrently in a multi-core and, also, the energy
consumption of it. Opposed to prior-art approaches that are based on short online
micro-benchmarking to model interference [41, 62, 208], Rusty utilizes LSTM pre-
dictive capability to enable continuous on-the-fly predictions of interference-aware
performance metrics.

• We deliver an interference-aware analysis on the low-level metrics distributions from
a large pool of diverse cloud workloads, i.e. the scikit-learn [283], the Cloudsuite [83]
and the SPEC2006 [284] benchmark suites. The aforementioned analysis decom-
poses interference effects in a per-resource manner offering an in-depth view on the
sensitivity of system metrics to different stressing scenarios.

• In contrast to existing approaches, e.g. [184, 185, 206], that focus on a straightfor-
ward appliance of regression models, in this work, we provide in-depth analysis
and specific insights on LSTM parameters that affect the accuracy and complex-
ity of the model. Through systematic exploration, analysis and fine-tuning of the
LSTM’s architecture and hyper-parameters, Rusty enables extremely lightweight
predictive models to be deployed and operate online for continuous monitoring and
adaptation.

• We evaluate Rusty in terms of its prediction precision and also demonstrate the
superiority of Rusty’s LSTM network over simpler machine learning approaches.
Our experimental results show that Rusty exhibits very high prediction accuracy,
i.e. averageR2 value of 0.98 and enables very deep prediction horizons retaining high
precision, e.g. R2 of 0.99 for a horizon of 1 sec ahead and around 0.94 for an horizon
of 5 sec ahead. Finally, we show that Rusty is both i) really lightweight, introducing
minimal time overheads and providing predictions in terms of milliseconds ii) and
also, that it can be seamlessly transferred between systems of diverse specifications,
with a slight decline in accuracy, thus forming a promising solution for runtime
predictive resource allocation.

The rest of this chapter is organized as follows: Section 4.2 describes our experimental
setup and also demonstrates the aforementioned per-resource interference analysis. Sec-
tion 4.3 presents our proposed predictive monitoring framework. Finally, sections 4.4 and
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Table 4.1.: Target System specifications

Processor Model Intel® Xeon® E5-2658A v3
Cores per socket 12 (24 logical) @2.20GHz
Sockets 2
L1 Cache 32KB instr. & 32KB data
L2 Cache 256KB
L3 Cache 30MB, 20-way set-associative
Memory 256GB @2133MHz
Operating System Ubuntu 16.04, kernel v4.4

4.5 show our results and conclude the chapter, respectively.

4.2. Experimental Setup & Specifications

4.2.1. Target system characterization

Rusty targets multi-core server systems usually found in DC environments, which are
able to provide information regarding performance metrics of the system. All of our
experiments have been performed on a high-end server, outlined in Table 4.1. In order to
monitor low-level performance counters, we utilize the Performance Counter Monitoring
(PCM) API [189], a tool initially developed by Intel® and currently maintained in a
separate github repository [285], which provides a plethora of hardware performance
counters for each logical core, each socket, as well as the whole server system. We focus
on specific performance counters, which we discuss in detail in section 4.2.2. To simulate
a cloud environment, all the referenced benchmarks running in the system have been
containerized, utilizing the Docker platform [286]. Moreover, to be able to extract per-
workload metrics, all the applications are assigned on a randomly selected core of the
system, using the affinity rules of the docker engine.
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4.2.2. Target metrics characterization

Emphasis is given to low-level system metrics, provided directly from the PCM tool [285].
For the rest of this chapter, we focus on the following three performance counters, however
our framework can be utilized for any metric provided by the PCM tool:

• Instructions Per Cycle (IPC): IPC gives insight information of the performance
of the executed workload and its predictability can assist to dynamically boost/relax
resources to meet certain constraints. In prior works, IPC has been used as a metric
of interest to depict performance related behaviors in data center environments
[208,231,273,287]. For example, in [208], IPC is used to determine phase changes of
applications executed under interference, whereas in [273] it used as a performance
indicator of co-located workloads.

• Last-Level Cache misses (L3M): Memory access is considered a major bot-
tleneck in performance. Even in modern NUMA architectures inefficient memory
contention management can lead to a severe performance degradation [207]. Espe-
cially in data-center environments, it has been shown that the huge instruction sets
of cloud workloads are between one and two orders of magnitude larger than the
L1 instruction cache can store, and can lead to repeating instruction cache misses,
which damage performance [288,289], whereas latest reports from large-scale clouds
show that memory is becoming the new bottleneck, destroying performance of appli-
cations [29]. The Last-Level Cache is basically the "bridge" between cores requesting
data and memory storing them. Last-Level Cache misses provide first-level details
regarding the interference, since higher values in LLC misses can depict the ten-
dency of multiple applications running on the system competing for access on the
main memory [290].

• Socket’s energy consumption (NRG): Energy consumption is considered as
a first class constraint in modern data-center deployments [291, 292]. Accurate
energy predictions at runtime significantly impact energy proportionality of the
DC’s nodes [293], as well as allow for the deployment of more sophisticated power
capping strategies [294, 295]. In the same direction, controlling the energy and
temperature levels of a system improves resiliency and components lifetimes, as
well as it also reduces the cost required for cooling, which is often amounted to 50%
of a DC’s overall costs.
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4.2.3. Workload characterization

Modern data-center server machines accommodate a large and wide range of workloads,
which are basically either batch/best-effort (BE) applications, or user-interactive/latency-
critical (LC) applications. The former type of workloads require the highest possible
throughput, whereas the latter demand to meet their QoS constraints. In order to cover
both BE and LC workloads, we consider workloads from three popular scientific bench-
marking libraries, i.e. sci-kit learn [283] and SPEC2006 [284] (as BE) and cloudsuite [83]
(as LC) suites. The complete list of examined applications along with a brief description
is shown below:

1. AdaBoost Classifier [283]: This is a meta-estimator that fits a classifier on a
dataset. Then, it fits additional classifiers on the same dataset but the weights of
incorrectly classified instances are adjusted, to deal with more difficult cases.

2. Lasso Regressor [283]: Lasso is a linear model that estimates sparse coefficients.
It is vital in the field of compressed sensing, since it prefers less non-zero coefficients,
reducing the features that the solution is dependent to.

3. Linear Discriminant Analysis [283]: LDA can be used to perform supervised di-
mensionality reduction, by projecting the input data to a linear subspace consisting
of the directions which maximize the separation between classes.

4. Linear Regressor [283]: It fits a linear model with coefficients to minimize the
residual sum of squares between the observed and prediction targets in a dataset.

5. Random Forest Classifier [283]: This is a meta-estimator that fits a number of
decision tree classifiers on sub-samples of a dataset and uses averaging to improve
the accuracy.

6. Random Forest Regressor [283]: This is the same as 5, but performs regression
instead of classification.

7. Stochastic Gradient Descent Classifier [283]: SGD is a very efficient approach
of discriminative learning of linear classifiers under convex loss functions and has
received recently a lot of attention in the field of deep learning.

8. Stochastic Gradient Descent Regressor [283]: This is the same as 7, but
performs regression instead of classification.

39



Rusty

9. astar [284]: A* is a popular 2D path-finding algorithm used by the artificial intel-
ligence engines of online games.

10. bzip2 [284]: This benchmark performs compression and decompression of data
entirely in memory.

11. cactusADM [284]: It solves the Einstein evolution equations,a set of ten nonlinear
partial differential equations.

12. h264ref [284]: Implementation of H.264/AVC, the latest compression standard,
used for video broadcasting.

13. leslie3D [284]:LESlie3d is the primary solver used to investigate a wide array of
turbulence phenomena such as mixing, combustion, acoustics and general fluid me-
chanics.

14. sphinx3 [284]: This is a speech recognition toolkit with various tools used to
build speech applications. It contains a number of packages for different tasks and
applications.

15. In-Memory analytics [83]: This workload uses Apache Spark [93] and performs
a collaborative filtering algorithm, in order to provide to users recommendations
for movies.

16. Data Caching [83]: This workload uses the Memcached caching system and simu-
lates the behavior of a Twitter caching server using a dataset available from Twitter.

17. Data Serving [83]: This benchmark uses an Apache Cassandra server and is based
on the Yahoo! Cloud Serving Benchmark (YCSB), which is a framework used to
benchmark data store systems.

18. Media Streaming [83]: This benchmark comprises of two seperate containers,
a server and a client. The server container utilizes an Nginx web server in order
to stream hosted videos of various lengths and qualities to the clients. The client
generates a mix of requests for different videos, using httperf’s wsesslog session
generator,in order to stress the server.

19. Web Search [83]: This benchmark is based on the Apache Solr search engine
framework.

20. Web Serving [83]: This benchmark is based on the Apache Solr search engine
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framework.

Through scikit-learn we examine workload skeletons that are representative of modern
machine learning applications. Each instance performs the training phase of the specific
workload, with datasets comprised of 40.000 instances with 784 features per instance.
The spec2006 benchmarks represent computational heavy workloads as well as every-day
operations performed in the cloud. We use the default configurations and datasets pro-
vided by the spec2006 suite. Finally, the cloudsuite benchmarks represent services hosted
in modern data-center cloud environments. The Data Serving relies on the Yahoo! Cloud
Serving Benchmark [296] and the Cassandra data store [297]. In-Memory Analytics uti-
lize Apache Spark [93] and runs a collaborative filtering algorithm on a dataset of movie
ratings. Media Streaming utilizes NGINX [298] as a server for streaming videos of var-
ious lengths and qualities. Moreover, Web-Search depends on Apache Solr [299] search
platform and simulates real-world clients that send requests to index nodes. Finally, Web-
Serving utilizes three servers, an NGINX [298] web server, a Memcached [105] caching
server and a MySQL [300] database server, simulating modern services hosted on the
cloud. For the cloudsuite benchmarks, we use the default configurations and datasets
as provided by the respective github repository [301] and for client-server benchmarks,
we focus and monitor the server-side workload. Table 4.3 summarizes the benchmarks
used throughout the chapter. For each of the examimed applications, Table 4.3 reports
the mean value of 6 system wide low-level metrics, i.e. characterizing the IPC, on-chip
cache memory behavior (L2 cache Misses and L3 cache Misses), energy consumption
(NRG) and memory I/O bytes ReaD from and bytes WRitten to memory), when ex-
ecuted in isolation, sampled every 100 milliseconds. For the rest of this chapter, each
workload will be identified by its ID (e.g. SK1 for AdaBoost Classifier) for simplic-
ity.

Impact of interference on low-level metrics: To showcase the sensitivity of the
considered workloads w.r.t. differing resource interference, we utilize the iBench suite [3],
which provides contentious micro-benchmarks, each of which stresses a different shared
resource in a multi-core chip (processing cores, cache capacity and memory capacity
and bandwidth). Specifically, to demonstrate the impact of per-resource inteference on
the low-level system metrics, we generate and deploy different system-wide interference
scenarios, by spawning random jobs from the iBench suite (up to the number of available
threads) with various intensity levels, each one assigned on a randomly selected core of
the system. We have extended the original iBench to accommodate extra levels of user
tunable intensity to cover larger a wider range of interference scenarios. We note that
single resource interference is considered only in this section, while the rest of the chapter
considers multi-resource interference either through iBench, or through real workload
collocations. The hardware counters collected, provide information regarding the state of
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the underlying system at a per-resource manner, thus allowing us to detect true causes
of interference and bottlenecks, i.e. which resource is responsible for the performance
degradation our system (and consequently our workloads) is experiencing. Even though
individual performance metrics can, in some cases, depict the resource of interference,
this is not always the ground-truth. For example, a high number of LLC misses could
imply interference in the cache, however, the same could apply for a case of low LLC
misses, as we discuss below.

Figure 4.1 illustrates the tendency of IPC and LLC misses with differing resource stress
interference, showing the high diversity in terms of IPC and L3 cache misses between
our target workloads. This analysis reveals three major upshots. Firstly, all examined
workloads are insensitive to interference at the level of L2 cache, since the distributions
of both IPC and LLC are slightly shifted in all cases. Secondly, interference at the LLC
of the system induces the highest performance degradation, realizing LLC as one of the
major bottlenecks in modern server systems. This is even more obvious for the cloudsuite
benchmarks, where, there is a clear spread and shift of the IPC distributions towards
0, even though similar services have been revealed as memory bandwidth sensitive in
prior works [40]. Finally, what is of great interest in the case of L3 stress scenario, is
that, in spec2006 benchmarks the LLC misses increase, whereas in scikit-learn the misses
decrease. This irregularity appears due to the combination of two factors; the performance
degradation that the workloads experience due to interference and the sampling rate of the
PCM tool. Performance degradation causes the signal traces to stretch, thus spreading
the LLC misses in time. This reveals the importance of predictive monitoring in fine-
grained timescales versus typical reactive performance monitors, since in cases of high
application slowdown, even though the total number of LLC misses increase, a lower
sampling rate would report lower LLC misses values, since the misses would be spread
more widely in time.

4.2.4. Motivational observations: Why predictive monitoring?

Rusty sets the framework for extending current state-of-the-art systems, by promising
extremely accurate runtime predictive monitoring of "low-level" system metrics for deep
horizons. The term predictive monitoring may raise several questions, like, is predictive
monitoring important for improving resource efficiency and performance in data-center
environments? or are low level metrics offering true/important system insights? etc.
In this section, we offer a small debate addressing fundamental issues and motivational
observations behind Rusty.

We showcase the importance of predictive monitoring with a typical example obtained
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(a) scikit-learn

(b) spec2006

(c) cloudsuite

Figure 4.1.. Absolute values of IPC and L3M distribution for different resource stressing
scenarios. In all figures, x-axes and y-axes denote pairs of Last-Level Cache misses
(L3M) and IPC as sampled from the PCM tool respectively, whereas the line charts

show the relocation of the distributions of L3M and IPC.
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Figure 4.2.. Real trace of Random Forest Regressor benchmark showcasing the
advantage of proactive predictive approaches compared to current state-of-the-art

reactive approaches.

throughout our experiments. Fig. 4.2 shows part of a real trace of LLC misses from
the Random Forest Regressor benchmark. In this example, we assume that a runtime
controller would take resource management decisions every 200msec (denoted as blue
dotted lines). In addition, we suppose that the resource of interest is the number of
cache ways given to the core executing the application. We give emphasis on the point
highlighted with the black bullet. As we mentioned before, current state-of-the-art ap-
proaches [40, 209, 215] rely on reactive decision making approaches where resources are
shared based on the "history" state of the system (red window in the figure). Since
the LLC misses in this phase of the application fluctuate at low values, a reactive ap-
proach would result in lowering the cache-ways given to the application. However, we
observe that in the upcoming window (green highlighted), the LLC misses of the ap-
plication increase and, therefore, the number of cache-ways should be incremented as
well. A proactive, predictive approach could determine this behavior before it even
occurs, thus prohibiting of such inefficient configurations. Interestingly, we may also
notice that the same “behavior" appears repeatedly throughout the lifetime of the ap-
plication, showing that pure reactive approaches would make the same mistake again
and again, probably leading to a catastrophic, for the application, management of re-
sources.

A deeper look at Fig. 4.2 reveals the importance of the other major aspect of Rusty,
i.e. the interference awareness in predictive monitoring. As depicted, we have super-
imposed in Fig. 4.2 the signal of LLC misses when executing the Random Forest Regressor
benchmark under interference (the yellow signal). As shown, interference effects heavily
modify the signal structure/characteristics of the original isolated LLC misses signal. In
this case, as shown, the magnitude of the LLC misses peaks have become smaller, but
their duration have been increased. Focusing in the second black dot, around t=400, we
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may notice that while the reactive cache ways controller will fail for the same reasons
as before, the same stands also for the case of the predictive controller that operates
in an interference unaware manner, i.e. guided by a predictor trained only on isolated
execution traces. More in detail, in this case, the interference unaware predictor will mis-
predict resource demands, considering a steeper increase in L3 misses according to its
isolated training set. However, as shown, the true L3 misses under interference presents
a stable slope for the next period, thus imposing cache ways over-provisioning leading
to either QoS degradation of co-running applications or in the worst case in resource
starvation.

4.3. Rusty: Predictive Runtime Monitoring

Rusty relies on Long Short Term Memory networks [302], a special kind of Recurrent
Neural Networks, that are able to make predictions based on long-term sequential depen-
dencies. The employment of LSTM networks was inspired by recent research activities,
where researchers are beginning to explore the employment of LSTM networks for dif-
ferent micro-architectural tasks. In [303], authors propose a dynamic voltage frequency
scaling algorithm which uses LSTM networks to predict the workload of cores in an up-
coming time period, based on performance counters collected during the previous one.
Neither interference not recurrence have been taken into account and also the evaluation
is based on simulated workloads and not on real system settings. In [304], the authors
utilize LSTM networks in order to build efficient memory pre-fetchers and show that the
employment of LSTMs for this task outperforms the state-of-the-art of traditional hard-
ware prefetchers. Finally, in [206], the authors use a heavy-weighted LSTM and CNN
network to detect QoS violations of microservices running in the cloud. Even though
Seer also utilizes LSTMs, the authors apply them for debugging purposes of cloud work-
loads, mainly dealing with a classification problem for identifying QoS violations, thus
not exploring LSTM’s runtime forecasting capabilities, which are useful for predictive
resource allocation. In this chapter, we propose and explore the efficacy and robustness
of LSTMs for fine-grained system-level predictability under resource interference, clearly
extending [303] and being orthogonal to [304] and [206].

In short, an LSTM cell, instead of a single neural network layer, contains four layers, three
sigmoids (σ) and one hyperbolic tangent (tanh) layer. In brief, the first layer, also called
"forget gate layer", applies a sigmoid function to the inputs and decides what information
the network will throw away from the cell state. The second sigmoid layer is called the
"input gate layer" and decides, along with the tanh layer what new information is going to
be stored and updated inside the cell. Finally, the last sigmoid layer acts as a refinement
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filter that decides which values are going to leave the cell.

4.3.1. Training Rusty

Rusty is dynamic, in terms that it requires no a priori knowledge of workloads running
in the cluster. The only thing that Rusty requires offline is a configuration file specifying
the target metrics to be predicted and two variables, the history and the horizon, which
we explain below.

Fig. 4.3 shows an overview of the general procedure followed by Rusty to train the LSTM
model. As shown, Rusty initially receives four inputs: i) the workload we would like to
predict low-level metrics for (sec. 4.2.3), ii) the performance metric to be predicted, which
can be any metric from the PCM tool (for the current work we focus on IPC, L3M and
NRG - sec. 4.2.2), iii) a variable called history and iv) a variable called horizon. History
refers to the number of samples derived from the PCM tool and used as input sequence to
the LSTM model, whereas horizon refers refers to the number of output features/future
values that the LSTM model will predict. It should be noted here that, both history
and horizon are relative to the sampling rate of PCM, i.e., for a sampling rate of 1
second, a history/horizon value of 15 would imply samples corresponding to 15 seconds
of information, whereas for a sampling rate of 0.1 seconds, the same value would imply
samples corresponding to 1.5 seconds. For the rest of this chapter, we set the monitoring
interval of PCM equal to 100msec. As shown in prior work [206], the monitoring interval
can significantly affect the effectiveness of the model, with intervals greater than 100msec
having negative impact on the accuracy.

Interference-Aware Trace Collection: The first phase of Rusty is responsible for
collecting applications traces of our target workload under interference. To achieve this,
the target application is executed on the system 100 times, each time with differing
interference load, which can be either real or synthetic (see sec. 4.3.3). For the rest
of this analysis section, we imitate interference by utilizing the iBench suite [3], which
provides contentious micro-benchmarks, where each one targets a different shared resource
in a multi-core chip (processing cores, cache capacity, main memory bandwidth) and has
tunable intensity. Specifically, we spawn random jobs from the iBench suite (up to the
number of available threads) with various intensity levels, where each one is assigned on
a randomly selected core of the system. During the execution, the framework collects
and stores all information regarding performance metrics of the system, through the
PCM tool. Following the above procedure, iBench produces static interference for the
whole duration of the workload’s lifetime. However, by considering multiple iBench co-
execution scenarios per application, we note that the interference effects per scenario
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Highlighted dougnuts shows the potential of slowdown variability, i.e. how the same
application is affected from different mixture of interfered workloads.

can change dramatically, thus producing disparate impact on the performance of the
examined workload.

Figure 4.4 provides key insights of the impact of co-located jobs on the performance of
our target workloads. The x-axis depicts the number of spawned interference processes
from the iBench suite, whereas the y-axis shows the slowdown our target application
experiences due to interference. We measure slowdown as the ratio of the execution time
of the application running under interference to the execution time when executed in a
completely isolated environment. Each point in the graph, depicts a different benchmark
(left legend), whereas the surrounding doughnut chart indicates the distribution of the
spawned interference jobs (right legend), for the specific experiment. As shown in the
highlighted rings, scaling the number of applications does not inherently imply that the
application experiences increased slowdown. The level at which the interference is ap-
plied highly affects the performance of the executed workload. For example, regarding
the AdaBoost classifier (left highlighted rings) it is evident that interference on the L3
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cache provokes higher performance degradation than interference on the bandwidth of
the memory.

Data pre-process and dataset generation: The outcome of phase 1 is 100 low-
level metric traces, which correspond to the different execution scenarios under varying
interference. Phase 2 forms a pre-process phase, where the raw data of Phase 1 are
prepared and processed in order to create the final dataset for our LSTM model. First,
due to the different scales on the assembled data, we perform a min-max normalization,
in order to bring the data values between the range [0, 1]. The min-max normalization
is defined as follows:

xµnew = xµ − xµmin
xµmax − xµmin

(4.1)

where xµ is the unnormalized value of a point of the metric µ and xmax, xmin are the max
and min values from the respective set.

Then, we calculate some metrics of interest (pearson and cross correlation), which are
used to minimize the amount of data fed to our model. We discuss this process in detail,
in sec. 4.3.2. The last step of Phase 2, is the dataset generation. Figure 4.5 depicts the
procedure followed to create our training and test datasets.

As mentioned earlier, through the execution of random interference-aware scenarios, we
collect 100 pairs of signals, each of which corresponds to a scenario with different inter-
ference.

Starting with the signals of the first scenario (j = 0), we create a sliding window W ,
where ∣W ∣ is equal to the history plus the horizon length, where "history" refers to the
number of past samples used as input to the model and "horizon" refers to the number
of future samples that the model predicts. This window is used to divide the desired
metric’s signal, as well as its correlated signal (e.g. L2M and L3M) to instances of the
same length. These parts correspond to different execution phases of the application,
which, at inference time, will match to the respective runtime system metrics collected
by Rusty. The sliding value of the window corresponds to the decision making interval
of a runtime resource manager. Without loss of generality, we suppose that a runtime
manager would take resource management decisions every 2sec (this is a configurable
value). Therefore, every time we slide the window 20 points to the right (since we set the
PCM sampling rate equal to 0.1sec). Hence, each signal is divided into k parts, where
k ≃ total_signal_length

sliding_interval . Finally, all these windows form our final dataset, which is then
split into training and test set accordingly.

LSTM D.S.E. and training: After the data have been pre-processed, and the re-
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Figure 4.6.. Correlation exploration for design space pruning.

spective dataset has been created, Phase 3 performs a Design Space Exploration (DSE)
over the configurable parameters of the LSTM model, which we describe in detail, in
section 4.3.2. Once the overall best parameters are defined, the final LSTM model is
trained and the learnable parameters (i.e. weights and biases) are saved to a pickled
object file.

4.3.2. LSTM architecture and hyper-parameter tuning

The real-time requirements of runtime monitoring demands that the LSTM model should
be as compact as possible, i.e. use as little features as possible and also, carry as
little information as possible from the PCM tool for faster processing. In this sec-
tion, we explore parameters that affect the accuracy and the depth of our model. Our
goal is to provide an architecture that can achieve high accuracy, w.r.t. real-time con-
straints.

Which metrics to choose as input features? For each one of the 100 executions
performed in the offline part, certain metrics regarding the cores, sockets and the whole
system are obtained. Then, Rusty designates the metrics to train the LSTM model with.
To do so, it evaluates the correlation of the target prediction variable with the other per-
formance metrics using the Pearson correlation coefficient.
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Figure 4.6a shows the correlation of IPC, L3M and NRG with the rest PCM’s performance
counters for the Linear Regression workload. The correlation pattern of the LR workload
presents great similarities with the patterns exhibited among the others workloads, which
are not presented due to space limitations. As shown, there is a high diversity between
the correlations of the prediction variables (self-correlation equals to 1). NRG shows high
correlation values with all the metrics related to the socket and the whole system, whereas
it demonstrates lower correlation values with the core’s metrics. As expected, L3 misses
are highly correlated with L2 misses, as well as read (RD) and write (WR) operations
from/to the memory. The correlation between L2 and L3 misses does not negate the
fact that stressing the L2 cache does not impose degradation on the performance of
workloads. We expect L2 and L3 misses to follow a highly correlated pattern, since
L2 misses consequently lead to higher traffic towards L3. In cases of interference, L2
misses are more likely going to lead to L3 misses, since more workloads contest for last
level cache occupancy and, therefore, they continuously erase the contents of the cache.
On the other hand, stressing the L2 cache does not inherently implies a large drop in
performance, since we still have the chance to find our data in the LLC, thus, remaining
on-chip.

How far back to seek for valuable information? LSTMs capture dependencies on
sequential data. Thus, an important design decision is determining the length of the
sequence provided to our model (History value), i.e., how far back to search for valuable
information. To extract this information, Rusty calculates the cross-correlation between
the metrics provided as input features to the model. Fig. 4.6b shows the auto-recurrence
degree found the L3 and L2 misses time series, under interference, for the Linear Regres-
sion benchmark. As shown, there is a reducing (as expected) effect, quite high though up
to the first 100 points. In all benchmarks, we observed a reducing/decaying effect, quite
high though, up to the first 50-70 points for small benchmarks and up to 200 points for
larger benchmarks. In order to ensure effective auto-correlation information, Rusty fo-
cuses on sequence lengths between 50-70 points, covering the region exhibiting the highest
recurrence dependencies. However, we note that Rusty supports configurable "history"
windows, easily adapted to differing "history" sizes.

Fig. 4.7 provides insights regarding the R2 achieved for different History-Horizon com-
binations. Specifically, each cell of the heatmap illustrates the geometrical mean of R2

scores for the respective, metric, history and horizon, over all our target workloads. As
shown, the LSTM network can effectively predict L3M and IPC for a horizon of 25 − 35
points, given as input history sequences of 12 samples or more. Regarding the socket’s
energy consumption, we observe that our model can predict equivalent horizon windows,
even with a single history value, showing the extensive expressiveness of LSTMs on low
rank fluctuating signals. In the examined case of forecasting during the execution of a
specific mixture of co-running workloads, energy signals can be safely consider to expose
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low rank fluctuations, since the major power consumption coefficients are more due to
the activation of specific cores, cache memories etc and less due to IPC and L3 misses
runtime variances.

How complex should the LSTM architecture be? Since Rusty’s design should be as
lightweight as possible, we explore and evaluate three different parameters that affect the
complexity and precision of the LSTM model, particularly, the numbers of stacked LSTM
layers, the number of features per layer and the number of epochs used during training.
We use the benchmarks from the scikit suite for this exploration.

Fig. 4.8 illustrates three boxplot diagrams, showing the effect and the corresponding ro-
bustness of each examined parameter, w.r.t. the accuracy of the model, assessed through
the coefficient of determination - R2 score. As shown, even though the number of epochs
does not affect the complexity of the model, it plays a crucial role in its accuracy, since
higher number of epochs increase the precision of the model dramatically, regardless the
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Figure 4.9.. Geometric mean of L3M, IPC and NRG R2 scores

other design characteristics. In addition, increasing the number of features positively
affects the accuracy up to a plateau, after which a significant degradation is observed.
The same is true for the number of stacked LSTM layers. Stacking LSTM hidden layers
makes the model deeper, thus making the network more eager to recognize certain aspects
of input data. Since LSTMs operate on sequencial data, the addition of layers allows the
hidden state at each level to operate at different timescale [305]. However, adding fran-
tically more layers can degrade performance of the network. Once the network starts
converging, adding more layers can cause its accuracy to get saturated and then degrade
rapidly [306].

After filtering out the inefficient configurations, e.g. LSTM layers > 4, we further attempt
to determine a single "golden" LSTM architecture, (i.e. the number of layers and features,
not the coefficient values of a trained model) that delivers optimized prediction capabili-
ties across the majority of the target workloads. In order to capture the central tendency,
we computed the geometric mean of R2 scores over the various application-specific trained
LSTMs configurations of the scikit workloads. As shown in Fig. 4.9, despite the fact that
all examined LSTM architectures deliver high geomean R2 accuracies, i.e. over 0.96, the
stacked LSTM network with 4 layers and 128 features per layer outperforms all the other
configurations for all the addressed performance metrics.

4.3.3. How to deploy Rusty

Rusty is as an intra-node monitoring system, that predicts future low-level system metrics
and, thus, can be replicated across multiple nodes of a cluster to form a realistic solution in
a scale-out cluster configuration. Rusty has been integrated with the PCM tool, through
Python and C++ embedding, in order to provide runtime predictions, without the need
of intermediate logs and files. In addition, all the measured and predicted metrics, from
PCM and Rusty respectively, are stored in a MySQL [300] database, thus, allowing the
integration of our framework with advanced visualization and workload management
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tools, such as Prometheus [183] or Grafana [307].

Rusty can be utilized under several deployment scenarios, either cloud-native or VM-
based from both a cloud-user or cloud-provider perspective. Its only restriction is that
of requiring access to model-specific registers (MSR) to monitor low-level system met-
rics. While historically VMs didn’t allow information on low performance counters to
be available, recent advances like VMware’s virtualized Model-Specific Registers (MSRs)
in vSphere technology establish such observability. However, recently VMs are not the
only option available for Infrastructure-as-a-Service purchase. Cloud providers made
possible to rent bare-metal, physical machines, such as the m5.metal instances on AWS,
which were also used later in our evaluation section 4.4.3. In such cases, Rusty can
be deployed without any further requirements to provide run-time predictive monitor-
ing on workloads running on the system. From a cloud-provider perspective, Rusty can
form a advance solution to provide predictive monitoring of the performance of VMs
and aid the infrastructure devops so that to enable better Quality of Service to their
customers.

Cluster deployment: Figure 4.10 shows how Rusty can be utilized on a cluster of mul-
tiple nodes, where the cluster is managed by a master orchestrator (such as Kubernetes)
and there is an additional controller on each node of the cluster, which manages resources
inside the system according to system state predictions accepted through Rusty. In such
a setup, there is a Rusty instance running at each node, responsible for monitoring and
making future predictions regarding the specific system’s metrics. Specifically, Rusty
continuously collects PCM metrics every 100msec and makes future predictions at each
decision making interval (as described in section 4.3.1). These metrics are used by both
the master/inter-node controller as well as the intra-node controller for decision making
regarding management of resources. The inter-node controller leverages such information
for more efficient initial placement of newly arriving workloads on the cluster, whereas,
the intra-node controller takes advantage of the predictions, to proactively manage re-
sources on the system (e.g. perform dynamic power capping or alter the cache allocation
scheme).

Rusty’s training modes: Typically, Rusty requires no a priori knowledge of the work-
loads running on the system. Rusty can be deployed in two ways, either with pre-
trained models (pickled object files), which have been trained offline, or in a stripped-
manner, where the models are trained online, dynamically. This first way covers oc-
casions where custom, personalized models, are necessary, offering higher accuracy for
deeper horizons. However, this comes with the drawback of not perceiving the real in-
terference the target system might experience. In such situations, interference can be
emulated by utilizing synthetic micro-benchmarks for imitating interference, like iBench
[3].
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Figure 4.10.. Example of Rusty’s integration on a cluster of multiple nodes. Rusty can
be integrated with both a potential intra-node controller, to provide per node resource

management decisions, as well as an inter-node for better cluster orchestration.

The second way covers occasions, where the LSTMmodels are trained with real, interference-
aware traces, derived directly from the system that Rusty has been deployed to. DC op-
erators have a more holistic view of the underlying infrastructure and workloads running
in the cluster and, thus, can build models based on realistic interference effects. In such
circumstances, Rusty firstly experiences a grace period, during which it collects low-level
performance counters from the workloads executing on the system. In a scale-out cluster,
where multiple machines execute the same workloads under diverse interference scenarios,
the grace period can be completed in orders of hours. After the metrics have been col-
lected, Rusty can train either workload-specific models, responsible for more fine-grained
predictions, possibly targeting LC workloads, or general, coarse-grained ones, covering a
wider range of applications (we show how Rusty extrapolates to new workloads in sec.
4.4.2).

Adapting to abnormalities: Rusty continuously monitors and evaluates the predicted
metrics by comparing them with the actual ones. If new workloads arrive on the system,
they may expose undiscovered interference effects that have not been revealed during
the Rusty’s training phase. If a deviation in the prediction efficiency is discovered, then
Rusty retrains the model in order to adapt and update the weights and the biases of the
model accordingly.

57



Rusty

SK
1

SK
2

SK
3

SK
4

SK
5

SK
6

SK
7

SK
8

CS
1

CS
2

CS
3

CS
4

CS
5

CS
6

CS
7

SP
1

SP
2

SP
3

SP
4

SP
5

SP
6

0.92

0.94

0.96

0.98

1.00
R

2  s
co

re

L3M IPC NRG

Figure 4.11.. L3M, IPC and NRG R2 score per benchmark for the overall best
configuration (4 stacked LSTM layers and 128 features/layer), history=50 and

horizon=1.

4.4. Evaluation

In this section, we explore Rusty’s efficiency utilizing well- established techniques from
the machine learning and data engineering domains to validate its efficiency and to enable
comparative and reproducible studies w.r.t other SoA solutions. Specifically, we generated
several interference scenarios, where each scenario is constituted by a different random
number of spawned workloads at random times. We note that the following experimental
results are based on workload co-locations as derived from mixing applications found in
[83,283,284]. We evaluate Rusty on real continuous predictive monitoring deployments,
i.e. considering very fine grained time-resolutions in comparison with other LSTM-based
based approaches, e.g. Seer [206]. This way we are showing the robustness of Rusty
concepts on realistic/pragmatic interference scenarios, in comparison with sections 4.2.3
and 4.3, where we considered synthetic micro-benchmarks from the iBench suite for our
analysis.

We partition the datasets produced during execution in two subsets of 90% (training set)
and 10% (test set) of the samples respectively. The LSTM models were trained using the
PyTorch [142] library. The batch size of our dataset was set equal to 64, the learning
rate equal to 0.001 and we utilized ADAM as our optimizer. Furthermore, all the models
were trained using the architecture obtained from section 4.3.2 (4 stacked LSTM layers
and 128 features per layer).
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Figure 4.12.. Rusty’s flexibility on training datasets and workloads.

4.4.1. Rusty’s Accuracy

Fig. 4.11 shows the accuracy of Rusty for predicting L3M, IPC and NRG per workload,
for a history value equal to 50 and horizon equal to 1. As we see, Rusty achieves pretty
high accuracies from 0.92 up to 0.99 R2 scores for all the three target prediction variables,
with 0.991, 0.988 and 0.994 R2 score on average for L3M, IPC and NRG, respectively. In
addition, it is notable that the considered LSTM architecture, although extracted over
the scikit suite, also fits and exposes high predictability on the cloudsuite and spec2006
workloads.

To further validate the robustness of Rusty, we also examine the accuracy for different
splits of training and test sets. Fig. 4.12a depicts the average accuracy among all tar-
get workloads for training-test split percentages equal to 50-50, 60-40, 70-30, 80-20 and
90-10 of the whole dataset. As shown, Rusty consistently exhibits high accuracies for
all our metrics of interest, over different training-test splits, ranging from 0.98 up to
0.998. This forms a very important and promising outcome, showing that Rusty can
deliver very high prediction capabilities without resorting to extremely time consum-
ing traversals on the overall LSTM design space each time a new workload is given as
input.

4.4.2. Rusty’s accuracy on unseen workloads

In order to investigate the ability of Rusty to extrapolate to new workloads, we generated
and evaluated 5 different scenarios, regarding the workloads used during training and
inference, which are described in Table 4.5. Specifically, for the first 3 scenarios, all but
one suites are used as training sets and the remaining one as testing. Since each bench-

Table 4.5.: Different training/inference scenarios

# Training Test
1 SK[1-8], SP[1-6] CS[1-7]
2 SP[1-6], CS[1-7] SK[1-8]
3 CS[1-7], SK[1-8] SP[1-6]
4 SK[1-4], SP[1-3], CS[1-3] SK[5-8], SP[4-6], CS[4-7]
5 SK[5-8], SP[4-6], CS[4-7] SK[1-4], SP[1-3], CS[1-3]
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mark suite captures specific system utilization patterns, we note that the aforementioned
scenarios define a set of extremely stressed prediction cases, where the extracted model
is called to make inference on unseen patterns, i.e. patterns not trained on. Respectively,
in scenarios 4 and 5, the first half of the workloads from each suite are used as training
set and the second half as inference, and vice-versa.

Fig. 4.12b depicts the R2 achieved for all the target prediction variables and for each
one of the aforementioned scenarios. This figure also reveals the capability of Rusty to
achieve high prediction efficiency as far as the IPC and the L3M metrics are concerned,
with an average of 0.965 and 0.988 R2 scores respectively, among all scenarios. Regarding
the NRG metric, we can see that Rusty exhibits high accuracies for scenarios 2-5, but
experiences a huge drop on scenario 1. This inaccuracy can be interpreted if we take
a close look at Table 4.3. In scenario 1, we used workloads from the scikit-learn and
the spec2006 suites as our training dataset and cloudsuite as our test one. Regarding the
former workloads (train set) we can observe that the ratio of NRG to IPC is approximately
in the range (2,3), whereas for the latter ones (test set) the ratio increases to (5,6).
Therefore, in scenario 1, we are enforcing the LSTM network to make predictions on
patterns either under- or non-represented in our training data, i.e. reassembling an
inefficient/problematic data engineering strategy where careless selection of training set
fail to paint the whole picture.

4.4.3. Rusty’s accuracy on unseen machine

We further investigate whether Rusty can be directly transferred, i.e. without re-training,
among machines with different specifications and micro-architectures. This forms also an
extreme stressed evaluation scenario for Rusty, to evaluate its generalization capabili-
ties without adapting the typical full-retraining approach used in other predictive model
solutions [206].

We deploy Rusty on a baremetal, m5.metal, machine (to allow access to MSR registers)
from Amazon EC2 [72] (Table 4.7). We execute 100 different scenarios, where, at each
scenario, a random number of workloads are spawned from the pool of spec2006 and
scikit-learn suites.We utilized the Rusty model trained with traces derived from our initial
server system (Table 4.1) and evaluate the accuracy of this model on traces from the EC2
instance.

Figure 4.13 shows the R2 achieved per workload for all the three target metrics, for a
history value of 50 and a horizon of 20. As shown, Rusty experiences a slightly lower, but
still high, accuracy, with R2 scores ranging from 0.76 up to 0.99, experiencing an average
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Table 4.7.: AWS EC2 m5.metal specifications

Processor Model Intel® Xeon® Platinum 8175M
Cores per socket 24 (48 logical) @2.50GHz
Sockets 2
L1 Cache 32KB instr. & 32KB data
L2 Cache 1024K
L3 Cache 33MB, 11-way set-associative
Memory 396GB @2666 MT/s
Operating System Ubuntu 18.04, kernel v4.15
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Figure 4.13.. Rusty’s ability to extrapolate to new machines.

reduction of 0.01, 0.10 and 0.12 for L3M, IPC and NRG respectively. This experiment
reveals that, even though the underlying architecture has changed, there are repeated
patterns in the signal traces of the workloads, which Rusty is able to capture, due to the
normalization performed during the data pre-process phase.

However, to be able to determine the real values of the metrics, we should maintain the
max value of each metric used during normalization. Moreover, the accuracy of the model
can be further improved by either retraining the network or by applying transfer learning
techniques [308]. Nevertheless, this figure reveals the ability of Rusty to extrapolate to
new machines, thus forming an ideal monitoring solution for modern data-centers that
feature server nodes with differing micro-architecture.

We note that the aforementioned experimental study examined a limited of differing ar-
chitectures, showcasing as a proof-of-concept Rusty’s generalization capabilities. This
does not mean that Rusty is transferable retaining its high efficiency among all differ-
ent architectures available on a data-center without any modifications and/or retrain-
ing.
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4.4.4. Comparative analysis

To ascertain the superiority of LSTMs over simpler ML models and time-series analy-
sis techniques, we further perform a comparative analysis between the accuracy of our
adopted LSTM versus i) an Autoregressive Integrated Moving Average (ARIMA) model,
ii) a Linear Regression (LR) model and iii) a Multi-Layer Perceptron Regressor (MLP).
LR has been used in prior works for predicting system and higher-level metrics [217,309],
whereas MLP was chosen due to its ability to capture non-linear dependencies. For the
ARIMA technique we utilized the auto_arima function from python’s pyramid.arima
sub-module, where as the LR and MLP models were trained with the scikit-learn [283]
library. We examine the accuracy of the aforementioned models, trained for differing his-
tory window sizes as well as prediction horizons, both ranging between [4, 50], under
various random interference scenarios, i.e. considering randomly co-located workloads
from scikit, cloudsuite and spec2006 suites.

Fig. 4.14 shows a violin-plot diagram comparing the four examined models, over all our
target workloads and metrics, by considering the distribution of R2 scores achieved. As
shown, LSTM outperforms the other three approaches, providing more robust and accu-
rate predictions, since for all the three examined metrics depicted both the median as
well as the 25th and 75th percentiles values of the respective distributions are greater.
Moreover, the converged violin shape of the LSTM closer to R2 scores equal to 1 re-
veals that even though LR and MLP also provide quite accurate predictions, LSTM
tends to behave better providing consistently better forecasting of future metrics. Fi-
nally, throughout our experiments we observed that, for deeper horizon values (> 6), the
score gap between LR and LSTM rises constantly, showing the deficiency of the linear

62



4.4. Evaluation

Table 4.9.: Rusty’s accuracy for additional PCM metrics

L3OCC C0-state READ WRITE QPI
0.988 0.984 0.999 0.998 0.999

model to capture non-linearities in the time-series signal, whereas MLP and LSTM be-
have almost the same, with LSTM being slightly more accurate in the majority of the
cases.

4.4.5. Evaluating Rusty for further PCM metrics

As mentioned in section 4.3.1, Rusty receives as input the low-level metric to be predicted.
In this experiment, we evaluate Rusty for additional low-level performance counters pro-
vided by the PCM tool. Specifically, we assess the efficiency of Rusty for predicting the
LLC occupancy (L3OCC) and the C0-state (C0) of the core executing our target work-
load, the reads(RD)/writes(WR) of the sockets of the system from/to the memory and
also the total Quick Path Interconnect (QPI) traffic of the system for a history of 50 and
an horizon of 20 samples, using the overall best architecture obtained from section 4.3.2
and a train-test split of 70%-30% respectively.

Table 4.9 shows the accuracy in terms of R2 score achieved by Rusty for the aforemen-
tioned additional low-level metrics. From this table it is evident that Rusty’s method-
ology is not bound to the explicit low-level performance counters considered throughout
the chapter, but can be applied to any metric found in the system. Especially for metrics
higher in the system hierarchy (e.g. socket or system metrics) Rusty can provide ex-
tremely accurate results, as shown both by the previous evaluation of the socket’s energy
consumption and also from the accuracy achieved for READs, WRITEs and the QPI traf-
fic. The above analysis shows that Rusty forms an effective universal predictive framework
for low-level system metrics, capturing interference from either aggregated traces, e.g. en-
ergy, reads or writes etc., found higher in the system hierarchy, up to more primitive ones,
closer to the core level, e.g. per-core IPC, L3-occupancy etc.

4.4.6. Rusty’s Overhead

Rusty’s high frequency monitoring and inference engine inevitably affects the perfor-
mance of the underlying system. Figure 4.15 provides two heatmaps, showing the av-
erage CPU utilization as derived from Unix’s top command, as well as the average in-

63



Rusty

ference time required for Rusty to predict the IPC for different number of OpenMP
threads given for inference and cores for which Rusty predicts low-level metrics for.
We should note here, that, by default, top displays CPU% as a percentage of a sin-
gle CPU, of the system, thus, on multi-core we can have percentages that are greater
than 100%.

These figures reveal that scaling the number of OpenMP threads does not reduce the
inference time needed to predict future metrics, while at the same time inficts huge uti-
lization overhead on our system. This is due to the fact that the overhead of dispatching
the computation to multiple threads is not counterbalanced by the overall effort required
to make the predictions for a single-vector inference batch. In addition, we also see
that the inference time needed to make more than 4 predictions on the system cannot
follow the high frequency monitoring interval of 100msec. In fact, Rusty requires al-
most 1 second to predict the IPC for all the 48 available cores on the system. From
the above analysis, it is shown that a reasonable strategy regarding Rusty’s placement
would be to allocate a Rusty monitor in 1 core dedicating around 60% of its resources
to predict metrics from 4 other cores of the system. We note that this level resource
consumption is not expected to incur any starvation issues in real environments, since
recent reports show that the average resource utilization inside data-centers is around
50%-60% [29].

To further evaluate the overhead by Rusty, we also provide the performance degradation
imposed to our examined workloads when co-located on the same physical core with
PCM-only and Rusty compared to a totally isolated execution. Figure 4.16 shows the
per-application slowdown (%). As we see most of the cloudsuite workloads are immune to
interference effects imposed by the monitoring tools. The highest slowdown is experienced
by application CS2, which uses Apache Spark to run a collaborative filtering algorithm.
For all the other cases , we observe a similar pattern on the performance overhead of both
PCM and Rusty, with the former imposing an average of 4% and the latter an average of
13% performance overhead respectively.

Finally, for completeness, we also provide the time for changing the cache allocation knob,
i.e. CAT policy, and the power capping, using RAPL, of the targeted Intel Xeon server,
which is 0.018s and 0.012s on average respectively. Based on the above, we can conclude
that the imposed overhead of the proposed methodology is suitable for supporting online
decision making and resource allocation.
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of system cores predicted and OpenMP threads given to Pytorch library.
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4.4.7. Correlating lower- with higher-level performance metrics

Predictive monitoring on performance counters provide low level information regarding
the state of the underlying system at a per-resource manner, thus allowing us to detect
true causes of interference and bottlenecks, i.e. which resource is responsible for the
performance degradation our system (and consequently our workloads) is experiencing.
However, it is also considered of great importance, these low level insights to be projected
to higher-level metrics of interest, such as the slowdown applications experience, upcom-
ing QoS violations etc. In [206], the authors showed that predictive classification of QoS
violations is possible by exploiting the raw low-level performance counters. However,
gaining more insight, e.g. accurately predicting the actual slowdown of a workload is a
much more difficult regression problem, which requires additional models to be applied
on top of them.

We showcase the importance but also the applicability of exploiting this low level monitor-
ing information for slowdown predictability, through a rather simple exemplary scenario
of training a Multi-Linear Perceptron (MLP) regressor that receives low-level metrics of
the workload executed under interference as input features and predicts the respective
slowdown experienced. To determine the primary inputs of our model, we evaluated
the correlation between application slowdown, defined in this case as Tisolated

Tinterfered
, and

various performance monitoring distribution statistics, and utilize the most highly cor-
related features, namely the degradation of the mean and median IPC, L3M and LLC
occupancy compared to the isolated execution. Our model consists of 6 layers and 64
features per layer. Moreover, our dataset consists of 100 instances per suite’s work-
load, each instance corresponding to execution with diverse interference, where 90% of
the dataset is used as training and 10% as test set respectively. We also performed a
6-fold cross-validation to examine the robustness of the model. Figure 4.17 illustrates
the residuals of the regression for the scikit-learn and cloudsuite benchmarks, where the
x and y axes, show the real and predictive slowdown the application experienced. As
demonstrated, the MLP predictor can quite effectively forecast the slowdown the work-
loads experienced, with a Mean Squared Error (MSE) of 0.003 for the scikit-learn and
0.03 for the spec2006 suite1. Although rather simple in implementation complexity, this
exemplary case shows the potential of exposing low-level performance counters to higher-
level metrics of interest, forming a promising solution for runtime control using low-level
metrics.

1For Cloudsuite, the MLP regressor did not provide the similar accuracy results, thus, more descriptive
and deep networks might be required, which, however, are out of the scope of this work.
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Figure 4.17.. Slowdown prediction residuals.

4.4.8. Advantage of predictive monitoring for QoS guarantees

We evaluate the efficacy of predictive monitoring through a simple, but characteristic
example. Specifically, we evaluate the ability of a proactive vs. a reactive controller for
managing a Service-Level-Agreenment/Quality-of-Service (SLA/QoS) of an application
running on the system. For this particular example we examine CS2 as our target appli-
cation, which uses Apache Spark and runs a collaborative filtering algorithm in-memory
on a dataset of user-movie ratings. In addition, as SLA we consider the Instructions-
Per-Cycle achieved by the application, which can be considered as a proxy for the actual
performance of the application. We set a lower and upper IPC threshold equal to 1.2
and 1.4 respectively. For the reactive controller, we calculate the average IPC over the
last 2 seconds and once the former threshold is violated we increase the number of cores
given on the application to the next available value in the set [1,2,4], while if the lat-
ter threshold is surpassed we decrease the cores respectively. On the other hand, for
the predictive controller, we predict and calculate the average IPC of the next 2 sec-
onds (horizon value equal to 20) and perform the same actions as above based on the
result. Finally, both controllers have a decision making interval equal to 10 samples,
i.e. the decision for boosting/relaxing the application is repeatedly taken every 1 sec-
ond.

To imitate interference through the experiment, we utilize iBench, by spawning 42 random
workloads from the pool of the available ones. The arrival and completion time of each
iBench workload is determined by a Poisson distribution with lambda value equal to 2,
in order to emulate periods of disparate interference. Figure 4.18a depicts the arrival
and completion distributions used in this experiment. As we can see the system first
experiences a period of low-interference, followed by a period of rapid stress, which then
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Figure 4.18.. Reactive vs. Proactive SLA-driven control of Spark workload.

gradually declines.

Figure 4.18b shows the respective traces for the complete execution of the spark work-
load, tuned by the reactive and proactive controllers. The red dotted lines show the
IPC thresholds, whereas the scatter plot on top shows the number of cores given to the
Spark workload at each point in time (lower is 1, medium 2 and higher 4). This figure
reveals the advantage of the proactive approach to avoid IPC violations when feasible.
Specifically, we can observe two clear points in the graph, where the proactive approach
achieves to sustain the SLA agreement opposed to the reactive one, i.e. point ∼ 23 and
point ∼ 32 in time. In these two points, the "intelligence" of the proactive controller
becomes apparent, by keeping steady/scaling down the number of cores given to the
Spark workload, in order to avoid violating the lower and upper threshold respectively.
In addition, through this figure we also see that there are certain violations which are
inevitable, as for example the one happened in point ∼ 48 in time. However, even in such
cases, we can see the attempt of the proactive controller to pre-increase the number of the
cores given to the examined application. As expected, the overall execution time in the
proactively regulated case is larger, since we apply the SLA also to the upper achievable
IPC.

4.5. Conclusion

Run-time predictability of systems under interference is essential for better manage-
ment of resources in modern large-scale cloud data centers. We proposed Rusty, a
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lightweight LSTM-based predictive monitoring framework able to provide fast, accu-
rate, non-intermittent and interference-aware predictions of low-level system metrics in
multi-tenant systems. We analyzed and explored several schemes of LSTMs conclud-
ing to a generic efficient LSTM architecture in terms of accuracy, responsiveness to
run-time constraints and computational cost. We showed that Rusty forms a realistic
solution achieving extremely high prediction accuracy R2 of 0.98 on average under prag-
matic workload consolidation scenarios driving modern cloud platforms and also that
it satisfies the strict latency constraints imposed by low-level system knob activation.
We foresee Rusty to be integrated in existing orchestration frameworks, capturing com-
plex system dynamics and assisting towards more elaborated resource allocation deci-
sions.
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Chapter 5.

Deep-Learning Driven, Interference-Aware
Memory Orchestration for Disaggregated
Cloud Infrastructures

Efficient utilization of resources forms a top priority for data-center providers, as it pro-
vides both for better performance delivered to end-users and enhanced cost-efficiency. To
tackle the problem of resource under-utilization, workload co-location has become the de-
facto approach for hosting applications in such environments. On top of that, hardware
disaggregation is introduced as a novel paradigm, which allows fine-grained and dynamic
tailoring of cloud resources to the characteristics of the deployed workloads. Towards
the realization of hardware disaggregated clouds, novel orchestration frameworks must
provide additional knobs to manage the increased scheduling complexity. In this chap-
ter, we present Adrias, an orchestration framework leveraging predictive monitoring for
memory disaggregated cloud systems. Adrias leverages low-level performance events and
applies deep learning techniques to effectively predict the system status and performance
of arriving workloads on memory disaggregated systems, thus, driving cognitive scheduling
between local and remote memory allocation modes. We evaluate Adrias on a state-of-art
disaggregated testbed and show that it achieves approximately 0.99 and 0.942 R2 accuracy
for system state and application’s performance prediction respectively. Moreover, Adrias
manages to effectively utilize disaggregated memory, by offloading almost 1/3 of deployed
applications with less than 15% performance overhead compared to a conventional local
memory scheduling, while clearly outperforms naive scheduling approaches (random and
round-robin), by providing up to ×2 better performance.
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5.1. Introduction

Over the last years, cloud computing has been established as the new standard for
application deployment, and is expected to grow even more in the near future, due
to the flexibility and cost effectiveness it offers [310]. From the providers’ point of
view, maximizing performance delivered to customers while minimizing the total cost
of ownership (TCO) is a first-class system design concern. However, such conflict-
ing requirements are difficult to achieve, since maximizing performance requires iso-
lated execution of workloads, which, however, leads to high resource under-utilization
[29,30,311].

To tackle this problem, cloud providers have adopted workload co-location and multi-
tenancy [40, 312] as their de-facto deployment model. While this approach improves the
overall resource utilization of cloud datacenters, it also leads to interference in shared
resources, which in turn induces variability and degradation in applications’ perfor-
mance [41,88,116,313]. As a result, intelligent orchestration and allocation of computing
resources have been developed both from academia [41,63, 64] and industry [117], where
complex cluster-wide software mechanisms control how hardware resources are assigned
to applications.

Cloud systems typically involve two layers of resource management which are orthogonal
to each other and can be applied independently, i.e., L1) The initial static allocation
of resources and placement of incoming applications (so called resource orchestration)
and L2) the dynamic adjustment of allocated resources to meet requirements of applica-
tions (so called runtime management). Mechanisms in the first category should be able
to identify the resource requirements of incoming (possibly unknown) applications, and
avoid placements that lead to resource interference, while also considering the underlying
HW heterogeneity [28, 41, 73, 88, 314]. The second layer includes runtime mechanisms
that dynamically optimize the performance of running applications, such as SW con-
trollers [40, 315] and/or OS-integrated extensions [241, 316] that regulate resources of
deployed applications.

Despite their sophistication, software only mechanisms have proven incapable of fully
resolving the resources under-utilization problem, that is mostly a bi-product of the
diverse computational requirements of cloud workloads combined with the fixed resource
proportionality of cloud-server systems. As a consequence, it is common in modern data-
centers to observe a fragmentation of resources that are available yet not consumable by
any workload [317,318].

To overcome this resource wall challenge, hardware disaggregation has been proposed as
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a new design paradigm [44,319–321]. In a disaggregated cloud, the underlying hardware
infrastructure is organized as a pool of heterogeneous resources that can be composed on-
demand into compute units tailored on workload-specific requirements. Recent scientific
research has examined the applicability of the disaggregated concept on several compo-
nents of modern Cloud and HPC infrastructures, including processing units [168,322–324],
memory [1,43,325,326] and storage [324,327–329]. In addition, rack-scale operating sys-
tems [330] and runtimes [331] have been proposed for managing disaggregated resources.
Typically, disaggregated systems either package hardware resources in one big "case"
and connect them with buses like PCIe [168, 332], or rely on high-bandwidth, physi-
cal network interconnections [1, 244, 324, 330], optical switches [333, 334] coupled with
software APIs [330, 335, 336] used to expose and interact with the available cluster re-
sources.

As a result, even though hardware disaggregation offers more fine-grained organization
of computing resources, leading to improved resource utilization, elasticity, heterogeneity
and failure isolation, it also introduces new optimization knobs (e.g., selection between
local vs remote memory allocation), which have to be properly managed to provide in-
creased resource efficiency. Especially for memory disaggregated cloud systems, orches-
trated access to memory resources is required given that applications performance can
be severely impacted due to the increased latency in accessing remote memory [337],
while memory access patterns often reveal unpredictable fluctuations throughout execu-
tion [162, 208]. Moreover, recent research has revealed that the binary code footprint
of cloud workloads is one to two orders of magnitude larger than the L1 instruction
cache and can lead to repeating instruction cache misses, hurting performance [288,289],
whereas latest reports from large-scale clouds show that memory is becoming the new
performance bottleneck [29].

Need for memory orchestration: This work focuses on memory-disaggregated infras-
tructures addressing the newly induced problem of interference-aware memory orchestra-
tion. In a memory disaggregated system, orchestrated placement to memory resources is
required to minimize the impact on applications performance due to the increased latency
in accessing remote memory [337]. While prior research efforts have thoroughly exam-
ined dynamic runtime mechanisms (L2 – e.g., page migration/prefetching) for memory-
disaggregated and multi-tiered memory systems [239, 316, 338], limited work has been
conducted with respect to the problem of interference-aware memory placement in dis-
aggregated clouds (L1), since existing scheduling approaches [41, 88, 339] neither target
memory orchestration nor been have extensively examined for such composable systems.
However, orchestration of memory resources in disaggregated environments is critical for
two main reasons: i) In presence of interference, determining an efficient memory map-
ping can significantly improve the overall performance of the application and ii) Optimal
initial allocation of memory can minimize the amount of data travelling back and forth
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through the network, e.g., in applications that present a low ratio of hot versus cold
pages

Adrias Contributions: In this chapter we introduce Adrias1, an interference-aware
memory orchestration framework that enables effective/optimized data placement deci-
sions on memory-disaggregated cloud infrastructures. The key features of Adrias could
be summarized through: i) its ability to forecast the tendency of system-wide metrics in
the future, thus driving proactive memory orchestration decisions; ii) its accurate per-
formance predictions for deployed applications w.r.t. memory heterogeneity (local/fast
vs. remote/slow DRAM) and interference and iii) its power to leverage disaggregated
memory with minimal impact on the performance of deployed applications without the
employment of dynamic memory management mechanisms. Adrias exploits system-level
performance monitoring information and leverages deep learning approaches to place
incoming applications on the pool of available memory resources. To the best of our
knowledge, this is the first work tackling the problem of interference-aware memory or-
chestration, i.e. applications’ data placement on memory-disaggregated cloud systems.
Our main contributions are:

• We perform an in-depth exploration and provide new insights on the performance
sensitivities and capabilities of the state-of-art ThymesisFlow disaggrageted mem-
ory testbed [1]. We characterize ThymesisFlow testbed under various interference
scenarios for a set of in-memory cloud workloads, namely Redis object storage,
Memcached key-value store and several Spark analytics and analyze the impact of
memory disaggregation w.r.t. their performance.

• We propose two deep learning models tailored to disaggregated memory systems;
i) a system state prediction model that forecasts the tendency of monitored perfor-
mance events in the future and ii) a performance prediction model that estimates
the performance of applications, when deployed on memory disaggregated systems.
Using these models, we are able to accurately predict the tendency of system met-
rics and performance of incoming applications, achieving up to 0.999 and 0.942 R2

scores respectively.

• We present Adrias, an orchestration framework for memory disaggregated systems.
By leveraging the developed prediction models and a naive, yet effective, scheduling
logic, Adrias employs remote memory efficiently, by offloading up to 35% of best-
effort applications with less than 15% performance degradation compared to a local
DRAM memory allocation approach and also provide comparable QoS guarantees

1Adrias was a WWII battleship that hit an underwater mine and was split in half. In spite of the
damage suffered, Adrias managed to survive.
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5.2. Disaggregated Memory Testbed

for latency-critical ones.

The rest of this chapter is organized as follows. Section 5.2 gives a brief overview of the
memory-disaggregated testbed used to design and evaluate Adrias. Section 5.3 describes
the experimental setup of this work and also presents an extensive characterization of a
real memory disaggregated testbed along with a set of realistic in-memory applications.
Section 5.4 presents Adrias, our proposed orchestration framework for memory disaggre-
gated systems and finally, sections 5.5 and 5.7 show our experimental results and conclude
the chapter respectively.

5.2. Disaggregated Memory Testbed

Memory disaggregation is not a new subject of study, with several approaches appearing
over the years. There are fully software-based approaches that expose remote memory as
Linux swap devices or rely on RDMA transfers to be explicitly programmed for moving
memory blocks to from/remote memory [326,330,336,340–343]. Efficient use of RDMAs
often involves having to reserve and pin chunks of memory beforehand that leads to
inefficient utilization of memory resources. A number of full hardware solutions have
also been proposed [1, 331, 344] that although different, they are all mostly based on
intercepting low level CPU memory operations to process and forward them towards
remote systems. In this work we focus on the ThymesisFlow open source hardware [1]
that incurs minimal software overheads, and it is easy to integrate with applications and
operating systems.

Prototype Setup: We replicate the disaggregated system described in [1]. Specifically,
all of our experiments have been performed on the ThymesisFlow [345] open-source real
memory-disaggregated testbed prototype consisting of two POWER9 servers, the spec-
ifications of which are shown in Table 5.1. Both servers run RedHat Enterprise Linux
(Kernel v5.8.0) and are equipped with an Alpha Data 9V3 card, that features a Xilinx
Ultrascale FPGA. The FPGAs are connected back-to-back using a single copper cable
that models a 100Mbps point-to-point connection in a circuit switched disaggregation
network fabric.

Hardware Architecture: Figure 5.1 depicts the hardware infrastructure of the Thymes-
isFlow prototype. On both servers the FPGAs are interfaced to the CPU bus using
the OpenCAPI [346] prototcol, that enables among other things coherent access to the
CPU memory from an accelerator. The interface between CPU and FPGA is based on
8x25Gbps serial links for a total of 200Gbps. On the borrowing side, the OpenCAPI
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Figure 5.1.. ThymesisFlow [1] architecture overview

accelerator is mapped at a specific physical location in the CPU bus that can be then
hot-plugged as regular memory. On the lender side the OpenCAPI accelerator accesses
the memory on behalf of the borrower by totally bypassing the lender CPU, thus avoiding
any unnecessary overhead. ThymesisFlow enables byte-addressable disaggregated mem-
ory that does not require any software support such as in the case of solutions based on
RDMA [239, 326] and those enabling disaggregated memory by means of a Linux swap
device [340, 342]. Every time a memory access performed at the borrower side causes a
last level cache miss or flush, the cache line is refilled/flushed via remote memory. An
OpenCAPI transaction (read or write) is generated by the borrowing CPU and received
by the FPGA. Here the transaction address is modified to a valid one at the lender side
and the operation traverses the circuit network (100Gbps) towards the FPGA at the re-
mote node, where the OpenCAPI transaction is re-issued on the bus towards the memory.
Responses in case of a read follow the reverse path.

Software Architecture: From the software standpoint, the two servers in the prototype
are not symmetric. ThymesisFlow enables the borrower-lender model, where the lender

Table 5.1.: Target System specifications

Processor Model IBM POWER9
Cores per socket 16 (64 logical) @3.7GHz
Sockets 2
L1 Cache 32KB instr. & 32KB data
L2 Cache 512KB
L3 Cache 10MB 20-way set associative
Memory 1.2TB @2666MHz
Operating System RHEL Linux v8.2
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Figure 5.2.. Capacity of our memory disaggregated testbed for different stressing
scenarios. Different color shades denote different number of memory bandwidth

stressing microbenchmarks [2] deployed on remote memory mode.

gives away part of its local memory for access from a remote borrower. ThymesisFlow
provides libthymesisflow for managing the attachment and detachment of disaggre-
gated memory. libthymesisflow is based on a user-space daemon running on each node
and a cli tool used for requesting attachment/detachment of memory. On the borrower
server, ThymesisFlow exposes disaggregated memory as a CPU-less NUMA node. This
allows users to avail of all Linux default NUMA-aware functionalities and tools. Users can
alternatively decide to either hotplug the disaggregated memory to the running Linux sys-
tem in the borrower server, or to keep it out from the Linux kernel memory management
system for using custom (user-provided) memory allocators. In this work we hotplug
the disaggregated memory and we control how applications access it by means of special
Linux crgoups.

Disaggregation Modes: In this work, we examine only two out of the four available
allocation mechanisms of ThymesisFlow, i.e., local: all memory requests are served locally
and disaggregated: all memory needs of the application are satisfied by memory borrowed
from a neighbor node.

5.3. Analysing memory disaggregation under interference

In this section, we perform an interference-aware analysis of the ThymesisFlow memory
disaggregation testbed. We unveil important insights concerning both potential hardware
limits of memory disaggregated systems, as well as resource contention impact on the per-
formance of applications leveraging disaggregated memory allocations.
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5.3.1. Examined Workloads

Cloud infrastructures typically host two types of workloads, best-effort (BE) and latency-
critical (LC) ones. The former require the highest possible throughput while the latter
have strict QoS guarantees. To cover both types of applications, we examine the following
open-source, in-memory applications:

• Redis (LC): Redis [104] is a NoSQL key/value store that keeps data in memory and
is used primarily as an application cache or quick-response database. We examine
the impact of local and remote memory allocation modes on Redis server instances,
serving user requests. We generate requests using the memtier_benchmark [347], a
tool for load generation and bechmarking of NoSQL key-value databases. For the
majority of our experiments (except section 5.3.3) we consider a constant load of
200 clients with 10000 requests per client and a SET:GET ratio of 1:10.

• Memcached (LC): Memcached [105] is a distributed memory object caching sys-
tem, used to cache data and objects in the main memory. Similar to the Redis case,
we examine the impact of disaggregated memory on Memcached server instances
and we generate requests using the memtier_benchmark tool [347]. We consider
200 clients, 40000 requests per client and a SET:GET ratio of 1:10.

• Spark in-memory analytics (BE): Apache Spark [245] is an open-source unified
analytics engine for large-scale data processing. We examine 17 different spark
applications derived from the HiBench benchmark suite [2], namely als, bayes,
gbt, gmm, kmeans, lda, lr, nweight, pagerank, pca, repartition, rf, sort, svd,
svm, terasort and wordcount. These applications are long-running, best-effort
(BE) ones and cover representative workloads from different domains, i.e., graph
processing, machine learning and web searching. We run every application using the
default Spark parameter configuration and the small dataset as described in [2]. We
study the impact of disaggregated memory only on the executor processes, which
perform all the task computations.

In order to emulate real-life Cloud deployments, all the referenced benchmarks running on
the system have been containerized using the Docker engine [286].

Load generation: We use asymmetric load generation on the underlying system, by
co-locating LC, BE and iBench [3] interference microbenchmarks, as described in Sec-
tion5.4.2. For LC workloads, we utilize the memtier_benchmark [347], i.e. the official
Redis Labs’ utility for load generation of NoSQL key-value databases. Tail latency is
measured using a set of closed-loop memtier clients [348] over asymmetric co-located

78



5.3. Analysing memory disaggregation under interference

workloads. More in detail, our setup spawns 4 threads, where each thread spawns 200
clients, i.e. eliminating client-bias [349, 350]. We use a SET:GET ratio of 1:10 and gen-
erate a constant load of 10000 and 40000 requests per client. This configuration leads to
a total of approximately 30.000 and 100.000 operations served per second for Redis and
Memcached respectively, which closely relate to realistic loads found in production, e.g.,
Facebook services [351,352].

5.3.2. Limits of HW memory disaggregation on ThymesisFlow

We first assess the capacity of our prototype while performing memory operations. The
goal of this characterization is identifying system and cpu metrics related to memory
accesses that impact the performance of applications. For this purpose, we utilize the
iBench benchmarking suite [3], that provides a set of interference micro-benchmarks,
each of which stresses a different resource on a multi-core server. For this analysis, we
examine the effect of repeated data movement between the local and remote system;
in more detail, we spawn the memBW micro-benchmark that is designed for testing the
memory bandwidth of a system. We run an increasing number of memBW instances (1 to
32) to test different memory bandwidth requirements, and forcing it in using memory
borrowed from the remote system, thus generating memory traffic on the communication
between the FPGA devices in the ThymesisFlow prototype. In addition to the traffic
between the FPGAs, we also track utilization of resources in the local node memory
system. Specifically, we measure the number of flits (32B) received (rx) and transmitted
(tx), and the average latency on the ThymesisFlow communication channel. Whereas,
for the local system we gather the Last Level Cache (LLC) loads and misses, and the
memory loads and stores. Figure 5.2 shows the results and also reveals three important
remarks (R1-R3).

R1) Bounded throughput: The throughput (in terms of flits/sec) of the disaggregated
memory reveals an upper bound in the amount of both transmitted and received data,
with a cap of approximately 320MBps2. This value reveals that remote memory has
approximately a three orders of magnitude lower bandwidth threshold compared to con-
ventional DDR4 memory systems, which can support a theoretical of 120 GBps sustained
memory bandwidth [353].

R2) Communication latency: As shown, low to medium amounts of generated traffic
(1 up to 4 memory bandwidth microbenchmarks) the average latency on the communi-
cation channel follows a steady state of approximately 350 cycles/sec. However, in cases

2Given that each flit is 32B, we compute rx and tx bandwidth in B/s by multiplying with 32 [1].
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Figure 5.3.. Spark performance characterization (total execution time) when executed
in isolation on local and remote memory.

of increased traffic (8 up to 32 micro-benchmarks) this latency is almost tripled, reaching
a yield plateau of 900 cycles/sec. Until the 4 micro-benchmarks mark, the Thymes-
isFlow prototype is capable of handling the memory requests received and the latency
remains constant across all executions, while bandwidth increases steadily. From 8 micro-
benchmarks onwards, the ThymesisFlow channel is saturated ( bandwidth plateau) and
the back-pressure mechanism implemented in the FPGAs starts delaying memory trans-
actions, hence the step in latency.

R3) Local system interference: As shown, application deployment on remote memory
also induces interference on the memory hierarchy of the local system. This is expected
for chip-level metrics (e.g., LLC Loads and Misses), as the cache memory hierarchy lies
beneath the abstraction layer of local/remote memory accesses. Regarding memory loads
and stores, remote pages are memory-mapped and handled through an enhanced numactl
memory controller and, thus, all remote traffic is handled on-chip by memory controllers
of the local node.

5.3.3. Workload characterization

We further quantify the impact of local and remote allocations on the performance
of our applications when executed in isolation and under different interference scenar-
ios.

Execution in isolation: For LC applications (Redis, Memcached), we examine the 99th
and 99.9th response percentiles (tail latency) under different loads by scaling the number
of clients requesting Set and Get operations. For BE (Spark) ones, we examine the execu-
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Figure 5.4.. Tail latency of LC applications with increasing requests per second when
executed in isolation on local and remote memory.

tion time of applications for the two memory allocation modes. Figure 5.4 and Figure 5.3
show the results for LC and BE applications respectively.

R4) Non-uniform performance variation: For Redis and Memcached applications
we confirm the results reported in prior work [1] that local and remote memory allocation
modes provide almost identical curves in terms of tail latency, for all the configurations ex-
amined. This similarity in performance was also expected due to the fact that in-memory
caches typically perform many small read and write memory accesses with minimal band-
width pressure requirements, which can be easily attained based on the specifications of
our disaggregated system, as shown in Section 5.3.2. On the other hand, for Spark ap-
plications we notice a different performance pattern. Specifically, we observe an average
degradation of 20% over all our examined benchmarks. However, the performance gap
measured is not constant across all the Spark applications tested, showing that remote
memory is suitable for some applications while it is not the best options for others. For
example in Figure 5.3, we observe that nweight and lr suffer almost a ×2 slowdown
when ran on remote memory, whereas others, such as gmm and pca experience less than
10% performance degradation.

Execution under interference: Last, we examine the sensitivity of our considered
workloads with respect to different interference effects. Specifically, we investigate the
relative impact of resource contention on different levels of the system hierarchy, between
local and remote memory allocation modes. Similar to Section 5.3.2, we make use of the
iBench [3] suite. First, we deploy our target application and measure its performance on
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local and remote memory under the four interference scenarios namely: cpu, l2, l3 and
memBw. For both modes (local and remote), we spawn a different number (1 up to 16) of
resource trashing micro-benchmarks, targeting different resources on the system (CPU,
L2-cache, Last-Level-Cache and Memory Bandwidth), i.e., if the application is deployed
on local memory, so are the ibench microbenchmarks and vice-versa. Figure 5.5 shows
the respective results, where the density of each cell depicts the performance slowdown
of the respective scenario between local and remote memory, with darker colors denoting
a greater gap. This figure reveals three major insights:

R5) Performance chasm under contention: We observe that after a certain thresh-
old (typically 16 for L3 and > 8 for memBw micro-benchmarks), the same amount of inter-
ference results in much higher performance degradation on the remote memory, reaching
up to ×4 additional slowdown in certain cases. Combined with the results presented
in Figure5.2, we observe that this threshold corresponds to the saturation point in the
communication channel of the FPGAs. This is true both for BE and LC applications,
with the latter appearing to be more resistant on interference effects. This shows that
remote memory gets saturated much more easily than local DRAM, which also confirms
our observation regarding the limitation of remote memory bandwidth made in Section
5.3.2.
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R6) LLC vitality: We see that contention on the LLC has the greatest negative im-
pact for the majority of the BE applications. Typically, interference on the LLC leads
to consecutive misses, which in turn are translated to increased memory bandwidth due
to read/write accesses from/to the main memory. However, while both LLC and mem-
ory bandwidth end up in generating traffic on the channel, we see that data locality
and caching is of paramount importance, as intense LLC contention (16 spawned mi-
crobenchmarks) leads to the worst possible performance degradation for the majority of
the Spark applications. Moreover, a sustained and increased interference effect on the
memory network bus, leads to gradual performance degradation, relative to the extent
of the underlying interference. Last, since in-memory databases rely heavily on pointer
chasing operations, which introduce poor on-chip spatial locality [354, 355], they appear
to be less cache sensitive, revealing higher response times only on memory bandwidth
interference scenarios.

R7) Stacking interference effects: For certain benchmarks (e.g., nweight, sort,
kmeans), we also notice a performance gap between local and remote memory also when
imposing interference on lower levels of the system hierarchy (i.e., CPU and L2 cache).
We call this a stacking interference effect. For such applications, we expect the remote
memory allocation mode to be a prohibitive option under realistic scenarios, where dif-
ferent resources are congested simultaneously.

5.3.4. Affinity of system & workload metrics

As shown in Section 5.3.2, low-level system metrics can provide insightful information
regarding the state of the underlying disaggregated system. Taking also into account the
high performance variability shown in Figure 5.5, it is evident that being able to project
low-level performance events to higher-level metrics of interest, such as applications slow-
down or increased transactions latency, would allow us to estimate application perfor-
mance solely through the assessment of lower-level metrics. To investigate whether such
a relationship exists, we examine the correlation between low-level system and high-level
application metrics prior and during execution when deployed using the remote memory
allocation mode. Specifically, we generate several deployment scenarios (similar to the
ones described in Section 5.4.2) by randomly co-locating different ibench workloads with
the examined benchmarks, and we keep track of the underlying system metrics during
execution.

We evaluate the linear correlation between the average system performance metrics 120
seconds prior to application scheduling (x), as well as during execution (x̃), with the ap-
plication performance, using the Pearson’s correlation coefficient. For Spark applications
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Figure 5.6.. Correlation between historical (x) and runtime (x̃) system performance
events and performance of deployed applications on remote memory.

we consider as performance the total execution time, whereas for Redis and Memcached
we study the end-to-end latency, the 99th and the 99.9th percentiles. Figure 5.6 shows
the respective results and clearly reveals the existence of a correlation between certain
metrics and the performance of applications. What is of great interest is that runtime
metrics reveal a much higher correlation compared to the historical ones, forming our
concluding remark:

R8) Predictive monitoring capability: Proactive runtime assessment of the state of
the underlying system is feasible and provides useful insights both regarding the system
itself, as well as the performance of deployed applications.

5.4. Adrias Design

The main goal of Adrias is to efficiently orchestrate applications arriving in a disaggre-
gated system, by deciding between local and remote memory allocation modes. The
idea behind Adrias’ architecture is driven by the remarks made during the character-
ization process (R1-R8), and have a one-to-one relationship with the framework’s in-
strumentation mechanisms. In short, a Watcher component continuously monitors and
gathers performance events of the underlying system. The Predictor exploits Long Short-
Term Memory (LSTM) models for forecasting the future state of the system and perfor-
mance of deployed applications. Finally, the Orchestrator utilizes the predictions to
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decide the memory allocation policies accordingly. Figure 5.7 shows an overview of
Adrias’ architecture. We note that even though Adrias uses the ThymesisFlow proto-
type, its design is not bound with specific memory-coherence protocols (e.g., OpenCAPI).

5.4.1. Watcher

The Watcher component is responsible for gathering performance events from the under-
lying hardware infrastructure, as well as the deployed containers on the system ( 1 ). It
monitors low-level performance events, providing insights on the data flowing through the
memory hierarchy of the system. Focus is given on cache- and memory-related perfor-
mance counters, as well as metrics that depict the status of the communication channel
between the local and the remote memory sub-system.
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Figure 5.8.. Overview of Watcher component

Driven by our analysis in Section 5.3.2, the Watcher component continuously monitors
the following metrics: Last-level cache misses (LLCmis), Last-level cache loads (LLCld),
Local DRAM memory loads (MEMld), Local DRAM memory stores (MEMst), FPGAs
communication’s channel average latency (RMTlat) and FPGAs receive (RMTrx) and
transmit (RMTtx) throughtput. For the CPU performance events of the local system,
we utilize Linux’s perf tool, while the events related to the FPGA channel are directly
provided by the ThymesisFlow framework [1]. We should note that the list of monitored
events can be seamlessly extended to support more metrics. Finally, we set the monitoring
interval of the the Watcher equal to 1 sec, which, as shown in [61], is a "sweet spot"
between inference overhead and QoS violations increment.

5.4.2. Stacked-LSTM Predictor

The purpose of the Predictor (Figure 5.7) is to forecast the future state of the underlying
system, as well as predicting the performance of incoming applications depending on the
memory allocation mode (local vs remote). The prediction process consists of two phases,
offline and online. The offline phase (design-time) involves three main activities: i)
collection of representative system metrics’ traces that correspond to "realistic" execution
scenarios ( 2 ), ii) generation of the dataset used for training and testing ( 3 ) and iii)
design, train and validation of the prediction models ( 4 ). In the online phase (run-time),
the Predictor utilizes the trained models to predict the aforementioned prediction metrics
of interest. The next three subsections provide details on the two prediction phases as
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well as the deep learning models used.

Offline phase: Interference-Aware trace collection

The first step of the offline phase concerns the collection of interference-aware traces of
low-level system metrics (by utilizing the Watcher component of Section 5.4.1). The
data collected is used as input dataset for training our deep learning models that will be
described later in this section. This step is vital for the overall functionality of Adrias,
since gathering representative data is essential to increase accuracy of any DNN model.
Adrias simulates different execution scenarios that imitate different realistic deployment
schemes on local and remote memory allocation modes. Figure 5.9 shows the flowchart
for generating each simulation scenario.

Start

Simulation
Duration

Spawn

Interval

{t1,t2}

bench =
rand(BE,LC,ibench)

alloc_mode =
rand(local,remote)

Deploy containersleep rand(t1,t2)
seconds

End Duration

finished?

NO

YES

Figure 5.9.. Flowchart of interference-aware trace collection

Scenario generation:We simulate different execution scenarios by employing a random
scenario generation approach. Each scenario is characterized by a spawn interval {t1, t2},
which denotes the arrival time range of consecutive application deployments on the sys-
tem. For instance, a spawn interval of {5,40} means that each new application arrives
after a random interval between 5 and 40 seconds. Within each interval we pick a ran-
dom benchmark either from the examined applications, or from the iBench pool and we
deploy it randomly on local or remote memory. Through iBench micro-benchmarks, we
aim to replicate supplementary interference scenarios that cannot be directly generated
by our examined LC and BE workloads. To capture the high dynamicity found in Cloud
environments [30], we examine different arrival rates, with sets ranging from {5,20} up to
{5,60}, where the former imitate more congested scenarios and the latter indicate a more
relaxed application arrival pattern. Figure 5.10 depicts three exemplary but representa-
tive scenarios, assuming heavy ({5,20}), moderate ({5,40}) and less ({5,60}) congested
application deployment distributions3. As shown, the specific setup exposes a wide vari-

3Through the random scenario generation, the maximum number of applications running simultane-
ously on the disaggregated testbed is 35, with Spark applications spawning 2 worker instances with 4
threads each.
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Figure 5.10.. Number of concurrent applications (top) and performance metrics over
time for three representative scenarios. Adrias’ data acquisition scheme captures
different congestion phases, both within the same and among different scenarios.

ety of phases, both regarding the number of concurrent applications and the spectrum of
the monitored metrics.

Insights from scenario execution: Overall, we have simulated 72 diverse 1-hour sce-
narios with different arrival rates. Figure 5.11 and Figure 5.12 show the performance
distribution of our examined benchmarks over all the 72 execution scenarios. Regarding
Spark benchmarks (Figure 5.11) we observe that, as expected, the use of remote mem-
ory has a substantial performance impact compared to only using local DRAM. As a
result the performance distributions for the scenarios using remote memory exposes a
tendency towards higher values. However, what is of great interest is that certain bench-
marks (e.g., gmm) present overlapping performance distributions. This denotes that for
certain benchmarks there might be cases where remote memory is actually better than
local, or that it results in a similar application performance. Considering best-effort
applications, that typically do not have strict performance requirements, we would be
able to sacrifice performance to take advantage of the disaggregated memory. On the
other hand, there are also benchmarks (e.g., nweight), which, as previously described
in 5.3.3, do not take advantage of remote memory at all, due to stacking interference
effects.

Regarding Redis and Memcached, we focus on the 99th and 99.9th percentiles, since
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Figure 5.11.. Spark performance distribution over different execution scenarios.

typically LC applications are accompanied by similar QoS requirements. We observe
that remote memory provides higher response times, however we also notice again an
overlap between the two distributions. Overall, we expect disaggregated memory to be
prohibitive for stricter QoS constraints, especially in the Redis case. However, when more
relaxed QoS requirements are set, remote memory could be leveraged without violating
any constraints.

Offline phase: Prediction models training

Adrias utilizes a stacked-model architecture by combining two prediction models one
after another: a system state prediction model, that forecasts the future values of low-
level system metrics, and a performance prediction model, that receives this prediction
(among others) and infers the performance of an application if deployed on local or remote
memory. Figure 5.13a and Figure 5.13b show an abstract view of the architecture of each
model.

System State Model: The rationale behind this model originates from our observations
made in Section 5.3.4 that run-time system metrics are more closely correlated to applica-
tions’ performance. The model receives as input a feature vector S =< (f1)tt−r, (f2)tt−r, ..., (f7)tt−r >,
where (fi)tt−r, i ∈ {LLCmis, LLCld, ...} is a sequence containing the values of metric i over
a history window of length r ranging from a past timestamp t − r up to current time t.
As output, the model provides a vector that corresponds to the predicted mean value of
system performance events, i.e. events related to hardware performance counters, over a
horizon window z, i.e., Ŝ =< µ((f1)t+zt ), µ((f2)t+zt ), ..., µ((f7)t+zt ) >. Since, we focus on dis-
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Figure 5.12.. Distribution of total execution time to serve 10.000 requests (left) and of
99th and 99.9th percentile of response time per request (right) for Redis and

Memcached over difference execution scenarios.

aggregated memory allocation orchestration decisions, we define system state considering
the system metrics monitored by the Watcher component (5.4.1). After evaluating differ-
ent values for r and z , we have determined that a value of 120 seconds provides useful in-
sights both regarding the history and the horizon windows.

Due to the sequential nature of the input feature vector, we utilize Long Short-Term
Memory (LSTM) [302] layers as the backbone of the model, which has been proven to be
extremely accurate in forecasting system level hardware events in both under interference
and for deep horizons [61,313]. Specifically, the input feature vector is first processed by
2 LSTM layers that identify dependencies between the time-series data and the results
are passed to a triplet of non-linear blocks, that combine fully-connected layers with Rec-
tified Linear Unit (ReLU) activation functions, batch normalization and dropout layers
to expose non-linearity and avoid overfit.

Performance Prediction Model: This model is responsible for forecasting the per-
formance of incoming applications, if deployed on local and remote memory allocation
modes. Within Adrias, we adopt a universal modeling approach, i.e., we build a unique
model for all the BE and one for all the LC applications, where the former predicts
the expected execution time and the latter the 99th response time percentile respec-
tively. Although prior research works typically follow a per-application modeling ap-
proach [6, 41, 164], we argue that this is not efficient (yet could be more accurate), since
building a performance model per application is too time-consuming and requires simu-
lating scenarios for each new application and maintaining a single model per workload
imposes serious scalability issues.
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Figure 5.13.. DNN architecture of (a) system’s state and (b) application’s performance
prediction models. Parentheses shows the #features and size of each layer.

Modeling and predicting the performance of applications is a non-trivial task and requires
awareness regarding: i) the dynamics and sources of interference on the underlying system
and ii) the inherent characteristics of the application itself and how these characteristics
get affected from the current and future status of the system. To uncover this information,
the performance models receive as inputs four parameters: The past and predicted system
state feature vectors S and Ŝ, the deployment mode (local/remote) and a feature vector
Ak =< (f1)texec

0 , (f2)texec
0 , ..., (f7)texec

0 >. We call this vector the application’s signature and
it is a unique identifier per application, that contains the sequences of monitored metrics
during application’s execution in isolation.

The time-series inputs, i.e., system state history and application’s signature, are indi-
vidually processed by two LSTM layers that identify important features in the sequen-
tial data. The output results are then concatenated with the deployment mode and
the future system state vector Ŝ to form the hidden representation, which is then pro-
cessed again by a triplet of non-linear blocks to provide the final performance predic-
tion.
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Online phase: Deployment

During deployment, the Predictor exposes a server network interface, that continuously
listens for incoming prediction requests from the Orchestrator. In case of such a request, it
forecasts the performance of the desired application and replies with the predicted perfor-
mance for both local and remote memory allocation modes.

5.4.3. Orchestrator

The orchestrator component leverages the predicted metrics generated by the predictor
to proactively assess the overall state of the system and choose the disaggregated memory
policy for deployed applications accordingly. The design of the scheduling logic of the
Orchestrator component is driven by two fundamentals: i) Typical cloud systems policies
demand for QoS guarantees for latency critical workloads and best-effort execution for
batch applications [41,63] and ii) Disaggregated memory systems hide dangerous pitfalls
(characterization process of Section 5.3), i.e., disaggregated memory imposes significant
performance overhead if utilized recklessly, especially when multiple applications compete
over the available resources and, thus, should be leveraged wisely, targeting applications
that benefit the most out of it. We tackle the first aspect directly, by introducing a
straightforward, yet effective, scheduling logic for BE and LC applications, while the
second one is addressed indirectly, through the automatic feature extraction by the Adrias
prediction models.

When a new workload is deployed on the disaggregated system, the orchestrator first ex-
amines whether it owns any prior information regarding its application signature. If not,
it schedules the application on the remote memory allocation mode, captures and stores
its signature to be used at a later stage. Otherwise, the Orchestrator communicates with
the Predictor and receives the estimated execution time (for BE) or 99th percentile (for
LC) for local and remote memory modes. In the case of BE applications, we utilize the fol-
lowing discrete function to decide between the two modes:

modeBE =
⎧⎪⎪⎨⎪⎪⎩
local, if t̂local < β ∗ t̂remote.
remote, otherwise.

(5.1)

where t̂ is the predicted execution time retrieved from the Predictor and β is a slack
parameter that depicts the maximum performance loss margin that we are willing to
sacrifice in order to make use of the remote memory. The choice of β depends on
two factors, closely related to Section 5.3.3. First, the application itself (as described
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later in Sec. 5.5.2), since different applications present dissimilar performance char-
acteristics when deployed on remote memory and, second, the underlying interference,
since overwhelming the remote memory requires greater performance degradation toler-
ance.

For LC workloads, the employed logic aims to utilize remote memory whenever and as
much as possible, without violating the QoS constraints. Specifically, the memory mode
is chosen based on the following statement:

modeLC =
⎧⎪⎪⎨⎪⎪⎩
remote, if p̂99th

remote ≤ QoS.
local, otherwise.

(5.2)

where p̂99th is the predicted 99th response time percentile retrieved from the Predictor.
Particularly for LC applications, achieving QoS requirements solely through performance
assessment during deployment can turn out to be infeasible, due to the unpredictabil-
ity of the system’s future load. In such cases, Adrias can be utilized complementary
with other runtime control frameworks, e.g., [40,165], to dynamically adjust the resource
requirements at runtime.

5.4.4. Implementation

We have implemented Adrias using the Python (v3.7.0) programming language. Each
component is implemented as a separate class and is instantiated during the initialization
of the framework as a daemon thread running in the background. The communication
between the orchestrator and the predictor components is done using the ZeroMQ mes-
saging library [356]. Moreover, all the models have been developed on top of the PyTorch
library [142]. The source-code as well as all model’s configuration parameters are publicly
available under an open-source license 4.

Deployment: Adrias design allows two deployment modes, integrated and segregated.
In the former, all the components of Adrias (Watcher, Predictor and Orchestrator) are
deployed as a single entity on the same physical server. In this mode, the role of the
orchestrator is to decide between allocating memory from the local DRAM or from a
remote donor node. In the latter, a Watcher and a Predictor agent is deployed on each
borrower node of the cluster, while the Orchestrator is deployed on "master" node re-
ceiving deployment requests. Whenever a new application is deployed on the cluster, the
Orchestrator communicates with the Predictor agent per node and receives the predicted
performance for the respective application. Based on the aggregated information from all

4Adrias Github Repository
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Event R2

LLCmis 0.9969
LLCld 0.9995
MEMld 0.9641
MEMst 0.9983
RMTlat 0.9977
RMTrx 0.9871
RMTtx 0.9876

Avg. 0.9932

Table 5.3.. R2 score per
performance event
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Figure 5.14.. Performance events predictions’
regression residuals

the nodes, it decides i) to which node should the application be deployed and ii) whether
it should be deployed on local or remote memory. For the purposes of this study and
due to the limited hardware infrastructure available, we have used the integrated Adrias
deployment mode.

5.5. Evaluation

We evaluate Adrias’ effectiveness in terms of i) prediction accuracy w.r.t future system
state and applications’ performance, ii) utilization efficiency of the disaggregated memory
and iii) resources overhead.

5.5.1. Accuracy Evaluation

System state prediction model

We partition the datasets produced during simulation (Section 5.4.2) in two subsets of
60% (training set) and 40% (test set) of the samples respectively and we examine the
ability of the system state prediction model to accurately predict the mean value of
monitored metrics over the horizon window. Table 8.4.1 shows the respective results
per monitored metric, by evaluating the coefficient of determination - R2 for a horizon
window equal to 120 seconds. Adrias achieves pretty high accuracy, ranging from 0.964

95



Adrias

0.92

0.93

0.94

0.95

0.96
R

2 S
co

re

Mean
Local
Remote

(a) Overall
prediction
accuracy

0.80

0.85

0.90

0.95

1.00

R
2 S

co
re

[None, None]
[exec, 120]
[120, 120]

[120, 120]
[120, 120]
[exec, exec]

(b) Impact of real vs. predicted
system state on perf. accuracy

0 20
MAE (seconds)

als
bayes

gbt
gmm

kmeans
lda

lr
nweight

pagerank
pca

repartition
rf

sort
svd

svm
terasort

wordcount

Local Remote

(c) MAE per Spark
benchmark

0.0 0.5 1.0
Real

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ed

ict
ed

R2
local = 0.918

R2
remote = 0.890

Local Remote

(d) Prediction
residuals

Figure 5.15.. Evaluation of performance prediction model (execution latency) for
Best-Effort (BE) applications

up to 0.999 R2 score for all the examined metrics and with an average of 0.993 R2 overall,
illustrating the ability of Adrias to proactively assess the tendency of the metrics of the
system in the future. To further assess the robustness of our model, we also present
a residual analysis of the predictions, as there exist cases where a high R2 score could
be counter-intuitive [357]. Figure 5.14 presents the results, where the x axis shows the
actual values of the metrics and the y axis the predicted ones. This plot verifies the strong
prediction capabilities regarding the system’s state, since the majority of the points lie
on the 45o residual line.

Application performance prediction models

Similar to Section 5.5.1, we partition the dataset in two subsets of 60% (training set)
and 40% (test set). As a first step, we train and test the performance models for BE
applications, using as the future system state (Ŝ) the actual monitored metrics, gathered
during the trace collection process. Figure 5.15a depicts the respective results, showing
that Adrias is able achieve a 0.942R2 score on average, with a slightly higher accuracy
for predicting the execution time on local mode (R2 = 0.945) compared to the remote
(R2 = 0.939).

Impact of stacked models to overall accuracy: An issue with the proposed stacked
predictor approach is that the actual monitored metrics will not be available during a
realistic inference step. Thus, an open question that rises is the following: Should we
train the performance models using as "future system state" the actual system metrics,
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Figure 5.16.. Evaluation of prediction model (99th percentile) for LC apps

or train using propagated predictions from the system state model? To answer this ques-
tion, we examine the prediction accuracy for different input vectors (Ŝ) during training
and testing. Figure 5.15b shows the results, where the pair [x1,x2] maps to (train,test)
and denotes the type of vector Ŝ used in each phase. Specifically, None implies that Ŝ
was not fed to the model, while 120, ˆ120 and exec indicate that Ŝ is calculated from
the actual metrics or propagated from the system state model for a window of 120 sec-
onds or for the full duration of the application respectively. The pairs (120,120) and
(exec, exec) give the theoretical maximum accuracy of the model, which, however, is not
achievable in practice, since we cannot know a priori the exact values of the monitored
metrics in the future. The plot reveals that overall best approach is to feed to the per-
formance model the predicted vector Ŝ also in the training phase ([ ˆ120, ˆ120]). As we see,
even though the system state model provided extremely accurate predictions ( 0.99R2),
we still experience an accuracy drop of approximately 3% compared to the theoretical
maximum presented above ([exec, exec]). Moreover, we also observe that leveraging the
predicted future system yields a 2% better accuracy compared to only considering histor-
ical data ([None,None]), thus, verifying the advantage of predictive over conventional
monitoring.

Runtime accuracy: Last, by employing the [ ˆ120, ˆ120] approach, we also show the Mean
Absolute Error for BE (Fig. 5.15c) and LC (Fig. 5.16a) applications, as well as the respec-
tive regression residuals (Figures 5.15d and 5.16b), scaled to [0,1] using min-max nor-
malization. Comparing the mean absolute error with the median performance presented
in Fig. 5.11, the employed DNN models are able to provide accurate performance predic-
tions for both BE and LC applications. Even in cases where we observe high MAEs (e.g.,
gmm,lda), we see that these errors correspond to approximately 10% variation compared
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Figure 5.17.. Performance prediction accuracy for unseen applications (a) and different
model retraining approaches (b).

to the median values of their performance distribution. Overall, we are able to achieve an
R2 score equal to 0.905 for BE and 0.874 for LC respectively.

Generalization on unseen applications: Last, we test Adrias’ universal modeling ap-
proach ability, by evaluating accuracy using an application-granular leave-one-out vali-
dation. Figure5.17a shows the R2 score per benchmark, when excluded during training
phase. The model is able to generalize adequately for certain benchmarks (e.g., gbt)
whereas it fails for others (e.g., lda) yielding 0.72 and 0.30 R2 scores respectively. This
suggests that a continuous collection of representative application signatures and retrain-
ing is crucial for unknown applications. We explore the effectiveness of three retraining
approaches to improve the accuracy on newly collected data of unseen applications, i.e.,
i) from-scratch: train the whole model from the beginning, ii) whole-retrain: retrain all
the layers of the model using data from the unseen application and iii) partial-retrain:
update only the weights of the model that correspond to the application’s signature. To
avoid bias on the new data during retraining, we set a one-order of magnitude lower
learning rate and we feed batches of mixed samples from seen and unseen applications.
Figure5.17b shows the accuracy achieved and time needed ( 0.8sec per epoch on a V100
GPU) for different number of training samples for gbt application. For lower number of
available samples (16-64), whole-retrain results to better accuracy compared to a ground-
up training, whereas for higher ones (128-512) it achieves comparable results with less
time (epochs) needed. Partial retraining does not improve accuracy over the unseen
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application, showing the close interrelationship between the application’s characteristics
(signature) with the dynamics of the system (system state).

5.5.2. Orchestration Evaluation

In this section, we examine the efficiency of Adrias’ orchestration mechanism described in
Section 5.4.3. To schedule applications, Adrias utilizes the pretrained predictive models
presented and evaluated in the previous section. In order to orthogonalize training and
evaluation process, we avoid duplication between the traces collected and used to train
our models and the ones occurring during evaluation, thus we generate a set of additional
execution scenarios (as described in Section 5.4.2) with arrival rates ranging from {5,20}
up to {5,60}, which are utilized to evaluate the orchestration logic. For BE applications,
we evaluate the ability of Adrias to utilize the remote memory as much as possible, without
violating the performance threshold introduced through the slack parameter β. For LC
applications, we explore Adrias’ capability to successfully predict and schedule Redis and
Memcached on the remote memory (when possible), without violating a pre-established
Quality-of-Service (QoS) constraint. We compare Adrias with three other scheduling
schemes, i.e., Random and Round-Robin, where the memory allocation mode is chosen
randomly and in turn between local and remote respectively and All-Local, where all
applications are allocating memory from the local DRAM.

Best-Effort applications

Figure5.18 (top) shows the execution time distribution of all the examined BE bench-
marks and Figure5.18 (bottom) the number of times each application got scheduled on the
local and remote memory when using the Random, Round-Robin and All-Local schedulers,
as well as Adrias under different β slack parameter values.
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For the majority of the workloads, the Random and Round-Robin schedulers provide
the worst performance distributions, confirming the need for intelligent orchestration
mechanisms. For higher slack parameter values (β = 1 and β = 0.9), Adrias provides
identical scheduling decisions with the All-Local scheduling logic, due to the explicit
performance deterioration of the remote memory combined with the implicit accuracy
errors of the prediction models, which render the orchestrator incapable of utilizing the
remote memory. For β values equal to 0.8 and 0.7 Adrias achieves to effectively utilize the
remote memory, managing to offload approximately 10% and 35% of deployed applications
with an average drop of 0.5% and 15% in the median performance over all apliccations
respectively.

While the values 0.8 and 0.7 for β would imply an equivalent degradation on the per-
formance of applications, we observe that this is not the case, which is attributed to the
accuracy error of the performance prediction model.

Moreover, Adrias’ scheduler favors offloading certain applications to the remote memory
(e.g., gmm, lda), which as was shown in Sec. 5.4.2 present overlapping performance
distributions between local and remote modes, whereas it avoids offloading the ones
presenting "non-overlapping" distributions (e.g., nweight). This observation verifies that
Adrias is able to properly model and expose the inherent characteristics of the examined
applications. Finally, for lower slack values (i.e., β=0.6) Adrias offloads the majority of
deployed applications to remote memory, which, however, induces significant performance
degradation.

Latency-Critical applications

We evaluate the ability of Adrias to efficiently allocate LC applications on the remote
memory without violating QoS constraints. We identify and examine QoS constraints
of various strictness. Based on Figure5.12, we define five different QoS (tail latency)
levels, i.e. 0 up to 4 per LC application, that correspond to the 87.5th, 75th, 50th, 25th,
12.5th distribution percentiles, where Level 0 denotes the most relaxed and Level 4 the
strictest QoS constraints respectively. Figure5.19 depicts total number of violations (left)
and offloads (right) for Redis (a) and Memcached (b) applications for the respective QoS
levels and all examined schedulers. Similar to the case of BE applications, we observe
that Random and Round-Robin schedulers provide the worst possible results, since they
introduce the highest numbers of QoS violations both for Redis and Memcached, whereas
All-Local outperforms the others by introducing almost no violations for looser QoS con-
straints and minimum number for stricter ones. Regarding lower QoS levels (0-2), Adrias
achieves almost identical results to the All-Local approach, by almost eliminating the
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Figure 5.19.. Number of QoS Violations (left) and number of times the application was
deployed on local and remote memory (right) for Redis (a) and Memcached (b)

benchmarks.

majority of QoS violations, while offloading almost 1/3 of the LC applications to the
remote memory. For stricter QoS requirements, Adrias provides comparable results to
the All-Local scheduler by introducing an average of 5% and 20% more QoS violations
for Redis and Memcached respectively.

Adrias’ impact on data traffic: Last, we quantify the amount of transmitted data
over the FPGAs’ network interconnection. Among all the examined scenarios, Adrias re-
duces the amount of transmitted data by 45% (β = 0.8) and 23% (β = 0.7) on average com-
pared to Random and Round-Robin schedulers respectively. We note that in cases where
Adrias offloads similar number of applications with the other schedulers, it generates up
to 55% less traffic on the channel, revealing its tendency to favor less memory-intensive
applications to be allocated on the disaggregated memory.

5.5.3. Overhead Analysis

Finally, we evaluate Adrias in terms of its computational requirements and imposed
overhead when deployed on a borrower node. Specifically, we measure the CPU and RAM
utilization for the Watcher and the Predictor components using Linux’s top command
for a generated mixed-workload scenario with duration equal to 300 seconds. In addition,
based on prior research [313] we set the number of PyTorch’s OpenMP threads equal to
1. Figure 5.20 shows the respective overheads, where the Initialization phase refers to
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the grace period of 120 seconds, required to gather the history window used as input to
the predictions models; the Orchestration phase refers to the real execution part, where
Adrias utilizes the Predictor’s inference engine to evaluate the performance of incoming
applications on the system; and the Termination phase refers to the waiting period until
all benchmarks have finished their execution. During initialization, we notice a spike
both in CPU and memory due to the instantiation of Adrias’ components (as described in
Section 5.4.4). In terms of memory, Adrias imposes minimal overhead on the system, with
an average of 3MB RAM utilization. Moreover, this overhead is accumulated during the
orchestration phase, due to the fact that Adrias monitors and stores information regarding
all the running containers on the system. Last, we observe that Adrias has almost no
impact in terms of CPU utilization, with occasional CPU usage spikes of approximately
15% 5. For the shake of completeness, we also report the average inference time of the
Predictor, which requires 0.63 seconds on average, for the system state and performance
predictions.

5.6. Further Discussion Points

Why Deep Learning? Modern cloud data centers suffer from extensive and non-
deterministic performance variability due to interference, workload diversity and HW
heterogeneity [30], thus mechanistic or model predictive control approaches form highly
expensive solutions due to the extensive simulations required to capture all the possible
deployment scenarios [358]. To this end, ML-centric cloud platforms are attracting a lot

5top expresses CPU utilization as a percentage of total CPU time (12800% in our system)
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of attention [28, 55, 359]. The rationale behind the employment of DL techniques is the
automatic pattern discovery of neural networks; notably such patterns, able to discrim-
inate performance indicators, could not be effectively set by typical human modeling or
would require extensive scenario analysis. In particular, LSTMs have been proven to be
extremely efficient on interpreting temporal patterns, i.e., interpreting system monitor
time-series to actual performance metrics [61,313].

Ability of Adrias to unveil human-driven remarks. During evaluation (Figure5.18)
we noticed that Adrias favors offloading certain applications to the remote memory (e.g.,
gmm, lda). While these applications present overlapping performance distributions be-
tween local and remote modes (Sec. 5.4.2), Adrias avoids offloading "non-overlapping"
ones (e.g., nweight), which also suffer from stacked interference effects (R7). This ver-
ifies that Adrias properly models the inherent characteristics of the examined applica-
tions.

Adrias & HW heterogeneity. Adrias assumes no prior knowledge on the HW in-
frastructure, as any performance variability due to heterogeneity will directly affect the
monitored metrics. For example, in case a system avails of both remote DRAM and
NVMe, these would be considered by Adrias as two different memory tiers, with different
latency characteristics. There is no requirement for Adrias to be aware of the actual
medium backing each tier.

Adrias scalability. Due to the inherent HW limitations of the ThymesisFlow proto-
type, Adrias was evaluated on a single-node cluster. However, by design, Adrias is able
to scale on multiple nodes, where the monitoring (Watcher) and performance prediction
(Predictor) components are distributed across the nodes of the cluster. The orches-
tration logic could be centralized (e.g., be integrated directly in the control plane of
Kubernetes [118]), however, it should be adjusted in a straightforward manner to ac-
count for cluster-level efficiency in case of iso-QoS predictions between different nodes.

5.7. Conclusion

Hardware disaggregation is the next big step for efficient and fine-grained management
of cloud infrastructures. We presented Adrias, a monitoring and orchestration framework
for memory disaggregated cloud systems. We performed an extensive, interference-aware
characterization process for a set of well-known cloud applications and highlighted the
hidden pitfalls on a real memory disaggregated testbed. Driven by this analysis, we
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designed Adrias, a framework leveraging deep learning techniques to decide the memory
mode of deployed applications and showed that it can efficiently utilize remote memory
with minimal performance overheads.
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Chapter 6.

Deep-Learning Driven Autotuning for
Taming High-Dimensionality of Spark
Deployments

The unprecedented amount of data uploaded and manipulated in the Cloud has pinpointed
the need for more efficient data processing. In-Memory Computing (IMC) frameworks
(e.g., Spark) offer enhanced efficiency for large-scale data analytics, however, they also
provide a plethora of configuration parameters that affect the resource consumption and
performance of applications deployed on top of them. Manually configuring all these pa-
rameters can be very time-consuming, due to i) the high-dimensional configuration space,
ii) the complex inter-relationship between different parameters, iii) the diverse nature of
workloads and iv) the inherent data heterogeneity.
In this chapter, we present Sparkle, an end-to-end framework for performance modeling
and autotuning of Spark applications based on deep learning techniques. Sparkle leverages
a modular DNN architecture that expands to the entire Spark parameter configuration
space, while also provides a universal performance modeling approach, thus, completely
eliminating the need for human or statistical reasoning in the loop. By employing a ge-
netic optimization process, Sparkle quickly traverses the design space and identifies highly
optimized Spark configurations. Through an extensive experimentation campaign on the
HiBench benchmark suite, we show that Sparkle’s DNN delivers an average prediction ac-
curacy of 93%, with very high generalization capabilities, i.e., ≈ 80% accuracy for unseen
workloads, dataset sizes and configurations, clearly outperforming state-of-art. Regard-
ing the end-to-end optimization, we show that Sparkle is able to explore very efficiently
Spark’s high-dimensional parameter space, delivering new dominant Spark configurations,
which correspond to 65% Pareto coverage w.r.t its Spark native optimization counter-
part.
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6.1. Introduction

Nowadays, the unprecedented amount of data produced every day is truly overwhelm-
ing. In fact, according to a recent research [360], over than 2.5 quintillion bytes of
data are produced every day. To process and make value out of this information, novel
frameworks [92, 141, 245] have emerged that enable the parallel processing of huge data
volumes in a distributed manner. Spark [245] is today the de-facto processing engine
for large scale data analytics. Spark proposed a novel distributed model, called resilient
distributed dataset (RDD), that is stored in memory while being computed upon, thus
eliminating expensive intermediate disk writes, as in other data analytics frameworks,
e.g., Hadoop [141]. Although initially offered as a cluster-based solution, nowadays
Spark has been extended to support modern cloud- and/or cloud-native deployment mod-
els [361].

Even though Spark’s architecture provides inherent performance efficiency, it also offers
a wide variety of configuration parameters which can be tuned to alter several aspects of
its runtime engine, for further increasing performance. In fact, the latest Spark releases
expose more than 150 configuration parameters [362]. Although most of them are well
documented, official Spark performance tuning guidelines refer only to a very primitive
subset of Spark parameters [247], thus leaving the burden of analyzing their impact and
tuning the final deployment, solely on the developer. Analyzing and exploring the impact
of various configurations on the performance of Spark applications and also examining
the inter-correlation between different parameters is a painful procedure for developers,
due to i) the high-dimensional configuration space, ii) the huge, cumulative, running
time required and iii) the time required to comprehend in depth the purpose of each
parameter. On top of that, the inter-relationship between different parameters further
introduces an extra level of complexity. As a typical example, while the amount of
memory per executor usually improves performance, it also leads to increased garbage
collection times [363]. Consequently, application developers tend to tune empirically
only the most obvious performance-related parameters, such as the number of executors
or the RAM per executor, while, also, neglecting the performance variability for different
dataset sizes. Nevertheless, such an approach not only does not provide optimal results,
but also augments the cost dramatically, due to the unnecessary usage of memory and
CPU resources and long duration of working processes.

However, Spark applications can be bottle-necked by any resource in the cluster with
CPU, memory and network bandwidth being the most common congestion points [249].
As shown later in the manuscript (sec. 6.3.1), proper tuning of Spark configuration can
provide tremendous performance gains reaching up to ×7 faster execution for typical
in-memory applications. While Spark itself offers a tuning guideline [247], it mainly fo-
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cuses on data serialization and memory tuning and, most importantly, it mostly relies
on an application- and datasize-specific trial and error approach, thus being far away
from delivering optimal configuration results. Moreover, the high-dimensional nature
of the parameter space exposed from Spark engine challenges both the modelling and
optimization strategies. As mentioned in [364], in high dimensional spaces, i.e. #pa-
rameters > 100, even scalable search strategies break down, requiring usually to either
adopt local optimization strategies [364] or retain aggressive parameter pruning during
modelling [6, 7, 365]. From the above discussion, it is evident that there is a need of
automated tuning frameworks, to ease the exploration of this high-dimensional search
space.

As recently discussed in [269], major principles such as versioning adaptivity, data re-
siliency, workload heterogeneity and fast convergence should be considered as first class
design concerns for Spark auto-tuning. These standards tackle the provision of accurate
performance predictions for different workloads and volume sizes as well as enable near-
optimal configuration in an instant manner, to amortize optimization costs through the
resulting savings. Even though prior research has proposed tuning frameworks [4,6,7,365],
which automatically configure Spark parameters to optimize execution time, they typi-
cally neglect one or more of the aforementioned principles, by building workload-aware,
dataset-driven or even version-specific performance models.

To address the aforementioned challenges, we propose Sparkle, an end-to-end auto-tuning
framework for high-dimensional Spark in-memory analytics. Sparkle relies on deep learn-
ing techniques and low-level performance monitoring time-series to model performance
of Spark deployments in an application agnostic manner. By employing genetic opti-
mization, the framework efficiently traverses the search space online and recommends
optimized deployment configurations. Sparkle advances over state-of-the-art approaches
by providing a universal performance modeling approach, rather than application- and/or
dataset-specific ones, whereas it also extends over the complete configuration space, thus,
completely eliminating the need for human-in-the-loop or statistical approaches to identify
the importance per parameter. The contributions of this work are:

• We provide an in-depth analysis on the impact of parameter tuning on the perfor-
mance of Spark applications. We showcase how the importance of each parameter
is affected w.r.t. i) the deployed application and ii) its input dataset size.

• We propose a hybrid DNN architecture that leverages convolution, Long Short-
Term Memory (LSTM) and non-linear blocks to exploit both application- and con-
figuration parameter-related characteristics, thus, being able to provide accurate
performance predictions of Spark deployments using a single, universal model.
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Figure 6.1.. Target HW & SW infrastructure

• Based on the above, we design Sparkle, an online autotuning framework for Spark
analytics. Sparkle seamlessly adapts to changes in the Spark engine, by considering
the entire Spark configuration space, hence, not relying to statistical or human
reasoning for identifying the importance of possible new parameters introduced
in the loop. Moreover, through its universal modeling approach, it manages to
extrapolate to unseen workloads and dataset sizes, tackling the inherent workload
heterogeneity found in modern deployments.

We evaluate Sparkle against a set of 13 in-memory applications from the HiBench [2]
suite. Experimental results show that Sparkle provides an average accuracy of 93% for
determining whether a SPARK configuration will provide speedup compared to default
execution or not, and an average MAPE of 7% for estimating the actual value of the
speedup. Moreover, through its universal modeling approach, Sparkle is able to provide
accurate predictions for unseen applications, dataset sizes and configurations, with an
average of ≈ 80% classification accuracy and ≈ 10% prediction error. Overall, Sparkle
improves the performance and costs expenses of the examined applications by up to a
factor of ×6.8 and by up to 54% respectively, compared to the naive, default execu-
tion.

6.2. Examined Testbed & Spark Background

6.2.1. Experimental Methodology

This section describes our experimental infrastructure and the benchmarks used to eval-
uate Sparkle. Figure 6.1 shows an overview of our hardware and software technology
stack.
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Hardware cluster: All of our experiments have been conducted on a 13-node homo-
geneous cluster of high end machines. Table 4.1 shows the respective HW specification,
where 10 servers are exclusively reserved for deploying Spark executors (worker nodes)
and the rest are used for hosting necessary software stack components. The servers are
interconnected over a 1 Gbit/s ethernet communication channel. In addition, our cluster
has access to a DataDirect Network’s (DDN) Infinite Memory Engine (IME) [366] storage
system, that enables fast buffering of large data chunks.

Software layer: We consider Spark deployments managed by a Kubernetes [175] re-
source manager, where the executors are dynamically deployed as Docker containers [286]
on top of the worker nodes. All of our nodes have Docker (v19.03.2) installed and are
registered in a Kubernetes (v1.19.7) cluster, where, one node acts as the master of our
Kubernetes cluster. The Spark driver is deployed as an isolated container in one of the
nodes of the cluster (Driver Node). Finally, we employ Hadoop HDFS [141] (v2.7) as our
distributed file system with 1 namenode and 1 datanode, also deployed as containers on
an isolated node (Storage Node). The remaining 10 HW nodes are exclusively reserved
for deploying Spark executors (worker nodes).

Examined SPARK applications: We study 13 SPARK applications derived from the
HiBench benchmark suite [2], which is widely used to evaluate Spark, listed in Table 4.3.
These applications form representative examples out of four different workload categories,
i.e., graph analytics, micro-operations, machine learning and web searching. Moreover, we
examine a diverse set of input dataset sizes per application.

6.2.2. Importance of Spark parameters

Next, we provide an overview of Spark [245], showing Spark works with a Kubernetes
resource manager and providing some further insights on the significance of Spark pa-
rameters over diverse workloads and different dataset sizes.

Spark over Kubernetes Architecture:

Figure 6.2 shows an overview of Spark’s over Kubernetes architecture. Spark applica-
tions are deployed directly over Kubernetes by specifying the respective API endpoint
using the –master parameter. Thus, when users submit a Spark application (1), they
communicate directly with Kubernetes, through the API server. Once the API server
receives the request to deploy a new Spark application, it automatically deploys a Spark

111



Sparkle

Kubernetes 
Master

Scheduler

API server

Spark Driver
Deployment

2. Deploy driver

3. Request executors

4. Schedule executor pod

Spark  Executor Spark  Executor
...

6. Schedule tasks
 on executors

5. Notify on new 
executor

$ spark-submit \
> --master k8s://https://<kubernetes.api>:<k8s.port>
> --conf spark.kubernetes.container.image=<image>
> --properties-file=<path/to/configuration/file>
>…
> app.jar

1. Submit SPARK
application

Figure 6.2.. Spark over Kubernetes deployment flow

Driver container on the cluster (2), that is responsible for requesting Spark executors
from the API server (3). After the Driver’s request for new executors, Kubernetes’
API server automatically deploys the respective number of executor containers on the
cluster (4), which can communicate directly with the Spark Driver, and notifies back
once the executors are up and running (5). Finally, the Driver deployment assigns tasks
on the executor containers and performs Directed Acyclic Graph (DAG) scheduling on
them.

Tuning over the entire parameter space

Spark v3 provides over 150 parameters that control both performance and management
related (e.g., spark.app.name) settings and can be configured separately per applica-
tion. This process guarantees that the engine has a flawless performance and also pre-
vents bottle-necking of resources within Spark. As expected, not all parameters have
the same impact on performance, however, determining the most important ones is not
a trivial task. While previous approaches either choose important parameters empiri-
cally [6,149] or through statistical reasoning techniques [7], we argue that such approaches
are not efficient and one has to consider all the parameters to achieve an optimal per-
formance. To showcase our statement, we assess the importance of Spark parameters
through a univariate statistical test, namely the ANOVA F-Test [367]. Specifically, we
execute our examined applications for different input configurations and different dataset
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sizes and evaluate the importance per Spark parameter over all the executed scenar-
ios.

The boxplot of Fig. 6.3 shows the respective results, where the y-axis shows the score
of the respective parameter derived from the F-test and x-axis shows all our examined
Spark parameters sorted in a descending order based on the median value of the score.
As expected, it is shown that executor-instances forms the most important feature by
far, which is also the reason that previous efforts [146,148] focus exclusively on optimizing
this parameter. Another interesting fact is that scheduler.minRegisteredResourcesRatio
forms the third most important parameters in our Kubernetes-based cluster, however,
prior scientific efforts have not considered these parameters in their examined ones. Over-
all, we observe a varying behavior regarding the significance of the first 33 parameters,
while for the rest the impact appears to be lower.

Significance over applications:We broaden our analysis by exploring the performance
impact of each parameter in a per-application manner. The question posed is the fol-
lowing: Are various applications affected differently from the same parameters?. The top
heatmap of Fig. 6.3 shows the F-test score per application, where brighter cells depict
a higher yielded score. As observed, certain parameters (e.g., executor.instances) are
equally important across all benchmarks. However, there are also cases where perfor-
mance sensitivity is not alike among all workloads (e.g., executor.cores). This is typical
even for parameters that appear as less significant overall, such as default.parallelism
and executor.pymemory, which affect only a specific subset of the examined applications
(MC4, ML2, PR and NW, ML3, ML4, ML5 respectively).

Significance over dataset size: Last, we perform the same analysis in a per-datasize
manner, where the respective results are shown in the bottom heatmap of Fig. 6.3. As
before, we notice analogous motifs regarding performance sensitivity. In addition, we
observe that less important parameters have very limited impact when examining dif-
ferent sizes, although they do have impact in different applications, as shown in the
top heatmap. The first 23 most significant parameters however seem to impact in
non trivial patterns applications performance under scaled datasets sizes, which also
positively cross-validates the analysis performed in prior dataset-aware research works
[6, 7].
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Remarks From the above discussion, we conclude that “cherry picking" Spark parameters
should not be the de-facto approach and there is no “golden rule" to determine the ideal
configuration, since this process depends, among others, on the nature of the deployed
application and its input dataset. To further strengthen our statement, we examine the
set of parameters considered in prior Spark autotuners, chosen either empirically [4,6] or
through statistical reasoning [7]. The bottom of Fig. 6.3 presents the respective parameter
sets, through different decorations inside the boxplots. We see that the parameters chosen
by each approach differ considerably from each other. What is of great interest is that
only 13 out of our 30 most important parameters are considered in at least one prior
work, with the the most important one (i.e., executor.instances) it neglected in [6].
Moreover, there are four distinct parameters which are considered solely in [6], [7] and [4]
respectively, while, overall, there are only 7 common ones between all the three tuning
frameworks. We conclude that empirical selection of parameters can be almost entirely
subjective, while also, statistical approaches lead to completely different assumptions
depending on the circumstances.
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Spark is a general-purpose data analytics framework that en-
ables the development and deployment of new (potentially un-
seen) applications on different clusters. Previous state-of-the-
art Spark autotuners employ performance modeling techniques
at the application [6, 146, 148] or cluster [7] level. While these
techniques have shown to improve the performance of individ-
ual applications, they are inadequate for generalization to new
applications. Thus, conventional autotuning frameworks, when
optimizing for a new application, require the entire tuning life-
cycle to be repeated, which includes collecting performance data
for different Spark configurations, training a new machine learn-
ing model from scratch, and tuning its hyperparameters to in-
crease its prediction accuracy. With an increasing number of
new applications to tune, the costs associated with this process
become prohibitively high due to new data collection, partic-
ularly for applications with large input datasets, which can take several days to exe-
cute [368].

To address this challenge, we adopt a universal modeling approach that mitigates the
overall costs of tuning new applications by distributing the fixed and nonelastic expenses
of data collection and training across different, previously unseen applications. Indeed, an
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organization may deploy a variety of Spark applications each with unique configurations
and datasets. Figure 6.4 illustrates this concept, presenting the cost of collecting data
and training an ML model for a universal autotuner (without loss of generality, we con-
sider training with 20 different application/dataset pairs) versus a ground-up ML model.
Considering AWS’s billing model, the y-axis represents the cost of deploying a 10-node
cluster of c4.8xlarge EC2 instances, while the x-axis depicts the cost changes as more
new applications are added. In the ground-up approach, users must pay for each new un-
seen application, resulting in an ever-increasing cost proportional to the number of unseen
applications. On the other hand, a universal autotuner incurs an initial cost (cost of in-
vestment) for gathering the initial training dataset and building the ML model. As more
unseen applications are deployed, this cost is amortized, leading to a compensation point
where the initial cost of investment is reimbursed by the savings due to the universal auto-
tuner’s ability to optimize previously unseen applications.

6.3. Sparkle: End-to-end autotuning framework for
high-dimensional Spark configurations

Sparkle is an end-to-end framework that automatically tunes the configuration parame-
ters of Spark deployments to optimize their performance and operational cost. Compared
to previous approaches that consider application-level [6,146,148] or cluster-level [7] per-
formance modeling techniques, Sparkle provides a more generic approach, providing a
universal deep learning architecture that is able to find near-optimal configurations for
diverse sets of Spark applications and dataset sizes, using a single trained model. Figure
6.5 shows an overview of the proposed framework. Sparkle consists of an offline and an
online phase, which we discuss in the following sections.

6.3.1. Offline Phase: Data Colleciton & Performance Modeling

The offline phase concerns the collection of data used to train Sparkle’s DNN performance
models.

Preliminary parameter pruning: As already mentioned, Spark offers more than 150
configuration parameters [362]. However, a large portion of these parameters refer to
Spark configurations not relative to performance, e.g., the name of the spark application
(spark.app.name). Thus, as a preliminary step, these parameters have been identified and
removed from the rest of the exploration process. This procedure resulted in 101 parame-
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ters, which concern a wide range of configurations that can be applied on the spark system.
These 101 parameters are either numeric configurations (e.g. spark.executor.memory etc.)
or boolean variables (e.g. spark.shuffle.compress). Similar to previous works [4, 6, 7],
we employ a partial factorial design of experiments for each parameter, by sampling from
three up to six representative values, ranging from the lowest up to the highest acceptable
ones, where the minimum and maximum values have been determined according to [362]1.
We note that for spark.executor.instances, we consider values ranging from 1 up to 20,
which depict under-subscription, fully-subscription and over-subscription of our 10-node
cluster.

1The detailed configuration space can be found in Appendix 6.A, Table 6.A.1.
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Application Characterization Data Acquisition

As a first step, Sparkle collects data related to application-specific characteristics. The
rationale of this step is twofold. First, it provides a performance baseline to be used as a
ground-truth for assessing the efficiency of different examined configurations, during Steps
2 and 3 of the offline phase. Second, it aims to provide a "unique identifier" per applica-
tion, which represents the dynamics of the application during execution. Prior scientific
works have demonstrated that low-level system metrics can provide deep application-
specific insights and be used to characterize running workloads on a system [313, 369].
Motivated by this observation, Sparkle creates this unique identifier by exploiting low-
level performance counters during application’s execution. Specifically, for each Spark
application and each examined dataset size the framework deploys the respective com-
bination on the cluster using the default Spark configuration. During execution, Sparkle
continuously monitors system-wide low-level performance counter events over the allo-
cated worker nodes. In particular, we collect information for 35 different performance
events, concerning the performance (e.g., IPC, LLC misses, Memory reads and writes),
the state (e.g., Core/Package C-States) and the power consumption (e.g., Processors and
DRAM energy consumption) of the system, with a monitoring interval of 1 second. The
result is 35 different signal traces per application with a length equal to the total execution
latency for the default configuration.

Parameter Characterization Data Acquisition

In this step, Sparkle collects data related to the characterization of Spark parameters.
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The inherent purpose is to identify the execution behav-
ior of Spark applications for different input configurations.
To do so, our framework generates various Spark configu-
rations and assess their impact on performance of applica-
tions. Each configuration is produced through a generator
that randomly picks a value for each parameter (for all the
101 examined parameters) from its respective representative
value space. Next, each Spark application is deployed and
executed for all the different, generated configurations and
for all the different input dataset sizes over the Kubernetes
cluster.
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To minimize profiling time, Sparkle forcefully terminates deployments which exceed the
execution time of the default configuration, acquired during Step 1, and labels them
as “overtimed”. This design decision, even if insignificant in theory, becomes extremely
efficient in practice, offering huge savings with regards to the time required to execute all
the generated configurations.

In fact, Fig. 6.6 presents the profiling speedup gains over a naive profiling approach for 300
configuration deployments for all the examined benchmarks and dataset sizes. We see that
depending on the dataset size and the scalability potentials of each benchmark, we can ob-
tain almost up to two times lower profiling time in certain cases.

Profiling Insights: For the purposes of this work, we have generated and evaluated
1500 different configurations per application, through an experimental campaign of ∼ 90
days. Figure 6.7 shows the execution time distribution of all the different configura-
tions per benchmark and dataset size (scattered dots), the execution time of the default
configuration (bars) and the number of successful and overtimed configurations (table).
It reveals two important insights: (i) First, parameter tuning does not have the same
effect among different applications. Indeed, we observe that certain applications (e.g.,
nweight, lda, pagerank) are significantly affected from the tuning process, providing up
to five times reduced execution latency compared to the default configuration, whereas
there are also cases where parameter tuning provide slight performance gains (e.g., sort,
wordcount). (ii) Second, parameter tuning impact on performance is directly affected by
the input dataset size. This observation is expected, as Spark is intended for big data
applications and, therefore, we anticipate to have greater performance gains for larger
datasets. However, there are certain cases where parameter regulation has impact on
particular dataset sizes, e.g., in the case of kmeans, tuning yields extremely more efficient
results for large dataset sizes compared to tiny and small ones. These observations further
suggest that an efficient tuning framework should be able to exploit the inter-relationship
between application specific features and the input dataset.

Dataset Composition & Pre-processing

The collected execution profiles and performance classes per benchmark/dataset/configu-
ration triplet form the final dataset used for training and testing of Sparkle’s performance
model. Due to the different scales on the assembled data, we perform a min-max normal-
ization, in order to bring the data values between the range [0, 1]. Specifically, regarding
the applications’ signatures, we normalize each performance event separately, with the
minimum and maximum values derived over all the examined benchmarks, rather than in
a per-benchmark manner. This allows to have a relative interpretation of system dynam-
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ics between different applications. For configuration parameters, first, we convert and
map any boolean or string parameters to an identical integer representation. A typical
example is spark.serializer which is converted from <JavaSerializer,KryoSerializer>
to <0,1> respectively. After the conversion, we normalize each parameter separately, us-
ing as minimum and maximum the respective values from the parameter’s representative
values.

Performance modeling

Sparkle follows a dual performance modeling approach. Given an application’s signa-
ture and a Spark configuration, it predicts if a speedup is expected in a yes/no man-
ner (classification), aiming to discard overtimed predictions, and estimates the extend
of the speedup (regression), if exists. Sparkle tackles simultaneously both the clas-
sification and regression tasks through an efficient deep temporal architecture, as fol-
lows:

Anatomy of DNN architecture: Figure 6.8 depicts the proposed DNN architecture
and its components for Sparkle’s performance model. In more details:

● Signature Temporal Encoder: This component aims to encode applications’ signatures
of uneven length into fixed-sized feature vectors using a hybrid CNN-LSTM architecture.
First, we apply a 1D CNN backbone of three consecutive 1D convolutional layers, ac-
companied by ReLU activations, Bath-Normalization [370], which assists convergence,
and Max-Pooling operations. The 1D CNN backbone provides a coarse “organization”
of the temporal information into deep features, while considerably reduces the length
of the sequence with the max-pooling operations (by a factor of 27, overall). On top
of the CNN backbone, we apply an one-directional LSTM network of two layers in or-
der to effectively encode the reduced sequence of deep features into a fixed-sized vec-
tor.

● Configuration Encoder: The spark configuration is encoded through a feed-forward net-
work consisted of four linear layers. Between consecutive linear layers, we add ReLU and
Dropout layers [371]. The latter are used to prevent overfitting.

● Information Merging: The two extracted encodings are merged via a concatenation
function.

● Classification & Regressions Heads: Both components have the same architectural struc-
ture, consisted of three fully connected linear layers, intervened by ReLU and Dropout
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Figure 6.8.. DNN architecture for performance modeling

layers. The output is a single value. For the classification head, the output is followed by a
sigmoid activation and Binary Cross Entropy (BCE) loss is used for training, while for its
regression counterpart, Mean Squared Error (MSE) loss is adopted.

Datasize Awareness: We note that information about the dataset size is not explicitly
used as input to Sparkle’s model. Dataset-size can not be faithfully encoded into a single
value, since “tiny” size, for example, may have very different characteristics for different
applications (see Table 4.3). Information about dataset-size is implicitly contained in the
application’s identifier, thus the temporal encoder of the DNN extracts the relevant and
useful features from application’s signature.

Training Details: Training is performed using the Adam optimizer [372] and a cosine
annealing scheduling tactic with warm restarts, used to assist convergence to better per-
forming optima [373]. We train our system with a multitask loss by adding the individual
losses of classification (BCE) and regression (MSE). Such joint training of a shared back-
bone for both tasks not only requires reduced computational resources, but also slightly
outperformed an initial two-stage approach of two independent networks, one for classifi-
cation and one for regression, with prediction errors being reduced around 0.3% for both
tasks.
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Figure 6.9.. Speedup gains and cost expenditure of 300 different configuration for gmm
application.

6.3.2. Online Phase

In the online phase, Sparkle aims to identify optimized configurations for applications
deployed on the cluster. In case of uncharacterized applications deployed, Sparkle exe-
cutes them using the default configuration and captures and stores the respective PCM
metrics used as their "unique identifier". Then, the framework iteratively queries the
performance models (of Step 4) for different parameter values to determine an optimized
configuration.

The case of iso-performance configurations: It is possible that different configura-
tions lead to similar performance gains over default execution, due to the strong con-
juction between the various Spark parameters. For example, certain applications may
benefit equally from horizontal (increasing executor instances) and vertical (increasing
cores/memory per executor) scaling. As a representative example, Fig. 6.9 shows the
speedup provided by 300 different configurations for the gmm application. Each line rep-
resents a different configuration and the intersections with the vertical axes depict the
value of the respective parameter. We see that different sized deployments provide iden-
tical speedup over default configuration. However, this is not the case in terms of op-
erational cost, as more “fat" deployments typically lead to more expensive deployment
expenses.

Optimization approach: Sparkle adopts meta-heuristic optimization, to efficiently ex-
plore the underlying search space and ensure convergence towards optimal solutions.
Based on the iso-performance observations, we differentiate with prior-art that focus
solely on performance efficiency [6, 7], targeting to a dual-objective optimization prob-
lem, i.e., minimize the deployment cost while maximizing the performance of the applied
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Figure 6.10.. Impact of NSGA-II’s parameters on the final Pareto

configuration. Specifically, Sparkle follows an open-loop optimization approach, where
the optimization process is applied on top of the trained DNN model to evaluate the
dynamics of the solution space. This approach leads to a set of Pareto optimal solu-
tions [374], which trade-off performance for cost efficiency and vice-versa. Sparkle em-
ploys the Non-dominated Sorting Genetic Algorithm (NSGA-II) to traverse the solution
space, due to its ability to escape local optima and provide fast convergence to efficient
solutions [6, 261, 375]. NSGA-II is an evolutionary algorithm and operates for a number
of generations, where at each generation the elites of a population are given the oppor-
tunity to be carried on to the next one. Based on the mutation and crossover operators,
it creates new offspring populations to be examined in subsequent generations. In order
to determine an optimal set of values regarding NSGA-II’s hyperparameters (popula-
tion size, generations, mutation probability and crossover rate), we explore the impact of
each NSGA-II hyperparameter in the final pareto front. We examine the effect of each
hyper-parameter by evaluating the area of the hypervolume [376] which is dominated
by the provided set of solutions with respect to a reference point (default execution) for
all benchmark/dataset pairs. Figure 6.10 shows how area is affected for different val-
ues of the examined parameters [377]. We observe that, as the number of generations
and population size increases, so does the distance of the Pareto front from the default
point. However, this also leads to increased exploration time budgets, as these parame-
ters greatly impact the search space of the algorithm. Moreover, we notice that mutation
and crossover parameters insignificantly affect the quality of the solutions. Based on the
above, we select a population size equal to 10, which provides a good trade-off between
the exploration time required and the quality of the final Pareto front. Regarding the
mutation probability and the crossover operator, we choose the values of 0.5 and 0.8
respectively.
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6.3.3. Sparkle’s Implementation

We implement Sparkle on top of Spark (v3.0.1) using Python (v3.8.5). For the gen-
eration of random Spark configurations, we utilize the Opentuner framework [378], that
provides an automated way of defining variable search spaces, by specifying parame-
ters that should be tuned. Moreover, in order to monitor low-level performance coun-
ters, we utilize the Performance Counter Monitoring (PCM) API [189], which provides
a plethora of hardware performance counters for each logical core, each socket, as well
as the whole server system. Our proposed DNN model has been implemented using the
PyTorch framework [142] and scikit-learn libraries [283]. Finally, regarding the imple-
mentation of our optimizer, we have utilized pymoo [379], a multi-objective optimization
framework in Python. The source-code of Sparkle is available under an open-source li-
cense2.

6.4. Evaluation

We implement Sparkle on top of Spark (v3.0.1). For the random sampling Spark configu-
rations, we utilize the Opentuner framework [378]. The Performance Counter Monitoring
(PCM) API [189] used for low-level performance counters monitoring, whereas our pro-
posed DNN model has been implemented using the PyTorch framework [142]. Finally,
regarding the NSGA-II implementation, we have utilized the multi-objective optimization
framework pymoo [379]. The source-code of Sparkle is publicly available3.

We evaluate Sparkle across four dimensions: i) by its ability to accurately model and
assess the performance of our examined applications, ii) by its prediction accuracy com-
pared to other ML solutions proposed in prior art, iii) by its ability to extrapolate to
unseen deployments and iv) by the quality of the Pareto solutions derived through the
optimization phase.

6.4.1. Accuracy evaluation

First, we evaluate the ability of Sparkle to model the performance of our examined bench-
marks w.r.t. different Spark configurations. Specifically, we measure the accuracy of our

2Omitted for blind review
3Omitted for blind review
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Figure 6.11.. Left: Classification accuracy for unseen Spark configurations per
benchmark and dataset. Right: Confusion Matrix.

DNN models for predicting i) the performance class (speedup/slowdown) and ii) the ac-
tual speedup provided by configurations that belong in the former class. We partition
the dataset produced through the data collection phase (Sec. 6.3.1) in two subsets of
90% (training set) and 10% (test set) of the samples, where the test dataset consists of
benchmark-dataset-configuration triplets not used during training. To measure accuracy,
we follow a 10-fold cross-validation procedure.

Classification Accuracy: Figure 6.11 shows the accuracy results of our model for each
examined benchmark and dataset size. For the majority of the benchmarks Sparkle
provides extremely high accuracy of more than 90% regardless of the examined dataset
size, showing its ability to correctly predict whether a given configuration if more efficient
compared to default execution. We also plot the confusion matrix, which depicts the
percentage of true/false positive/negative predictions made by the model, where 0 denotes
the slowdown and 1 the speedup class. We see that, overall, Sparkle achieves an average
accuracy of ≈ 93%. Moreover, the model also reveals high precision, sensitivity and
specificity accuracy of 93.35%, 92.62% and 93.43% respectively4. Last, the percentage
of false negative predictions, i.e., mistaken prediction that a configuration will provide
speedup, is kept at low levels, with approximately 2.7% of the total instances belonging
to this case, showing that Sparkle is not susceptible to mistaken predictions that will lead
to slow-downed executions.

Regression Accuracy: Next, we evaluate the accuracy of Sparkle’s speedup prediction
model by measuring the Mean Absolute Percentage Error (MAPE). Figure 6.12 shows
the respective results, showing that Sparkle provides robust predictions regardless of the
benchmark and dataset size, with an average of 7.2% MAPE overall. Also, by examining
the actual and predicted speedup values, we observe that this error is distributed evenly

4Precision is the ratio (correct/all) instances labeled as speedup. Sensitivity is the ratio of (correc-
t/real) instances labeled as speedup. Specificity is the ratio of (correct/real) labeled as slowdown.
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Figure 6.12.. Left: Regression accuracy (MAPE) for unseen Spark configurations per
benchmark and dataset. Right: Predicted vs real speedup over all benchmarks and

datasets.

across all applications and datasets, as most of the points reside close to the 45o regression
line. Note that for large speedup values (> 5.0), we observe that our system underesti-
mates the actual speedup. Such behavior is to be expected since 77% of the speedup
values are under 2.0, while almost 84% are under 2.5.

Impact of amount of training data on accuracy: Last, we examine how predictions
are affected by the number of instances used to train our models, by measuring the accu-
racy achieved for different portions of the training set. Figure 6.13 shows the respective
results, both for classification and regression models. We observe that the overall accu-
racy of both models steadily increase with the number of training instances used, up to
a certain plateau of roughly 50% of the dataset, after which no or minimal improvement
is noticed. This percentage corresponds to approximately 650 different configurations
examined for each benchmark/dataset pair, which is comparable or even less compared
to the number of training configurations required by prior art [4, 6] that follow a per-
benchmark modeling approach. This is due to the fact that Sparkle’s universal model
allows the encoded information to be shared between different benchmarks, thus, requir-
ing less configurations to be examined per application.

6.4.2. Comparative Analysis

We further compare Sparkle’s regression model against five different ML approaches for
modeling performance of SPARK applications, proposed in prior research. Specifically,
we implement from scratch the following models: i) Random Forest (RF) [4, 7, 147], ii)
Multi-Layer Perceptron (MLP) [4], iii) Support Vector Machine (SVM) [5,265] and iv) hi-
erarchical modeling (xgboost) [6]. For RF, MLP and SVM, we build a performance model
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Figure 6.13.. Models’ accuracy for different portions of the dataset used during training.
Left: Classification. Right: Regression.

per benchmark and dataset size, which is the methodology followed in prior art [4,5]. In
the case of RF, we also examine a cluster-wise performance modeling approach, where the
assignment of applications into clusters is derived from [7]. Last, for hierarchical model-
ing, the developed model is benchmark-specific and dataset-aware, as described in [6]. We
should note that each modeling approach differs, both qualitatively and quantitatively, in
the number of Spark parameters used as inputs to the model, which we choose based on
the tables found in the respective papers. Last, we fine-tune the hyper-parameters of the
ML models to increase the prediction accuracy. Again, we use a 10-fold cross-validation
to measure the accuracy per approach.

Regression Accuracy: Figure 6.14 presents the MAPE of each modeling approach per
benchmark and dataset size examined. We observe that even though Sparkle adopts a
universal performance modeling process, it manages to achieve comparable and sometimes
even better prediction accuracy compared to the application- and dataset-specific estima-
tors. On average, Sparkle delivers a MAPE increment of 1.3% compared to the RF case,
whereas it outperforms MLP and SVM approaches by providing 1.1% and 2.3% lower
MAPE respectively. Moreover, Sparkle also prevails over datasize-aware and cluster-wise
approaches, by providing 4.7% and 17.5% lower MAPE respectively. What is of great
interest is that Sparkle tends to provide better predictions on applications that present
more spread performance distributions. This is more evident in the case of large dataset
sizes, where applications reveal higher performance variability (as shown in Fig. 6.7) and
where Sparkle clearly outperforms the other approaches for the majority of the cases, by
providing 1.5% up to 6.3% lower MAPE compared to application and dataset specific
performance modeling.
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dataset-specific [4, 5], dataset-aware [6] and cluster-wise [7] performance modeling

techniques used in prior art.

6.4.3. Generalization study

Sparkle’s universal DNN architecture allows it to be leveraged in a seamless manner to ex-
trapolate to scenarios not encountered during the training data acquisition phase. Thus,
next we investigate Sparkle’s generalization capabilities, i.e., "how efficient can we model
performance of unknown applications, dataset sizes and configurations?". Figure 6.15
shows the respective results per case.

Unseen applications:We evaluate the accuracy for unseen applications using an application-
granular leave-one-out validation. Figure 6.15a shows the accuracy and MAPE for pre-
dicting the performance class and speedup respectively. We see that Sparkle provides
high classification accuracy, ranging from 70% up to 90%, which reveals the framework’s
capability to quickly and efficiently identify profiles that will lead to faster execution
compared to the default configuration. Regarding the estimations of the actual speedup,
Sparkle’s predictions are not so robust, with the MAPE ranging from 4% up to 31% and
an average value of 19%.

Unseen dataset sizes: We further explore how Sparkle behaves in cases of unseen
dataset sizes. This time we perform an application/dataset combination leave-one-out
validation, i.e., we train the model with all available data except a specific applica-
tion/dataset set, which forms the “unseen" case. Figure 6.15b shows the distribution of
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Figure 6.15.. Sparkle’s extrapolation ability to a) unseen applications b) unseen dataset
sizes and c) unseen configs.

accuracy and MAPE per dataset size over all the examined applications. We see that
for both tasks, Sparkle is able to efficiently generalize from larger to smaller datasets,
whereas it struggles to achieve the opposite. This is expected, since, as discussed in
Sec. 6.3.1, the degree of speedup achieved through parameter tuning increases with the
size of the input data. This matter is less evident for classification, where even for large
unseen datasets, the median accuracy is kept at high levels (≈ 85%), yet the lower whisker
resides between 10% and 70%, showing increased variability for certain cases. For regres-
sion, generalizing to larger datasets becomes prohibitive, with the median MAPE of the
“large" case reaching ≈ 25%. Even when extrapolating to intermediate dataset sizes (i.e.,
from “tiny" and “large" to “small"), we experience a non-robust behavior, with a low
median MAPE of ≈ 4%, but a dispersed overall distribution approaching ≈ 50% error for
specific instances.

Unseen configurations: Last, we evaluate Sparkle’s performance on completely unseen
configurations, i.e., we use as our test set Spark configurations that have not been en-
countered during training by any application/dataset pair. Figure 6.15c presents the
results, where the x-axis shows the percentage of the 1500 configurations considered as
unseen during training. In this case, Sparkle achieves more robust predictions, with the
accuracy and MAPE showing a small deviation up to the 50% coverage, after which a
decline of ≈ 5% is observed for both cases. Nevertheless, we see that even for low unseen
percentage values, we experience ≈ 10% and ≈ 2% performance loss for accuracy and
MAPE respectively compared to our initial trained model, which highlights the need for
information sharing across different applications.

Model retraining: The aforementioned generalization results show a level of robust-
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ness to unseen data, but, as expected, performance is non-trivially decreased. To address
this issue, a retraining scheme is considered, where the initial data are trained along-
side a number of instances from the unseen applications in a fine-tuning rationale; the
DNN is initialized as a pre-trained model to the already seen data and then trained
with a reduced learning rate using the Adam optimizer, trying to find a neighboring
optima where the unseen data is also effectively modeled. Adam optimizer adapts well
to sparse information, lending from the AdaGrad optimizer [380] that simulates larger
learning rate for infrequent parameters, thus being effective even for a few number of new
instances.

We explore the effectiveness of three retraining approaches to improve the accuracy on
newly collected data of unseen applications, i.e., i) whole-retrain: update all the weights
of the model ii) STE+CRH: update only the weight of the signature temporal encoder
(STE) and the classification and regression heads (CRH) and freeze the ones of the config-
uration encoder and iii) CRH: update only the weights of the classification and regression
heads. We perform our evaluation on the gbt (ML2) benchmark, which experienced the
highest accuracy prediction error in the previous experiments. Figure 6.16a shows the
MAPE (top) and classification accuracy (bottom) of the three retraining approaches.
We see that retraining the STE along with the CRH provides analogous results with
retraining all the weights of the model, which shows that Sparkle’s configuration en-
coder can effectively identify important configuration features for unseen applications.
Moreover, training only the CRH of the network does not provide any accuracy in-
crement, revealing the importance of encoding application-related information to the
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model.

To pinpoint the significance of Sparkle’s universal modeling approach compared to appli-
cation specific ones followed in prior works, we further examine the MAPE achieved by
retraining the STE+CRH of Sparkle and by an application and dataset specific ground-
up training of an ML model, for different number of training instances available. We
select Random Forest as the adversary model, since Sec. 6.4.2 showed that it is the most
accurate estimator among the ones examined. Figure 6.16b shows the MAPE achieved
by the two approaches for different number of training instances. Sparkle steadily pro-
vides more accurate predictions compared to the application-tailored RF model up to the
point of 200 instances, where the two models yield similar prediction scores. Moreover,
as the number of instances increases above 500, Sparkle achieves to widen the accuracy
gap again by providing 2% less MAPE.

● Generalization Discussion: Generalization to unseen settings forms a challenging task,
especially when there is no guarantee that the new “category" of data shares similar
structure with the existing ones. Initial experimentation suggests no indication of over-
fitting behavior, which leads to the assumption that there are “missing parts" for unseen
settings that cannot be extrapolated from existing information. Possible causes are com-
pletely new patterns for specific applications or a domain shift gap, connected to the
domain adaptation problem [381]. Nevertheless, we see that the universal viewpoint of
Sparkle assists on bringing the trained DNN model close enough to an optimum that can
extrapolate behavioral patterns of new applications even from sparse information. Fu-
ture directions could include self-supervised ideas such as contrastive learning, along with
appropriate data augmentation, in order to extract deep features with increased general-
ization abilities. Moreover, a more in-depth analysis on the re-training concept could be
beneficial for handling a large volume of new unseen applications, datasets and configu-
rations. Specifically, online training schemes and domain adaptation techniques could be
leveraged, to quickly adapt to new unseen apps/datasets without sacrificing the existing
performance (i.e., avoiding catastrophic forgetting).

6.4.4. Genetic Optimization

Last, we examine Sparkle’s genetic optimization step, in terms of its ability to deliver
performance- and cost-efficient deployments. To calculate cost, we consider the pricing
of 15 different AWS instances, with diverse characteristics in terms of virtual cores and
memory capacity offered. Specifically, we calculate the cost of each deployment by iden-
tifying the least-expensive, “right-sized" instance w.r.t. the value of executor.cores and
executor.memory parameters and multiplying its price with the number of executor.instances
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and the total execution time of the respective configuration.

Sparkle vs. default execution: Fist, we evaluate the speedup and cost gains offered
by Sparkle compared to the naive default execution. Overall, Sparkle offers solutions
that maintain deployment expenses between 0.5% higher (by sacrificing cost for per-
formance) up to 54% lower, with an average of 13% cost gains, compared to default
execution.

Regarding speedup gains, Sparkle achieves to provide speedups ranging from ×1.05, in
case of application/dataset pairs that are inherently not affected by parameter tuning (as
shown in Sec. 6.3.1), up to ×6.8, with an average of ×1.72 speedup over all the examined
cases.

Sparkle vs. model-less optimization: Last, we compare the set of Pareto solutions
provided by our framework with a model-less optimization approach, where each individ-
ual (Spark configuration) from the population is natively executed on the cluster. We set
the termination criterion of the optimization algorithm to 1 hour, allowing the model-less
approach to evaluate an adequate number of Spark configurations. Figure 6.17 presents
the results per benchmark, where blue-colored points reveal the Pareto solutions proposed
by the model-less optimizer and pink-colored the ones proposed by Sparkle. For Sparkle,
we natively execute the final Pareto front proposed, to obtain the real performance per
configuration, rather than the model’s estimation. With opaque colorings, we indicate
the final Pareto fronts per dataset size, which include non-dominant solutions provided
by either optimization approach. Sparkle prevails over the model-less optimization ap-
proach, as the majority of the points relying in the final Pareto front belong to its own set
of proposed solutions. Specifically, Sparkle covers approximately 65% of the final Pareto
front, while the rest 35% belongs to the native approach. Moreover, it expands the hy-
pervolume area formed w.r.t. the point of default execution, by offering 9.55% increased
area compared to model-less optimization.
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6.5. Conclusion

This chapter presents Sparkle, a deep-learning driven autotuning framework for high-
dimensional Spark analytics. Sparkle advances over state-of-the-art approaches by provid-
ing a universal performance modeling approach, rather than application- and/or dataset-
specific ones considered in prior art. Moreover, Sparkle expands over the entire configu-
ration space, thus, completely eliminating the need for human-in-the-loop or statistical
approaches to identify the importance of each parameter.
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Chapter’s Appendix

6.A. Spark parameters considered

Table 6.A.1.: Spark parameters considered within Sparkle along with their default value
and the examined value range investigated in this work.

# Parameter Name Description Default
Value

Examined Val-
ues

1 shuffle.file.buffer Size of the in-memory buffer for
each shuffle file output stream, in
KiB unless otherwise specified.

32k 8k, 32k, 128k

2 shuffle.sort.bypassMergeThreshold In the sort-based shuffle manager,
avoid merge-sorting data if there is
no map-side aggregation and there
are at most this many reduce par-
titions.

200 50, 200, 800

3 speculation.interval How often Spark will check to
speculate tasks.

100ms 10ms, 100ms,
500ms

4 speculation.multiplier How many times slower a task is
than the median to be considered
for speculation.

1.5 1.1, 1.5, 5

5 speculation.quantile Fraction of tasks which must be
complete before speculation is en-
abled for a particular stage.

0.75 0.5, 0.75, 0.85

6 broadcast.blockSize Block size for
TorrentBroadcastFactory

4m 1m, 4m, 16m

7 io.compression.codec The codec used to compress inter-
nal data such as RDD partitions,
event log, broadcast variables and
shuffle outputs.

lz4 snappy, lzf, lz4

8 io.compression.lz4.blockSize Block size used in LZ4 compres-
sion.

32k 16k, 32k, 64k

9 io.compression.snappy.blockSize Block size used in Snappy com-
pression.

32k 16k, 32k, 64k

10 kryoserializer.buffer.max Maximum allowable size of Kryo
serialization buffer.

64m 32m, 64m, 128m

11 kryoserializer.buffer Initial size of Kryo’s serialization
buffer

64k 32k, 64k, 128k
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12 executor.cores The number of cores to use on each
executor.

6 1, 4, 8, 16, 24, 48

13 driver.memory Amount of memory to use for the
driver process.

1g 500m,1g,8g

14 storage.memoryMapThreshold Size of a block above which Spark
memory maps when reading a
block from disk

2m 1m, 2m, 4m

15 network.timeout Default timeout for all network in-
teractions.

120s 60s, 120s, 240s

16 locality.wait How long to wait to launch a data-
local task before giving up and
launching it on a less-local node.

3s 1s, 3s, 10s

17 scheduler.revive.interval The interval length for the sched-
uler to revive the worker resource
offers to run tasks.

1s 1s, 3s

18 shuffle.compress Whether to compress map output
files.

true true, false

19 memory.fraction Fraction of (heap space - 300MB)
used for execution and storage.

0.6 0.4, 0.6, 0.7

20 shuffle.spill.compress Whether to compress data spilled
during shuffles.

true true, false

21 speculation If set to "true", performs specula-
tive execution of tasks.

false true, false

22 broadcast.compress Whether to compress broadcast
variables before sending them.

true true, false

23 rdd.compress Whether to compress serialized
RDD partitions.

false true, false

24 memory.storageFraction Amount of storage memory im-
mune to eviction, expressed as a
fraction of the size of the region set
aside by spark.memory.fraction.

0.2,
0.5,
0.8

0.2, 0.5, 0.8

25 memory.offHeap.enabled If true, Spark will attempt to use
off-heap memory for certain oper-
ations.

false true, false

26 memory.offHeap.size The absolute amount of memory
which can be used for off-heap al-
location, in bytes.

0 25m, 50m

27 driver.maxResultSize Limit of total size of serialized
results of all partitions for each
Spark action in bytes.

1g 500m,1g,4g

28 reducer.maxReqsInFlight Limits the number of remote re-
quests to fetch blocks at any given
point.

Int.
Max-
Value

2147483647,
200000000

29 reducer.maxBlocksInFlight
PerAddress

Limits the number of remote
blocks being fetched per reduce
task from a given host port.

Int.
Max-
Value

2147483647,
200000000
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30 maxRemoteBlockSizeFetchToMem Remote block will be fetched to
disk when size of the block is above
this threshold in bytes.

200m 20m, 1g

31 shuffle.io.maxRetries Number of retries for fetches that
fail due to IO-related exceptions.

3 2, 3, 6

32 shuffle.io.numConnectionsPerPeer Connections between hosts are
reused in order to reduce connec-
tion buildup for large clusters.

1 1, 3

33 shuffle.io.preferDirectBufs Off-heap buffers are used to reduce
garbage collection during shuffle
and cache block transfer.

true true,false

34 shuffle.io.retryWait How long to wait between retries
of fetches.

5s 3s, 5s, 8s

35 kryo.unsafe Whether to use unsafe based Kryo
serializer.

false true, false

36 serializer.objectStreamReset When serializing using
JavaSerializer, the serial-
izer caches objects to prevent
writing redundant data.

100 -1, 50, 100, 200

37 storage.replication.proactive Enables proactive block replica-
tion for RDD blocks.

false true, false

38 cleaner.periodicGC.interval Controls how often to trigger a
garbage collection.

30min 15min, 30min,
60min

39 cleaner.referenceTracking Whether to track references to the
same object when serializing data
with Kryo.

true true, false

40 cleaner.referenceTracking.blocking Controls whether the cleaning
thread should block on cleanup
tasks

true true, false

41 cleaner.referenceTracking.blocking
.shuffle

Controls whether the cleaning
thread should block on shuffle
cleanup tasks.

false true, false

42 cleaner.referenceTracking
.cleanCheckpoints

Controls whether to clean check-
point files if the reference is out of
scope.

false true, false

43 executor.heartbeatInterval Interval between each executor’s
heartbeats to the driver.

10s 5s, 10s, 20s

44 files.fetchTimeout Communication timeout to use
when fetching files added through
SparkContext.addFile()

60s 30s, 60s, 120s

45 files.maxPartitionBytes The maximum number of bytes to
pack into a single partition when
reading files.

128MB 70000000’,
134217728,
190000000

46 files.openCostInBytes The estimated cost to open a file,
measured by the number of bytes
could be scanned at the same time.

4MiB 2000000,
4194304,
9000000
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47 rpc.message.maxSize Maximum message size (in MiB)
to allow in "control plane" commu-
nication.

128 16, 128, 512

48 port.maxRetries Maximum number of retries when
binding to a port before giving up.

16 8, 16, 32

49 rpc.numRetries Number of times to retry before an
RPC task gives up.

3 2, 3, 6

50 rpc.retry.wait Duration for an RPC ask opera-
tion to wait before retrying.

3s 2s, 3s, 6s

51 rpc.askTimeout Duration for an RPC ask opera-
tion to wait before timing out.

120s 60s, 120s, 240s

52 rpc.lookupTimeout Duration for an RPC remote end-
point lookup operation to wait be-
fore timing out.

120s 60s, 120s, 240s

53 core.connection.ack.wait.timeout How long for the connection to
wait for ack to occur before tim-
ing out and giving up.

120s 60s, 120s, 240s

54 locality.wait.node Customize the locality wait for
node locality.

3s 1s, 3s, 10s

55 locality.wait.process Customize the locality wait for
process locality.

3s 2s, 3s, 6s

56 locality.wait.rack Customize the locality wait for
rack locality.

3s 2s, 3s, 6s

57 scheduler.maxRegisteredResources
WaitingTime

Maximum amount of time to wait
for resources to register before
scheduling begins.

30s 15s, 30s, 60s

58 scheduler.mode The scheduling mode between jobs
submitted to the same SparkCon-
text.

FIFO FIFO, FAIR

59 scheduler.listenerbus.eventqueue
.capacity

Capacity for event queue in Spark
listener bus.

10000 1000, 10000,
50000

60 scheduler.blacklist
.unschedulableTaskSetTimeout

The timeout in seconds to wait
to acquire a new executor and
schedule a task before aborting a
TaskSet which is unschedulable.

120s 60s, 120s, 240s

61 blacklist.timeout How long a node or executor is
blacklisted for the entire applica-
tion.

60min 30min, 60min,
120min

62 blacklist.task
.maxTaskAttemptsPerExecutor

How many times it can be retried
on one executor before the execu-
tor is blacklisted for a given task.

1 1, 3

63 blacklist.task
.maxTaskAttemptsPerNode

How many times it can be retried
on one node, before the entire node
is blacklisted for a given task.

2 2, 4

64 blacklist.stage
.maxFailedTasksPerExecutor

How many different tasks must fail
on one executor, within one stage,
before the executor is blacklisted
for that stage.

2 2, 4
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65 blacklist.stage
.maxFailedExecutorsPerNode

How many different executors are
marked as blacklisted for a given
stage, before the entire node is
marked as failed for the stage.

2 2, 4

66 blacklist.application
.maxFailedTasksPerExecutor

How many different tasks must fail
on one executor, in successful task
sets, before the executor is black-
listed for the entire application.

2 2, 4

67 blacklist.application
.maxFailedExecutorsPerNode

How many different executors
must be blacklisted for the en-
tire application, before the node is
blacklisted for the entire applica-
tion.

2 2, 4

68 blacklist.killBlacklistedExecutors If "true", allows Spark to auto-
matically kill, and attempt to re-
create, blacklisted executors.

false true, false

69 task.cpus Number of cores to allocate for
each task.

1 1, 3

70 task.reaper.enabled Enables monitoring of killed / in-
terrupted tasks.

false true, false

71 task.reaper.pollingInterval Controls the frequency at which
executors will poll the status of
killed tasks.

10s 5s, 10s, 20s

72 task.reaper.threadDump Controls whether task thread
dumps are logged during periodic
polling of killed tasks.

true true, false

73 stage.maxConsecutiveAttempts Number of consecutive stage at-
tempts allowed before a stage is
aborted.

4 2, 4, 8

74 spark.speculation If set to "true", performs specula-
tive execution of tasks.

false true, false

75 reducer.maxSizeInFlight Maximum size of map outputs to
fetch simultaneously from each re-
duce task.

48m 12m, 48m, 100m

76 shuffle.service.index.cache.size Cache entries limited to the speci-
fied memory footprint.

100m 10m, 100m,
500m

77 checkpoint.compress Whether to compress RDD check-
points.

false true, false

78 io.compression.zstd.level Compression level for Zstd com-
pression codec.

1 0, 1, 4

79 io.compression.zstd.buffersize Buffer size in bytes used in Zstd
compression, in the case when
Zstd compression codec is used.

32k 8k, 32k, 128k

80 kryo.referenceTracking Whether to track references to the
same object when serializing data
with Kryo.

true true, false

81 kryo.registrationrequired Whether to require registration
with Kryo.

false true, false
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82 serializer Class to use for serializing objects
that will be sent over the network
or need to be cached in serialized
form.

Java
Seri-
alizer

JavaSerializer,
KryoSerializer

83 broadcast.checksum Whether to enable checksum for
broadcast.

true true, false

84 default.parallelism Default number of partitions in
RDDs returned by transforma-
tions like join, reduceByKey, and
parallelize when not set by user.

8 1, 8, 24

85 files.useFetchCache If set to true, file fetching will use a
local cache that is shared by execu-
tors that belong to the same appli-
cation

true true, false

86 executor.metrics.pollingInterval How often to collect executor met-
rics.

0 0, 2s, 5s

87 python.worker.memory Amount of memory to use per
python worker process during ag-
gregation.

512m 64m, 512m, 4g

88 python.worker.reuse Reuse Python worker or not. true,
false

true, false

89 scheduler
.minRegisteredResourcesRatio

The minimum ratio of regis-
tered resources to wait for before
scheduling begins.

0.8 0.1, 0.4, 0.8

90 scheduler.listenerbus.eventqueue.
shared.capacity

Capacity for shared event queue in
Spark listener bus.

10000 1000, 10000,
50000

91 scheduler.listenerbus.eventqueue.
appStatus.capacity

Capacity for appStatus event
queue.

10000 1000, 10000,
50000

92 scheduler.listenerbus.eventqueue.
executorManagement.capacity

Capacity for executorManagement
event queue.

10000 1000, 10000,
50000

93 scheduler.listenerbus.eventqueue.
streams.capacity

Capacity for streams queue in
Spark listener bus.

10000 1000, 10000,
50000

94 scheduler.listenerbus.eventqueue.
eventLog.capacity

Capacity for eventLog queue in
Spark listener bus.

10000 1000, 10000,
50000

95 executor.instances Number of executor instances to
request from resource manager.

2 1,4,10,20

96 dynamicAllocation.
executorIdleTimeout

If dynamic allocation is enabled
and an executor has been idle for
more than this duration, the ex-
ecutor will be removed.

10s, 60s, 240s

97 dynamicAllocation.initialExecutors Initial number of executors to run
if dynamic allocation is enabled.

0 0, 1, 4

98 dynamicAllocation.minExecutors Lower bound for the number of ex-
ecutors if dynamic allocation is en-
abled.

0 0, 4, 10

99 dynamicAllocation.
executorAllocationRatio

Allows to set a ratio that will be
used to reduce the number of ex-
ecutors w.r.t. full parallelism.

1 0.1, 0.5, 1
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100 dynamicAllocation.shuffleTracking.
enabled

Enables shuffle file tracking for ex-
ecutors, which allows dynamic al-
location without the need for an
external shuffle service.

false true, false

101 executor.memory Amount of memory to use per ex-
ecutor process

1g 10g, 50g, 80g
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Chapter 7.

Conclusions

In this chapter, we present the conclusions of this Ph.D. thesis. We summarize how
the frameworks presented in this thesis advance beyond the state-of-the-art and we also
discuss future extensions of the dissertation.

7.1. Thesis’ Summary

Today, we stand at a pivotal moment in the creation and transformation of a digital world.
Cloud computing is a vital pillar towards this transformation as it forms the de-facto exe-
cution model of modern applications, due to the efficiency, elasticity and cost-effectiveness
it offers. From the cloud providers’ point of view, minimizing the total cost of ownership
(TCO) of cloud infrastructures without sacrificing the quality of services offered to clients
is a top priority. At the same time, from the end-users’ point of view the ultimate goal
is to maximize performance of applications while reducing the operational pricing costs.
Towards making out the most for both worlds, efficient management of Cloud resources
is essential, in order to derive the possible maximum out of the available computational
units. Resource efficiency can be achieved in many ways, i.e., by applying optimization
from application-, to cluster-, to system-level. However, given the complexity as well
as the huge number of available optimization knobs of modern Cloud datacenters, naive
resource management policies are not able to provide optimal resource orchestration deci-
sions. Towards building more efficient Cloud platforms, ML-driven resource management
appears as a prominent solution, able to handle and manage the huge complexity of such
systems. However, questions like "how", "when" and "where" it is better to integrate ML
into cloud resource management are still vague.

In this thesis, we examined the application of deep-learning techniques for optimizing
performance and resource efficiency of Cloud systems. We investigated the employment of
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deep neural networks on different optimization layers, ranging from monitoring, to system,
to cluster and up to application level. Specifically, our work can be summarized as follows:
◇ Regarding monitoring of Cloud systems, we developed Rusty, an interference-aware
predictive monitoring framework for multi-tenant Cloud systems; ◇ Regarding cluster-
level management, we introduced Adrias a resource orchestration framework for memory-
disaggregated Cloud systems. ◇ Regarding application-level optimazation, we introduced
Sparkle, an end-to-end, deep-learning driven parameter auto-tuning framework for Spark
in-memory analytics.

Henceforth, we present a brief summary of our work and how the proposed frameworks
tackle open-problems in the field.

Rusty constitutes a predictive monitoring framework for multi-tenant servers systems.
Given the high unpredictability and dynamicity of modern Cloud infrastructures and
applications, resource orchestrators and workload schedulers should be able to predict
at runtime fluctuations regarding resource requirements of applications. Rusty forms a
step towards this direction by providing a predictive monitoring framework for Cloud
systems, able to dynamically forecast per-application performance characteristics under
interference. Rusty employs Long Short-Term Memory networks (LSTM) networks, and
leverages low-level system events to provide future predictions of per-application perfor-
mance metrics. Our experimental evaluation has shown that Rusty can obtain extremely
accurate predictions regarding performance (IPC and LLC misses) as well as energy
consumption, thus, forming a really promising solution towards proactive resource allo-
cators.

Adrias forms a resource orchestration framework for memory-disaggregated Cloud sys-
tems. With composable infrastructures forming the next big step regarding the design
architecture of modern datacenters, novel orchestration frameworks are required able to
optimally allocate disaggregated resources over the deployed applications. To the best of
our knowledge, Adrias forms the first framework for interfence-aware application place-
ment on memory disaggregated Cloud systems. Adrias leverages monitoring information
from the underlying server and network interconnection, and employs deep-learning tech-
niques to model performance of applications deployed on such infrastructures. Based on
these predictions, it applies a naive scheduling logic in order to optimally place appli-
cations either on local or disaggregated memory, without sacrificing their performance.
The experimental results show that Adrias is able to utilize remote memory efficiently,
by identifying and placing the appropriate type of applications that are affected the least
from disaggregated memory allocations.

Sparkle forms an end-to-end, deep-learning driven parameter auto-tuning framework for
Spark in-memory analytics. The Spark in-memory analytics framework is gaining a lot
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of attention lately due to its enhanced performance compared to the traditional Hadoop.
Spark offers more than 100 tunable parameters, which can be configured to change the
behavior of the Spark engine, thus directly affecting the performance of deployed appli-
cations. Sparkle relies on deep learning techniques and low-level performance monitoring
time-series to model performance of Spark deployments in an application agnostic man-
ner. By employing genetic optimization, the framework efficiently traverses the search
space online and recommends optimized deployment configurations. Experimental results
show that Sparkle provides high accuracies for predicting the performance of SPARK ap-
plications, while it also offers high speedups compared to the default Spark configuration
execution.

7.2. Future Extensions

The presented research work has showed that machine learning forms a very promising
tool for optimizing resource efficiency inside datacenter infrastructures. However, given
the rapid growth and expansion of next generation Clouds and the new requirements,
both from a technical as well as a societal perspective, that constantly appear over the
years, there are still open and novel issues to be addressed in future efforts. All the major
Cloud providers, European networks of researchers (e.g., HiPEAC), as well as Europe
itself, have already forged the path for the design of future computing systems. This
path builds upon four major pillars, discussed below.

7.2.1. Sustainable and Green computing

Energy efficiency, climate neutrality and sustainability currently form top priorities for the
entire globe. To meet these criteria, governments, businesses, and organizations are taking
significant steps to comply with the societal requirements and environmental laws set by
Europe and others. As we are heading towards digital societies, the total ICT contribution
on the pollution and carbon emissions also increases1, as the need for cloud and data
processing infrastructures has multiplied with the advent of technologies like 5G, IoT,
smart sensors, big data analysis, satellites, AI, deep learning, media and video streaming,
and so on. In fact, from a European perspective, in 2018 the energy consumption of DCs
was 76.8 TWh and is expected to rise by 30% in 2030.

As a result, energy-efficient Cloud computing is becoming a high priority both for EU and
1The Cloud Is Material: On the Environmental Impacts of Computation and Data Storage
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US2. DCs have to become more energy efficient, reuse waste energy (e.g., heat), and use
more renewable energy sources, with a view to becoming carbon-neutral in the near future.
In this direction, proper management of computing resources inside the DC will become
even more important to design more energy-proportional computing systems. In such
systems, the single objective optimization commonly followed by modern Cloud systems
(i.e., maximize performance of running applications) is transformed to a two (or multiple)
objectives which have to be satisfied simultaneously (e.g., minimize power consumption
while satisfying some minimum performance requirements). This optimization problem
becomes even more difficult, if we consider that energy billing is gradually changing into
a dynamic priced asset. Nevertheless, over the past few years, performance has largely
driven research and development in large-scale Cloud systems, whereas increases in energy
consumption have often been disregarded. Consequently, the design and development of
novel, sophisticated Cloud orchestrators is required, able to optimize such conflicting
requirements efficiently.

The frameworks proposed in this thesis can be extended accordingly to account for more
sustainable and green computing. Specifically, Rusty framework already provides accu-
rate predictions related to the energy consumed by servers under interference. These
predictions can be leveraged by runtime controllers to drive pro-active, energy-efficient
(rather than performance-driven) scheduling policies. For example, latest Intel processors
allow for per-core DVFS, a technology that can be used along with Rusty’s predictions
to increase the energy proportionality of the server. Moreover, the monitoring mecha-
nism and the scheduling logic of Adrias could be straightforwardly extended to support
energy-aware application scheduling. By feeding additional, energy-related monitoring
metrics to our DNN models, we could retrieve similar predictions, which can be included
to the scheduling logic, to decide between the most energy-efficient memory mode. Last,
Sparkle’s optimization approach can also be extended accordingly, by developing models
for predicting the energy consumption of a Spark deployment for a given configuration
and encapsulating the energy consumption parameter into the optimization goals of the
genetic algorithm. Additional scheduling algorithms could be incorporated to all the
frameworks, to also extend towards considering renewable energy sources and dynamic
energy billing, e.g., perform time-shifted and geolocation-aware application deployment,
where non-time-critical and geolocation-indifferent deployments will be postponed and/or
executed in different locations to take advantage of green energy sources, reduced billing
costs and others.

2Green cloud and green data centres
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7.2.2. Hyperscale computing across the edge/cloud continuum

The huge amount of data generated by today’s applications, has led to the inception of
edge computing [10]. At its core, edge computing aims to bring computation closer to
where data are generated, thus, reducing latency and bandwidth issues caused by moving
all the data to the Cloud. Over the last years, the edge computing market has increased
rapidly and was valued at USD 7.43 billion in 2021, while, it is expected to expand at a
compound annual growth rate (CAGR) of 38.9% up until 20303. While edge computing
systems offer lower communication latency, their limited computing capability has led to
the synergy of edge and Cloud, realizing the edge-cloud computing continuum. Going one
step further, hyperscale edge computing systems are starting to appear on the foreground,
where computation is distributed across the entire continuum and where computational
resources can seamlessly scale up/down to accomodate fluctuating demand. On top of
that, we observe an increasing adoption of multi-cloud and hybrid cloud strategies [382].
These strategies involve using a combination of different cloud providers and on-premises
systems to create a more flexible and resilient IT infrastructure. This approach allows
organizations to take advantage of the best features and services offered by different cloud
providers while also maintaining control over their own data and applications. As a result,
it is expected that multi-cloud and hybrid cloud solutions will become the norm in the
future.

Despite its rapid growth and the tremendous advantages they offer, this combination of
hyperscale, edge and multi-cloud computing systems pose a plethora of new challenges
with respect to efficient orchestration of computing resources. One of the most important
challenges is the extreme device heterogeneity introduced in such environments, where
the available scheduling units (i.e., devices across the continuum) have diversified compu-
tational/memory power, runtime environments, network interfaces and others. Moreover,
in hybrid cloud environments, scrutinizing all the available deployment options, both from
performance- as well as cost-efficiency perspective adds an extra level of complication. In
such environments the problem of resource orchestration becomes extremely challenging.
Efficient scheduling schemes should take into account the different dynamics of the avail-
able computing resources, the relationship between where computation takes place and
where data are stored (to minimize data movement overheads), while also application-
level optimizations become even more important, to fully exploit the available computing
power of low-end embedded devices.

Future extensions of our proposed frameworks to adapt to this new paradigm could be
the following. Regarding Rusty, the core idea of predictive monitoring could be applied
as is. Although, the monitored metrics considered by Rusty should be extended to also

3Edge Computing Market Size, Share & Trends Analysis Report
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consider network traffic related events, whereas, for the training of the models we could
also explore federated learning approaches across the continuum. For low-end devices, the
overhead introduced by Rusty’s LSTM model could be prohibitive. In such cases, Rusty
can be extended to support remote API calls that communicate the monitored data, thus,
offering the ability to offload the forecasting process to more powerful devices. Adrias’
design already accounts for resource heterogeneity, since, local and remote memory can
be considered as two heterogeneous resources with diverse computing capabilities. Thus,
the problem of deploying applications in distributed computing resources can be directly
mapped to the one examined in Chapter 5. Of course, Adrias’ orchestration logic can be
modified accordingly to also consider trade-offs between performance/cost between differ-
ent Cloud offerings. With respect to scalability, Adrias is able to scale on multiple nodes
by design, where the monitoring (and possibly prediction components) are distributed
across the nodes of the cluster, whereas the orchestration logic could be easily centralized
(e.g., integrated as a custom scheduler with Kubernetes). Last, Sparkle’s models should
be adapted accordingly to account for heterogeneous computing nodes, as well as the
presence of interference on the performance of applications.

7.2.3. More complex AI, use of specialized architectures and tighter
HW&SW co-design

From a broader perspective, given the roadmaps described above, we foresee that the use
of AI for resource management in the cloud is expected to become even more important
in the future [383]. Regarding sustainable computing, AI-based resource management
systems can play a key role by optimizing the use of resources to reduce energy consump-
tion and carbon emissions, by analyzing patterns of usage and automatically adjust the
power consumption of cloud resources based on demand. This can lead to significant
reductions in energy consumption and costs, as well as a reduction in the environmen-
tal impact of cloud systems. Moreover, in the context of hyperscale edge computing,
AI-based resource management systems can analyze patterns of usage and automatically
allocate resources to meet the specific needs of edge devices and users, which can im-
prove performance and reduce latency and cost savings through reduced resource waste.
On top of the above, the potential end of Moore’s law will pave the way for the use of
more specialized architectures in the computing continuum [384]. Examples of this trend
include field-programmable gate arrays (FPGAs), e.g., Microsoft Cloud uses FPGAs to
accelerate Bing searches and other applications4, smartphone technologies with dozens of
specialized accelerators co-located on the same chip, hardware used in large data centers,
such as Google’s Tensor Processing Unit (TPU), and a vast array of other deep learning

4Microsoft’s Bing search engine uses FPGA chips to provide more intelligent answers
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accelerators both in the edge and the Cloud.

Taking these into account, we expect future Cloud resource orchestrators to rely on
tighter software and hardware co-design for improving their performance and efficiency.
By designing the software and hardware components together, it will be possible to opti-
mize the overall system for specific use cases and to improve the performance of specific
tasks, by analyzing usage time-series patterns and adjusting the configuration of both
the HW (e.g., DVFS, CAT) and SW (e.g., SW thread scaling, sampling frequency) to
meet the specific needs per application. However, there exist many challenges to real-
ize the above. From a software standpoint, more expressive application descriptors and
monitoring solutions must be developed (e.g., open standards for application monitoring
and logging), which can be leveraged in a systematic way from AI-driven approaches.
From a hardware point of view, we expect server systems and specialized accelerators
to provide more detailed monitoring information, that can be leveraged by ML models
to accomplish resource-management related tasks. Moreover, the rise of serverless ar-
chitectures [33] and latest advancements towards microsecond scale application schedul-
ing [385] demands for more granular monitoring hardware that can keep up with such
requirements.

Overall, the frameworks proposed in this thesis, can be directly extended to analyze more
expressive HW and SW monitoring events. First, the proposed deep learning models can
become deeper, to be able to analyze more complex patterns within the provided input
features. Moreover, ensembling techniques [386] and/or multi-branch DNN architectures
can be considered that combine system-wise related monitoring information along with
applications’ runtime information (e.g., logging and application’s metadata) and source
code characteristics (e.g., using NLP techniques [387]).
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Appendix A.

Co-design Implications of Cost-effective
On-demand Acceleration for Cloud
Healthcare Analytics: The AEGLE Approach

Nowadays, big data and machine learning are transforming the way we realize and man-
age our data. Even though the healthcare domain has recognized big data analytics as
a prominent candidate, it has not yet fully grasped their promising benefits that allow
medical information to be converted to useful knowledge. In this chapter, we introduce
AEGLE’s H2020 EU project’s big data infrastructure provided as a Platform as a Ser-
vice. Utilizing the suite of genomic analytics from the Chronic Lymphocytic Leukaemia
(CLL) use case, we show that on-demand acceleration is profitable w.r.t a pure software
cloud-based solution. However, we further show that on-demand acceleration is not of-
fered as a "free-lunch" and we provide an in-depth analysis and lessons learnt on the
co-design implications to be carefully considered for enabling cost-effective acceleration at
the cloud-level.
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A.1. Introduction

At the centre of health debates there are open questions on how to manipulate, share
and produce value out of data [388]. Even though the term Big-Data has become
a buzzword in the field of information technology, its applicability on biological data
is still limited. Modeling biological phenomena is typically very complex and has al-
ways been understood to be a computationally intensive process. Thus, In order to
draw meaning from the exponentially increasing quantity of healthcare data, technolo-
gies capable of processing massive amounts of data efficiently and securely have to be
adopted.

Collecting and aggregating anonymous data from geographically dispersed locations makes
it possible to construct statistically meaningful databases, based on which, macroscopic
reasoning can be made, rather than solely focusing on the individual and associated
pathology. Answers to these questions will create opportunities to predict long-term
health conditions and identify non-traditional intervention points, as well as to design
better diagnostics tools, prevent diseases, increase access to and reduce the costs of
healthcare [389]. As discussed in [390], effective use of data in the US health sector
could generate USD 300 billion in value per year. The implementation of big data ana-
lytics in the healthcare sector has the potential to boost the integration of user-generated
data with official medical data, leading to healthcare that is more integrated and per-
sonalised [391]. Several European initiatives 1 have already pinpointed the importance
and usefulness of health-care big data, e.g. to predict the outbreak of an epidemic. To
that end, business interest is growing, like in the case of Open Data initiative, where big
data health providers, research institutes and industry aim to develop a vendor-neutral
Big-Data platform 2.

The use of available medical data can allow clinicians to simulate potential outcomes
and thus prevent patients from undergoing ineffective treatments or provide better treat-
ment plans. In other words, accumulating data to develop a greater understanding of
pathophysiological processes will result in significant healthcare improvements. How-
ever, the strategic advantage brought by Big-Data in healthcare still materializes at slow
paces, as only some large-scale organizations have established few pilot or proof-of-concept
projects.

Data-driven services are still needed to cater for the data versatility, volume, velocity and
veracity within the whole data value chain of healthcare analytics. Currently, none of the

1Big Data Analytics: What it is and why it matters
2Top Healthcare Data Startups
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existing Big-Data EU projects are completely dedicated to healthcare and the provision
of corresponding services, or the management of diseases. The AEGLE project aspired
to bridge this gap, by implementing a full data value chain to create new value out of
rich, multi-diverse health data with the goal to revolutionize integrated and personalized
healthcare services.

The project builds upon the synergy of cloud technologies together with heterogeneous
high performance reconfigurable acceleration for delivering optimized analytic services
on Big-Bio Data applications. At local level, the data are anonymized and uploaded
to the cloud. At cloud level, the framework consists of the frontend and the backend
part. On the frontend, an advanced visualization service and a friendly user interface
simplify the data visualization and the execution of complex analytics workflows. On
the other hand, the cloud-backend is the core of AEGLE’s big data framework, as it
is responsible for data storage and efficient execution of conventional and accelerated
workflows. AEGLE’s modular deployment envisions to support and enable a healthcare
oriented analytic design framework whose functionalities and services are not provided
solely by a unique user interface. Users of the framework can develop their own user
interfaces at the local level and interconnect them with the services and tools provided
at the Cloud level.

The rest of the chapter is organized as follows. In section A.2, we present in brief AE-
GLE’s targeted use-cases and we give detailed information regarding the overall archi-
tecture of AEGLE framework and its innovative on-demand acceleration mechanism. In
section A.3 we analyze the essential costs for the operation of the platform. Finally, sec-
tion A.4 explores the acceleration capabilities of CLL workloads as well as the co-design
implications for cost-effective acceleration at the cloud, while section A.5 concludes the
chapter.

A.2. The AEGLE cloud infrastructure

AEGLE cloud infrastructure hosts data and analytic tools from three distinct use cases, i)
Chronic Lymphocytic Leukemia (CLL), ii) Type II diabetes (T2D) and iii) Intensive Care
Unit (ICU). We utilize CLL as our driver case to highlight the technical contribution, due
to the high workload divergence of CLL workflows, i.e. large scale descriptive statistics,
machine learning and genomic pipelines, that make a strong claim on the utilization of
the on-demand acceleration features.

Fig. A.2.1 depicts an overview of the architecture of the AEGLE platform. On the bottom
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Figure A.2.1.. AEGLE’s Big Data Framework hierarchy.

of the pyramid, lies the hardware stack. The hierarchical design of AEGLE allows the
accommodation of any type of devices, i.e., bare-metal servers, virtual machines and
accelerator devices. In addition, it allows the extension of its hardware stack, enabling
new accelerators and/or entire acceleration clusters to be transparently federated in the
existing infrastructure. Currently, AEGLE’s hardware stack consists of two clusters, a
conventional cluster comprised of ordinary virtual machines and an accelerated cluster
that pairs virtual machines with Maxeler MPC-X servers providing dataflow acceleration
of specific applications.

AEGLE platform exposes two kinds of services, static and dynamic ones. Static services
are always up and running and constitute the backbone of the framework, as they are
responsible for authentication of users, persistent storage of data, and mainly for the
interaction of users with the framework through the user interface. On the other hand,
dynamic services are operations that the users of AEGLE perform on the platform, such
as workflows execution or dataset visualization.

Resource management: To efficiently manage the deployment of applications on this
large and heterogeneous pool of hardware resources, Kubernetes [175] is adopted as the
core resource manager, providing automated deployment of containerized applications.
Kubernetes is responsible for scheduling workloads on the appropriate cluster (conven-
tional or accelerated), as well as managing resources among VMs. The accelerated cluster
supports multiple MPC-X nodes, which implicates a large pool of resources that could
potentially be accessed by multiple independent applications at the same time. This re-
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quires some form of cluster level resource management for the acceleration engines, i.e.
FPGAs, which is provided by the Maxeler Orchestrator that maintains the availability
status of each FPGA. Applications are able to request Data Flow Engine (DFE) resources
from a centralized management facility (i.e. the orchestrator) that can allocate, schedule
and manage resources in the system.

Security: At the core of the identity management solution lies Keycloak [392]. Keycloak
is utilized for modelling the overall security information structure including user roles,
allowed actions and group memberships. Due to the heterogeneous security requirements
of the different high level components and technologies adopted by the AEGLE platform,
Keycloak is framed with Apache Knox [393], which serves as an authorization gateway to
the Hadoop services ecosystem. Knox is used as a single point of access for the Hadoop ser-
vices and also acts as a secondary permissions layer, thus, extending the reach of Apache
Hadoop services to users outside of a Hadoop cluster without compromising Hadoop’s
secure mode. Moreover, Kerberos lies security wise in between the Hadoop cluster and
the Knox gateway. When a user needs to perform an action with a Hadoop service, Knox
receives an access token from the incoming requests, validates their authenticity and then
authenticates itself to Hadoop via Kerberos. Finally, execution of the external tools and
visualizations are managed by Kubernetes itself. Role based Access Control mechanism
(RBAC) is configured and activated on Kubernetes, so that assignment of user roles and
check for permissions can be performed; users can deploy their own external tool pods
based on their Keycloak tokens, as RBAC is integrated with Keycloak using an OpenID
Connect (OIDC) client.

Workloads: AEGLE provides a plethora of tools for analyzing and examining health-
care data. Within AEGLE, more than 100 analytics have been developed, including
analytics for healthcare data and predictive models [394]. The de-novo analytics are
developed over state-of-the-art Big Data platforms, e.g. Hadoop [141], Spark [93], al-
lowing fast and general-purpose computations, interactive queries and stream processing.
Additionally, AEGLE supports a variety of existing analytics, tools, and execution en-
gines, that are widely used in the bio-medical research domain, e.g. SeqMule [395],
TopHat [396], which provide genomics analyses, such as DNA or RNA sequencing. These
tools are deployed and managed as containerized applications by Kubernetes. Last, to
simplify the data representation produced by the execution of complex workflows, the
platform provides advanced visualization techniques by utilizing the Apache Zeppelin
framework [397].
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A.3. Cost model of AEGLE Cloud Infrastructure

AEGLE deployment is amenable to the complex cloud cost models. In order to efficiently
exploit the advanced on-demand acceleration features of AEGLE platform, a detailed and
realistic assessment of cost w.r.t to performance is needed.

A.3.1. Cost model of AEGLE’s PaaS

AEGLE’s software components are based on open source solutions. Apache licensing
2.0 conditions enable the free commercial use of this open source software without fur-
ther costs. AEGLE software platform is only amenable to licensing conditions for the
GNUBILA’s FedEHR Capsule software that provides data anonymization, upload and
repository services

The big data platform of AEGLE, has been deployed on Microsoft’s Azure Cloud platform
[177], utilizing the Azure Kubernetes Service (AKS). The total platform cost (TC) per
month can be calculated as follows:

TC = CM +CSS +CS +CLIC +CDS +CHW +CBW (A.1)

where CM is the cost for the Virtual Machines used for the deployment of the master
nodes of Kubernetes cluster, CSS is the cost for the Virtual Machines hosting the required
static services, CDS is the cost for the Virtual Machines hosting dynamic services, CS is
the cost for storage purposes, CBW is the cost for bandwidth transfer inside and outside
the cloud cluster, CHW is the cost for hardware accelerators and CLIC is the cost for the
software licenses (FedEHR capsule).

Kubernetes master nodes: The master nodes of the cluster should operate indefinitely
(24/7), as they are the backbone of Kubernetes ensuring the fluid operation of the cluster.
For reliability and fault tolerance reasons, 3 Master nodes were deployed, however the
number of master nodes may vary. As a managed Kubernetes service, AKS is free, so the
master nodes of the cluster are free of charge (CM = 0).

Static services: The static services of AEGLE comprise of the user interface, the se-
curity services, the FedEHR anonymizer and the HDFS cluster, which should be al-
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Figure A.3.1.. Execution time and total cost for different number of threads and input
datasets for the SeqMule workload.

ways up and running. In order to provide a high availability and fault tolerant clus-
ter, Kubernetes is configured to schedule HDFS nodes to different VMs. Under nor-
mal traffic conditions on the platform, 3 datanodes and 1 namenode are utilized. For
the static services, we have chosen the L4 machines with a cost of $0.372/hour (CSS =
$1071.36/month).

Storage and Traffic: Storage costs depend on the amount of data hosted on the platform.
Azure charges $60 per 1TB of File Disk per month. Within AEGLE we host approxi-
mately 1TB of anonymized medical data and provide a replication factor of 3 on the HDFS
side. Therefore, we utilize 1TB of persistent disk for each HDFS node (CS = $240/month).
Moreover, the outbound traffic is charged for $0.07 per GB.

In total, the expenses for the basic operation of the platform are estimated to TC =
$2900.34. This cost might seem high at a first glance, but the platform can provide ser-
vices to tens of patients, lowering the individual costs to lower levels.

A.3.2. Cost-aware acceleration services

Although acceleration services are available on demand, they should be used cautiously.
The tradeoff between speedup gains and cost increment should always be taken into
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account, even when deciding whether to scale on pure software (i.e., number of threads)
or not. For example, Fig. A.3.1 shows the scaling of cost and execution time, w.r.t.
the number of threads and input dataset size for the SeqMule pipeline implementing full
exome sequencing. As depicted, cost growth escalates quickly compared to savings in
execution time. Even for the largest dataset sizes, where we observe better scaling in
terms of threads (x2.18 for 32 threads), the increase in cost is greater than time gains by
a factor of three (x7.1). This shows that utilizing resources recklessly should be avoided,
especially when aiming to keep costs at low levels.

The aforementioned scenario is becoming even more complex, when making use of the ac-
celeration cluster. Acceleration value depends on whether the gained speed-up makes up
for traffic charges and the increased cost of occupying an acceleration machine rather than
a conventional one. Equation A.2 provides a lower bound on the acceleration speedup,x,
required in order to have cost-effective acceleration services:

tCPU
x

∗CHW +CBW ≤ tCPU ∗CVM (A.2)

where tCPU is the execution time (hours) of a workload on a conventional VM, i.e. VM
without having access to acceleration cluster, and CVM is the cost of the VM. The above
equation implies a fundamental principle for cost effective on-demand acceleration, i.e.
the gained acceleration speedup should encompass the increased costs of dedicated HW
resources, e.g. FPGAs, as well as the data transfer costs from/to the cloud storage. As
shown in the next section, this fundamental principle directly questions the currently
dominating model of kernel-specific cloud acceleration libraries/stores and suggests for
more holistic HW/SW co-designed solutions.

A.4. Cost-effective acceleration of AEGLE’s CLL Use Case

Predictive and descriptive CLL analytics are exhibiting low execution runtimes, violat-
ing Eq. A.2 bounds, e.g. transferring the input data to the accelerated cluster would
take up as much time as pure software execution. On the contrary, SeqMule forms a
good candidate for acceleration due to its intense time requirements (8-12 hours for re-
alistic inputs). SeqMule performs automated human exome/genome variants detection,
where short fragments of DNA reads are first aligned to a genome reference and then
used for variant calling. AEGLE includes two major types of genome analysis in its
workflows. The first one includes a single aligner (BWAMEM/Bowtie2) operating on
one input dataset, followed by multiple variant callers (GATKLite, SamTools, Freebayes,
Varscan). The second type performs alignment on two input datasets (e.g pre- and after-
treatment read sequences) and a single variant caller (Varscan) is utilized. Fig. A.4.2
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Figure A.4.1.. Total cost and time for software execution of Seqmule pipelines for
different input datasets and number of threads.

illustrates the distribution of time per stage for each of the examined Seqmule analyses.
Aligners and variant callers take up most of the computation time and thus are usu-
ally the target for acceleration. Still, the overall time of minor stages is not negligible
either.

A.4.1. Co-design implications of genomic workflows acceleration

Careful consideration is required to decide if it is cost-efficient for users to execute a
SeqMule pipeline on the accelerated cluster. For that purpose, a small exploration of
the available options is presented. Each pipeline is executed for different input sizes
and different number of threads (1-2-4-8-16-32) and the resulting set of configurations is
depicted in Fig. A.4.1. As illustrated with dotted lines, configurations of the same pipeline
and input size lie on the same frontier, where lower execution times correspond to higher
number of threads. Executing the specific configuration on the accelerated cluster should
be more efficient than the point of the frontier with the best trade-off between cost and
latency (highlighted points).

After identifying the best cost-latency trade-off points, we apply Eq.A.2 to acquire the
lower acceleration factor x for each pipeline. Given this value and the profiling results
of Fig. A.4.2, we investigate how this speedup can be actually acquired. We form our
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Figure A.4.3.. Total cost and time for software execution of Seqmule pipelines for
different input datasets and number of threads.

acceleration library adopting state-of-the-art hardware accelerators for SeqMule aligners
and variant callers utilized in these pipelines. To broaden the analysis, we considered
accelerators targetting both GPUs and Xilinx FPGAs, as well as Maxeler DFEs [398–401].
For each pipeline, we consider all combinations of hardware accelerators from our library
and measure the resulting speedup and cost.

Figure A.4.3 presents the results for all pipelines for a single dataset input size (8.2GB).
Each bar stands for a threshold speedup, from which value and onwards hardware accel-
eration is more cost efficient. Figure A.4.3 shows that the need for an holistic co-design
solution is evident in the case of cloud level acceleration, since none of the examined ac-
celerated pipelines achieves the cost-effectiveness threshold. Configurations for pipelines
1,2,3,6,7 partly achieve the target speedup value by relying on FPGAs, GPUs or both.
The remaining speedup can be acquired by allocating more software resources in or-
der to boost the performance of the pipeline stages that are still executed on software.
That is not the case for pipelines 4 to 5, whose hardware-acquired speedup is far below
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the threshold, making it potentially hard for software resources to compensate for the
difference.

The difficulty to acquire the target speedup can be attributed to the fact that the
accelerated solutions are applied only to some stages of the pipeline, directly origi-
nated from the current cloud model of kernel-specific acceleration libraries. To add to
that, although there are many hardware accelerators for the bottlenecks of these tools,
there are only a few integrated co-designed implementations that manage to deliver
a maximum of only ×2 speedup, i.e. below the cost-effectiveness acceleration thresh-
old.

A.5. Conclusion

The scope of this work is to present H2020 AEGLE’s Platform as a Service, highlighting
the on-demand acceleration services that are offered through a framework that seamlessly
combines cloud and big data technologies. A detailed description of the cost model of
AEGLE platform is provided, along with an exploration that aims to export preliminary
guidelines for enabling cost-effective acceleration on demand. Utilizing CLL use case as
a driver application on this exploration, we present the challenges of effective co-design
and highlight the importance of providing an elegant and effective solution for Big Data
Health analytics.
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Appendix B.

Resource Aware GPU Scheduling in
Kubernetes Infrastructure

Nowadays, there is an ever-increasing number of artificial intelligence inference workloads
pushed and executed on the cloud. To effectively serve and manage the computational
demands, data center operators have provisioned their infrastructures with accelerators.
Specifically for GPUs, support for efficient management lacks, as state-of-the-art sched-
ulers and orchestrators, threat GPUs only as typical compute resources ignoring their
unique characteristics and application properties. This phenomenon combined with the
GPU over-provisioning problem leads to severe resource under-utilization. Even though
prior work has addressed this problem by colocating applications into a single accelerator
device, its resource agnostic nature does not manage to face the resource under-utilization
and quality of service violations especially for latency critical applications. In this chapter,
we design a resource aware GPU scheduling framework, able to efficiently colocate appli-
cations on the same GPU accelerator card. We integrate our solution with Kubernetes,
one of the most widely used cloud orchestration frameworks. We show that our scheduler
can achieve 58.8% lower end-to-end job execution time 99%-ile, while delivering 52.5%
higher GPU memory usage, 105.9% higher GPU utilization percentage on average and
44.4% lower energy consumption on average, compared to the state-of-the-art schedulers,
for a variety of ML representative workloads.
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B.1. Introduction

In recent years, the adoption of artificial intelligence (AI) and machine learning (ML)
applications is increasing rapidly. Several major Internet service companies including
Google, Microsoft, Apple and Baidu have observed this trend and released their own intel-
ligent personal assistant (IPA) services, e.g. Siri, Cortana etc., providing a wide range of
features. Compared to traditional cloud applications such as web-search, IPA applications
are significantly more computationally demanding [402]. Accelerators, such as GPUs,
FPGAs, TPUs and ASICs, have been shown to be particularly suitable for these applica-
tions from both performance and total cost of ownership (TCO) perspectives [402]. With
the increase in ML training and inference workloads [64, 402], cloud providers begin to
leverage accelerators in their infrastructures, to catch up with the workload performance
demands. This trend is also evident as Amazon AWS and Microsoft Azure have started
offering GPU and FPGA based infrastructure solutions.

In particular, for the case of ML inference oriented tasks, public clouds have provisioned
GPU resources at the scale of thousands of nodes in data-centers [403]. Since GPUs
are relatively new to the cloud stack, support for efficient management lacks. State-
of-the-art cluster resource orchestrators, like Kubernetes [404], treat GPUs only as a
typical compute resource, thus ignoring their unique characteristics and application prop-
erties. In addition, it is observed that users tend to request more GPU resources than
needed [405]. This tendency is also evident in state-of-the-art frameworks like Tensorflow
which by default binds the whole card memory to an application. This problem, also
known as over-provisioning, combined with the resource agnostic scheduling frameworks
lead to under-utilization of the GPU-acceleration infrastructure and, thus, quality of ser-
vice (QoS) violations for latency critical applications such as ML inference engines. To
overcome the aforementioned issues, real-time monitoring, dynamic resource provision-
ing and prediction of the future status of the system is required, to enable the efficient
utilization of the underlying hardware infrastructure by guiding the GPU scheduling
mechanisms.

In this chapter, we propose a novel GPU resource orchestration framework that uti-
lizes real-time GPU metrics monitoring to assess the real GPU resource needs of appli-
cations at runtime and based on the current state of a specified card decide whether
two or more application can be colocated. We analyze the inherent inefficiencies of
state-of-the-art Kubernetes GPU schedulers concerning the QoS and resource utiliza-
tion. The proposed framework estimates the real memory usage of a specified card and
predicts the future memory usage, enabling better inference engine colocation decisions.
We show that our scheduler can achieve 58.8% lower end-to-end job execution time
99%-ile for the majority of used inference engine workloads, while also providing 52.5%
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higher GPU memory usage, 105.9% GPU utilization percentage average and 44.4%
lower energy consumption compared with the Alibaba GPU sharing scheduler exten-
sion.

B.2. Related Work

The continuous increment in the amount of containerized workloads uploaded and exe-
cuted on the cloud, has revealed challenges concerning the container orchestration. Work-
load co-location and multi-tenancy exposed the interference agnostic nature of the state-
of-the-art schedulers [166] while the integration of accelerator resources for ML applica-
tions revealed their resource unawareness [403]. To enable better scheduling decisions,
real-time [114] or even predictive [313] monitoring is required to drive the orchestration
mechanisms. Extending to the case of GPU accelerators, real-time GPU monitoring can
allow the colocation of containers on the accelerator in a conservative manner to avoid
out-of-memory issues [403].

Container orchestration on GPU resources has been in the center of attention of both
academia and industry. Throughout the years, various GPU scheduling approaches have
been proposed. Ukidave et al. [406] and Chen et al. [407] have proposed GPU runtime
mechanisms to enable better scheduling of GPU tasks either by predicting task behavior
or reordering queued tasks. More recent works [408, 409] have introduced docker-level
container sharing solutions by allowing multiple containers to fit in the same GPU, as
long as the active working set size of all the containers is within the GPU physical
memory capacity. As distributed deep neural network (DNN) training based applications
have started taking advantage of multiple GPUs in a cluster, the research community
proposed application specific schedulers [410] that focus on prioritizing the GPU tasks
that are critical for the DNN model accuracy. Hardware support for GPU virtualization
and preemption were also introduced. Gupta et al. [411] implemented a task queue in
the hypervisor to allow virtualization and preemption of GPU tasks while Tanasic et
al. [412] proposed a technique that improves the performance of high priority processes
by enabling GPU preemptive scheduling. The integration of GPU sharing schemes on
GPU provisioned cloud infrastructures managed by Kubernetes is a trend that is also
observed. Yeh et al. proposed KubeShare [413], a framework that extends Kubernetes
to enable GPU sharing with fine-grained allocation, while Wang et al. [414] introduced
a scheduling scheme that leverages training job progress information to determine the
most efficient allocation and reallocation of GPUs for incoming and running jobs at any
time.
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Regarding container orchestration within GPU environments, Kubernetes itself includes
experimental support for managing AMD and Nvidia GPUs across several nodes. Kuber-
netes GPU scheduler extension [415] exposes a card as a whole meaning that a container
can request one or more GPUs. Even though this implementation does not provide frac-
tional GPU usage, it allows better isolation and ensures that applications using a GPU
are not affected by others. To overcome this problem, the authors in [416] proposed
a GPU sharing scheduling solution which relies on the existing working mechanism of
Kubernetes. Alibaba GPU sharing extension aims to improve the utilization of GPU
resources by exposing the memory of a card as a custom Kubernetes resource, thus, al-
lowing containers to specify their required amount of memory. Even though this approach
allows the concurrent execution of multiple containers, its resource agnostic nature makes
it dependable on the credibility of the memory requests. Kube-Knots [403] overcomes
this limitation by providing a GPU-aware resource orchestration layer that addresses the
GPU orchestration problem. Kube-Knots dynamically harvests spare compute cycles
by enabling the co-location of latency-critical and batch workloads, thus, improving the
overall resource utilization. This way, it manages to reduce QoS violations of latency crit-
ical workloads, while also improving the energy consumption of the cluster. However, its
predictive nature fails to face the problem of container failures due to incorrect memory
usage predictions and thus GPU memory starvation.

B.3. Experimental Setup & Specifications

We target high-end server systems equipped with GPU acceleration capabilities found
under today’s data-center environments. Specifically, our work targets an ML-inference
cluster, where a GPU-equipped node is responsible for serving the computational demands
of inference queries effectively. In the proposed framework, whenever an inference engine
arrives on the cluster, the Kubernetes master redirects it to our custom resource aware
GPU scheduler. By leveraging real-time GPU monitoring and prediction, our scheduler
decides whether to schedule it on the GPU, or enqueue the task on a priority queue and
delay the execution until there are enough GPU resources available. Figure B.3.1 shows
an overview of our experimental setup.

Hardware Infrastructure Characterization: All of our experiments have been per-
formed on a dual-socketed Intel® Xeon® Gold 6138 server equipped with an NVIDIA
V100 GPU accelerator card, the specifications of which are shown in Table B.3.1. On
top of the physical machine we have deployed three virtual machines, which serve as the
nodes of our cluster, using KVM as our hypervisor. The V100 accelerator is exposed
on the inference-server VM (24 vCPUs, 32GB RAM) using the IOMMU kernel config-
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(a) Proposed Scheduling Framework (b) MLPerf Inference Engine Architecture

Figure B.3.1.. Proposed scheduling framework and MLPerf inference engine architecture

uration, while the rest of the VMs (8 vCPUs, 8GB RAM each) are utilized to deploy
critical components of our system, such as the master of our Kubernetes cluster and our
monitoring infrastructure.

Software & Monitoring Infrastructure Characterization: On top of the VMs, we
deploy Kubernetes container orchestrator (v1.18) combined with Docker (v19.03) which
is nowadays the most common way of deploying cloud clusters at scale [417]. Our moni-
toring system consists of two major components, NVIDIA’s Data-Center GPU Manager
exporter (DCGM) [418] along with Prometheus [183] monitoring toolkit. DCGM exports
GPU metrics related to the frame buffer (FB) memory usage (in MiB), the GPU uti-
lization (%) and the power draw (in Watts). In particular, a DCGM exporter container
is deployed on top of each node of the cluster through Kubernetes. This container is
responsible for capturing and storing the aforementioned metrics into our Prometheus
time-series database every specified interval. We set the monitoring interval equal to 1
second to be able to capture the state of our underlying system at run-time. Finally,
metrics stored in the Prometheus time-series are accessed from our custom Kubernetes

Intel® Xeon® Gold 6138
Cores/Threads 20/40
Sockets 2
Base Frequency 2.0 GHz
Memory (MHz) 132 GB (2666)
Hard Drive 1 TB SSD
OS (kernel) Ubuntu 18

(4.15)

NVIDIA V100
Architecture Volta
Comp. Cap. 7.0
CUDA Cores 5120
Memory Size 32 GB HBM2
Interface PCIe 3.0 x16
Sched. Policy Preemptive

Table B.3.1.: CPU & GPU Specifications
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scheduler by performing Prometheus-specific PromQL queries, as described in section
B.5.

Inference Engine Workloads: For the rest of the chapter, we utilize MLPerf Infer-
ence [419] benchmark suite for all of our experiments, which is a set of deep learning
workloads performing object detection and image classification tasks. As shown in Fig-
ure B.3.1b, each MLPerf Inference container instance consists of two main components,
i) the Inference Engine and ii) the Load Generator. The Inference Engine component is
responsible for performing the detection and classification tasks. It receives as input the
pre-trained DNN model used during inference (e.g. ResNet, Mobilenet etc.) as well as
the corresponding backend framework (e.g. PyTorch, Tensorflow etc.). The Load Gen-
erator module is responsible for producing traffic on the Inference Engine and measure
its performance. It receives as input the validation dataset (e.g. Imagenet, Coco) as
well as the examined scenario and the number of inference queries to be performed. The
scenario can be either Single stream (Load Generator sends the next query as soon as
the previous is completed), Multiple stream (Load Generator sends a new query after a
specified amount of time if the prior query has been completed, otherwise the new query
is dropped and is counted as an overtime query), Server (Load Generator sends new
queries according to a Poisson distribution) and Offline (Load Generator sends all the
queries at start). Considering the above inputs, the Load Generator performs streaming
queries to the Inference Engine and waits for the results. For the rest of this work, we
utilize the Single Stream scenario and evaluate our inference engine through the 99%-ile
of the measured latency.

B.4. Motivational Observations and Analysis

Latest advancements in the micro-architecture of NVIDIA’s GPUs allow the transpar-
ent, cooperative execution of CUDA applications on the underlying accelerator, either
through CUDA’s streams [420] or through CUDA’s Multi-Process Service (MPS) [421]
capabilities. These functionalities increase the utilization of GPU accelerators, thus, of-
fering increased computing capacity, yet, state-of-the-art frameworks, such as Kubernetes
do not provide mechanisms that expose them to end-users. In fact, Kubernetes default
GPU scheduler [415] mechanism provides exclusive access to applications requesting GPU
accelerators. Even though, this approach allows isolation and ensures that applications
using a GPU do not interfere with each other, it can cause high resource under-utilization
or QoS violations, especially in deep-learning inference scenarios on high-end GPUs, which
have low requirements in terms of CUDA cores and memory. In order to allow more pre-
diction services to share the same GPU and, thus, improve their QoS and the utilization
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Figure B.4.1.. GPU memory usage, utilization percentage and power usage signals for
Kubernetes GPU scheduler extension and Alibaba GPU sharing extension.

of the card, partitioning of the GPU memory resource is required. Towards this direction,
Alibaba offers a GPU sharing extension [416], which allows the partitioning of the GPU
memory. This scheduler allows end-users to define the requirements of their workloads
in terms of GPU memory and combines this information with the total available mem-
ory of the GPU to decide whether two or more inference engines can be colocated or
not.

To demonstrate the inefficiency of the Kubernetes GPU scheduler extension compared
with Alibaba GPU sharing extension, we perform a straight comparison between them
for the scheduling of a workload that consists of 6 inference engines from the MLPerf
suite.

Figure B.4.1 shows the GPU memory utilization (MB), the CUDA cores utilization (%)
and the power usage signals of the inference engine workload for the above-mentioned
schedulers. As shown, the Kubernetes GPU scheduler extension has an average mem-
ory utilization of 5GB, which can be considered relatively low compared to the available
32GB memory of the underlying GPU card. The same observation can be made for the
GPU utilization signal (7.22% on average) and the power consumption (41.5 Watts on
average), as the GPU binding per inference engine leads to resource under-utilization.
On the other hand, the average GPU memory usage for the Alibaba GPU sharing ex-
tension is 16GB, which is x3.24 higher. Similarly, we see an average of 49% utilization
improvement (x6.8 increment) and an average of 52.9 Watts higher power consumption
(x1.28 increase). It also leads to a 52.8% decrease of the average energy consumption as
Kubernetes GPU scheduler extension consumption is 66.4 kJ and Alibaba GPU sharing
extension consumption is 31.3 kJ. Finally, we observe that the overall inference engine
workload duration using the Alibaba GPU sharing extension is x2.67 faster than the Ku-
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Figure B.4.2.. Memory usage, GPU utilization and power consumption averages vs
over-provisioning percentage for Alibaba GPU sharing scheduler extension.

bernetes GPU scheduler extension, meaning that the card sharing improves the overall
workload duration.

Even though Alibaba’s scheduler outperforms the default one, it highly depends on the
provisioning degree of the inference engine memory request. For example, if an inference
engine requests more memory than it actually needs, this may affect future GPU requests
of other inference engines, which will not be colocated, even though their memory request
can be satisfied. To better understand the impact of the resource over-provisioning prob-
lem within Alibaba’s scheduler, we perform 6 different experiments, where we schedule
the same inference-engine task, each time with a different memory over-provisioning per-
centage, ranging from 0% to 250%. Figure B.4.2 depicts the memory usage, the utilization
percentage and the power usage averages. For low over-provisioning percentages, Alibaba
GPU sharing extension leads to high resource utilization due to the inference engine colo-
cation. However, as shown, it is not able to efficiently sense and handle user-guided
over-provisioning scenarios.

B.5. Resource-aware GPU Sharing Kubernetes scheduler

Figure B.5.1 shows an overview of our proposed resource-aware GPU-sharing scheduler.
Whenever an inference engine is scheduled from the custom scheduler, the corresponding
workload enters a priority queue which defines their scheduling order. The inference
engine assigned priority is proportional to the corresponding GPU memory request. As
a result the scheduler always tries to schedule the inference engines with the bigger
memory requests. If a workload is chosen to be scheduled, the following three co-location
mechanisms are successively executed:
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Figure B.5.1.. Resource Aware GPU Colocation Algorithm

Resource Agnostic GPU Sharing: Our custom scheduler holds a variable that is
used as an indicator of the available GPU memory. This variable is initialized to the
maximum available memory of the used card in the GPU node. If the inference engine
memory request is smaller than the value of this variable, the request can be satisfied
and the workload can be scheduled. Whenever an inference engine is scheduled, the value
of the indicator variable is decreased by the amount of the memory request. Resource
agnostic GPU sharing does not face the memory over-provisioning problem as it is not
possible to know a priory that the amount of requested memory is actually the amount
that the workload needs to run properly. In our proposed scheduler, we overcome this
problem by using real-time memory usage data by our GPU monitoring sub-system. The
monitoring system data are collected by performing range queries to Prometheus time
series database.

Correlation Based Prediction: Correlation Based Prediction (CBP) [403] provides an
estimation for the real memory consumption on a GPU node. The estimation is defined
from the 80%-ile of the GPU memory usage rather than the maximum usage. The basic
idea of this algorithm is that GPU applications, on an average, have stable resource usage
for most of their execution, except for the times when the resource demand surges. In
addition, the whole allocated capacity is used for a small portion of the execution time
while the applications are provisioned for the peak utilization. CBP scheduler virtually
resizes the running workloads for a common case, letting more pending inference engines
to be colocated.

In order to have an accurate estimation, low signal variability is required. The signal
variability is calculated using the coefficient of variation (CV) metric [422]. If CV is
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lower than a defined threshold, the memory usage is defined by calculating the 80%-ile of
the signal. The free GPU memory estimation is equal to the difference of the maximum
available GPU memory and the memory usage estimation. Finally, if the memory request
can be satisfied the workload is scheduled. Otherwise the Peak Prediction algorithm is
used.

Peak Prediction: Peak Prediction (PP) [403] relies on the temporal nature of peak
resource consumption within an application. For example, a workload that requires GPU
resources will not allocate all the memory it needs at once. So, although the GPU memory
request cannot be satisfied at the scheduling time, it may be satisfied in the near future.
The memory usage prediction is based on an auto regressive model (AR) [423]. For
an accurate prediction the auto correlation value of order k is calculated. If the auto
correlation [424] value is larger than a defined threshold, auto regression of order 1 is
performed using linear regression (LR) [425]. If the predicted GPU memory request can
be satisfied from PP, then the workload is scheduled. Otherwise, the workload is put into
the priority queue and our algorithm attempts to schedule the next available workload
from the queue. As we see, PP scheduling decisions depend on the accuracy of the
used auto-regressive model and thus linear regression. Even though linear regression is a
simplistic approach for predicting the unoccupied memory of the GPU, it can accurately
follow the memory utilization pattern (as we further analyze in section B.6). In addition,
its low computing and memory requirements, allows the PP mechanism to provide fast
predictions at runtime with minimal resource interference.

B.6. Experimental Evaluation

We evaluate our custom scheduler through a rich set of various comparative experiments.
We consider inference engine workloads for differing intervals between consecutive infer-
ence engine arrivals. In each comparative analysis the exact same workload is fed to
the Kubernetes GPU scheduler extension [415], the Alibaba GPU sharing extension [416]
and the custom scheduler multiple times. Each time a different memory over-provisioning
percentage is used.

We provide analysis for homogeneous, i.e., scaling out a single inference service, and
heterogeneous workload scenarios. Each workload creates a different inference engine by
using the MLPerf inference container we described in section B.3. An inference engine
is fully defined from the used backend (e.g. Tensorflow, PyTorch etc.), the pre-trained
model, the dataset, the scenario, the GPU memory request and the number of inference
queries that are going to be executed. The interval between two consecutive inference
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Figure B.6.1.. End-to-end job execution 99%-ile and pending time average vs
over-provisioning percentage homogeneous workload with MIN=5 and MAX=10

engine arrivals is defined by the values MIN and MAX (random number in [MIN, MAX]
interval in seconds).

B.6.1. Homogeneous Workload Evaluation

For homogeneous workload, we consider the Tensorflow ssd-mobilenet engine which uses
the Coco (resized 300x300) dataset while each inferences engine executes 1024 queries.
Each inference engine requires approximately 7 GB of GPU memory meaning that in a
card with 32 GB memory, only 4 can be safely colocated.

Figure B.6.1 shows the end-to-end 99%-ile and the pending time average for all the
available schedulers, for different over-provisioning percentages. Custom scheduler offers
x6.6 (on average) lower pending time average and x3.6 (on average) lower end-to-end
99%-ile from Kubernetes default GPU scheduler extension. It also offers x5.2 (on av-
erage) lower pending time average and x2.8 (on average) lower end-to-end 99%-ile from
Alibaba GPU sharing scheduler extension. However, due to the colocation of multiple
inference engines, custom scheduler’s decisions lead to higher inference engine 99%-ile
average.

To understand the above mentioned results, the way each mechanism schedules workloads
to the GPU should be analyzed. Kubernetes default GPU scheduler extension allocates
the whole GPU resource for each inference engine, leading to severe increase of the pend-
ing time average (the average time an inference engine waits in the priority queue). The
Alibaba GPU sharing scheduler extension uses a resource agnostic colocation mechanism
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(b) GPU Utilization Average
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(c) Power Usage Average

Figure B.6.2.. Memory usage average, GPU utilization average and power consumption
averages vs over-provisioning percentage for homogeneous workload with MIN=5 and

MAX=10

to schedule workloads in the same card. In particular, for over-provisioning percentage
equal to 0 % (7 GB memory request) 4 inference engines can be collocated, for 50 % (10
GB memory request) 3 inference engines can be colocated, for 100 % (14 GB memory
request) 2 inference engines can be colocated and for 150 %, 200 % and 250 % each infer-
ence engine allocates the whole GPU resource. As a result, Alibaba GPU share scheduler
extension has similar results with our custom scheduler for over-provisioning percentages
equal to 0 % and 50 %. Custom scheduler handles the memory over-provisioning prob-
lem in a better way because of its resource aware nature. Figure B.6.1 shows that the
proposed scheduler has similar behavior concerning the quality of service metrics for all
the different over-provisioning percentages.

Figure B.6.2 shows the memory usage, the utilization percentage and the power consump-
tion averages for all the available schedulers for different over-provisioning percentages.
Custom scheduler leads to x3.7 higher memory usage, x16 higher GPU utilization and x1.3
higher power consumption from Kubernetes default GPU extension. It also leads to x2.2
higher memory usage, x2.9 higher GPU utilization and x1.2 higher power consumption
from Alibaba GPU sharing scheduler extension. Although we observe an increase in the
power usage average, it should be clear that due to the lower overall workload duration the
average energy consumption is x2.6 lower from the Kubernetes GPU scheduler extension
and x2.2 lower from the Alibaba GPU sharing extension.

In particular, Kubernetes default GPU extension has the lower resource utilization be-
cause each inference engine allocates the whole GPU resource. Alibaba GPU share sched-
uler extension has similar results with our custom scheduler only for 0 % and 50 % over-
provisioning percentages. This is expected, since for these over-provisioning percentages
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Figure B.6.3.. End-to-end job execution 99%-ile and pending time average vs
over-provisioning percentage heterogeneous workload with MIN=5 and MAX=10

Model Dataset Queries/Engine (#Engines)
mobilenet Imagenet 1024 (2), 2048 (2)
mobilenet quantized Imagenet 256 (2), 512 (2)
resnet50 Imagenet 4096 (2), 8192 (2)
sd-mobilenet Coco (resized

300x300)
128 (3), 1024 (2)

ssd-mobilenet quantized finetuned Coco (resized
300x300)

64 (2), 1024 (2)

ssd-mobilenet symmetrically quantized fine-
tuned

Coco (resized
300x300)

512 (2), 4096 (2)

Table B.6.1.: Inference engines used for heterogeneous workload evaluation

the scheduler can effectively colocate workloads. The higher the over-provisioning per-
centage is, the closer the resource utilization is to Kubernetes default GPU extension.
Finally, we observe that our custom scheduler has similar behavior concerning the resource
utilization for all the different over-provisioning percentages.

B.6.2. Heterogeneous Workload Evaluation

For heterogeneous workload, we consider different inference engines, where each one of
them performs a different number of inference queries, as shown in Table B.6.1. Figure
B.6.3 shows the quality of service metrics for the heterogeneous inference engine workload.
Our proposed scheduler offers x11 lower pending time average and x3.2 lower end-to-
end 99%-ile and x8.6 lower pending time average and x2.4 lower end-to-end 99%-ile on

179



Resource Aware GPU Scheduling in Kubernetes Infrastructure

0 50 100 150 200 250
Overprovisioning Percentage (%)

0

2500

5000

7500

10000

12500

15000

G
PU

 M
em

or
y 

U
sa

ge
 (

M
ib

) Default Alibaba Custom

(a) Memory Usage Average

0 50 100 150 200 250
Overprovisioning Percentage (%)

0

10

20

30

40

50

G
PU

 U
ti

liz
at

io
n 

(%
)

Default Alibaba Custom
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Figure B.6.4.. Memory usage average, GPU utilization average and power consumption
averages vs over-provisioning percentage for heterogeneous workload with MIN=5 and

MAX=10

average compared to the Kubernetes default and Alibaba’s GPU schedulers respectively.
Moreover, Figure B.6.4 shows the respective GPU metrics. We see that, our scheduler
leads to x2.5 higher memory usage, x6.1 higher GPU utilization and x1.2 higher power
consumption compared to Kubernetes default GPU extension and x1.5 higher memory
usage, x2.1 higher GPU utilization and x1.1 higher power consumption compared to
Alibaba’s GPU sharing scheduler extension.

Container Restarts Analysis: As it was mentioned in section B.5, CBP involves the
risk of incorrect scheduling decisions and thus inference engine failures. CBP’s prediction
accuracy depends on how representative is the free memory signal it receives as input.
Since accelerated applications do not always request GPU resources at the beginning of
their execution, it is possible that the used signal does not depict the real load of the
node. Although several container restarts occured in the previous experiment, we observe
that our proposed scheduler still offers better QoS and GPU resource utilization from the
baseline state-of-the-art GPU schedulers.

B.7. Conclusion

In this chapter, we presented a resource aware GPU colocation framework for Kuber-
netes inference clusters. We evaluate the colocation algorithm using workloads that
consist of inference engines using different scenarios. We identify and explain the dis-
advantages of the correlation based prediction (CBP) and peak prediction (PP) schedul-
ing schemes. Finally, we show that our custom scheduling framework improves the
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defined quality of service metrics while also increases the GPU resource utilization.
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Appendix C.

Towards making the most of NLP-based
device mapping optimization for OpenCL
kernels

Nowadays, we are living in an era of extreme device heterogeneity. Despite the high va-
riety of conventional CPU architectures, accelerator devices, such as GPUs and FPGAs,
also appear in the foreground exploding the pool of available solutions to execute appli-
cations. However, choosing the appropriate device per application needs is an extremely
challenging task due to the abstract relationship between hardware and software. Auto-
matic optimization algorithms that are accurate are required to cope with the complexity
and variety of current hardware and software. Optimal execution has always relied on
time-consuming trial and error approaches. Machine learning (ML) and Natural Lan-
guage Processing (NLP) has flourished over the last decade with research focusing on
deep architectures. In this context, the use of natural language processing techniques to
source code in order to conduct autotuning tasks is an emerging field of study.
In this chapter, we extend the work of Cummins et al., namely Deeptune, that tackles the
problem of optimal device selection (CPU or GPU) for accelerated OpenCL kernels. We
identify three major limitations of Deeptune and, based on these, we propose four different
DNN models that provide enhanced contextual information of source codes. Experimen-
tal results show that our proposed methodology surpasses that of Cummins et al. work,
providing up to 4% improvement in prediction accuracy.
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C.1. Introduction

The ever-increasing amount of data generated and shared by enterprises, industrial and
non-profit sectors, and scientific research has resulted in an unprecedented increase in the
size and volume of data-intensive jobs [426]. In order to meet the new computational de-
mands of the big data, both hardware and software undergo major changes. Additionally,
new latency and power constraints require approaches to solve number of different appli-
cation and compiler optimization problems. However, their large design decision space to
explore, makes tuning applications an even more difficult and time consuming procedure,
making the development of tuning heuristics more urgent than ever. Furthermore, con-
temporary compilers and runtime environments, featuring already hand-coded heuristics,
performing this decision making, make their program’s performances contingent upon
their quality.

Therefore, in order to make heuristic construction more efficient and inexpensive, au-
tomation tools have to be imported in this procedure. In this regard, machine learning
techniques have been deployed in order to automate the process of selecting the best opti-
mizations [427]. Prediction models using different classes of machine learning are trained
through applications’ representative features in order to correlate them with their op-
timal versions. Features can be any important quantifiable properties of applications,
static or dynamic, and the choice of the most appropriate features constitutes an extra
optimization problem for the designers as well.

Even though machine learning has a proven contribution in automated tuning heuris-
tics [428, 429], its success is contingent on the quality of the extracted features, which is
frequently achieved through a combination of domain expertise and trial and error. In
order to avoid the extraction of non appropriate features and finally inefficient tuning
models, humans are needed to be removed from the loop. Latest publications [8,430] fo-
cus their work on characterizing and tuning applications without using any code feature.
Natural Language Processing (NLP) methods are deployed to extract automatically and
internally code’s text features and feed them to the predictive model. Therefore, NLP
models are now able to extract feature representations from source codes automatically
and afterwards, other learning systems could employ these learnt feature representations
as inputs to predict various down stream tasks.

Among the dozens of optimizations, lately, most of them are focused on the accelerators
devices (such as GPUs and FPGAs) deployed to satisfy the even more demanding perfor-
mance and power constraints from the edge to cloud continuum. One of the most effective
and popular one, concerns the optimal heterogeneous device mapping optimization for
OpenCL written applications. More specifically, this optimizations refers to the selection
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of either CPU or GPU device for the most efficient execution of OpenCL kernels in terms
of performance.

In this work, we extend DeepTune [8], one of the most influential works on machine-
learning based auto-tuning methodologies without any hand engineered feature extrac-
tors, attempting to solve the heterogeneous device mapping optimization. We achieve to
further improve its effectiveness and finally provide more efficient auto-tuning methods
without any need for feature engineering. Our proposed work outperforms DeepTune by
providing up to 4.12%, with average 2.65% higher prediction accuracy for the optimal
device mapping selection. The rest of this chapter is structured as follows: Section C.2
introduces the related work already published concerning the automation of applications
tuning methods. Section C.3 describes the overview of DeepTune’s baseline implementa-
tion while in Section C.4 we present our proposed improved methodology. The experi-
ments and the findings are described in Section C.5 and finally, in Section C.6 we draw
our conclusions.

C.2. Related Work

There have been numerous works conducting with the goal of optimizing source code
using machine learning models in order to automate tuning procedure [431]. Back in
the early 2008, Agakov et al. [432] were the first to use a machine learning based pre-
dictive model to speed up iterative optimization while, in the same year, Cavazos et
al. [433] applied logistic regression models to automatically select the best optimization
for user’s applications. Later, Liu et al. [434] turning to accelerators, used regression
trees to optimize CUDA kernels, while Cummins et al. [435] applied classifiers to se-
lect the optimal workgroup size of OpenCL compute kernels. Finally, Magni et al. [429]
were the first to address the coarsening optimizations through Neural Networks cascade
models.

Even though the above works managed to provide sufficient results based on hand crafted
program features by developers, heuristics needed to take humans out of the loop. Build-
ing auto-tuning models without feature engineering can provide faster, cheaper and more
independent heuristics achieving to discover more optimal tuning solutions without any
human guidance. Cummins et al. [8] where the first to introduce their work in that di-
rection, with deep neural networks to replace any hand-picked or even compiler IR based
automatically extracted features. Surprisingly, their approach matched or surpassed the
predictive models using hand-crafted features, proving that deep learning can select more
representative and sufficient features than even experts engineers. In the same direction,
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Ben-Nun et al. [430] managed to apply NLP techniques on the Intermediate Representa-
tions (IR) of applications in order to take the feature extraction out of the loop to support
a wider range of programming languages. Their experimental results were encouraging,
disclosing that the hand-coded features, are not, but an obstacle in the building of the
auto-tuning heuristics.

C.3. Deeptune Overview

In this work, we base our research in the work of [8]. Cummins et. al present an end to
end architecture that accepts OpenCL kernels as input and decides on the optimal device
that those kernels should execute, CPU or GPU. Their proposed methodology consists
of two phases: i) a kernel pre-processing stage, that transforms the OpenCL kernels
to a machine-learning friendly interprentetation and ii) a DNN-based feature extraction
phase, that receives the transformed code and based on its features identifies the more
performance efficient device mapping for the respective kernel. Figure C.3.1 shows an
overview of the kernel transformation flow, as well as the basic layers, used as building
blocks for feature extraction used in [8]. Next, we briefly describe the basic steps of the
work of Cummins et. al, henceforth referred to as Deeptune.

C.3.1. Source Rewriter

The first stage of Deeptune consists of a source rewriter 1 . Its purpose is to recon-
struct a given OpenCL kernel to a refined version that eliminates semantically irrelevant
information. This refined version can then be more easily processed in an automated
manner. Specifically, this component accepts hand written code and it performs the
following three actions i) removes comments and erase unnecessary spacing ii) rewrites
function names using an increasing alphabetical order of capital letters [A-Z] and iii)
rewrites the codes variable using an increasing alphabetical order of lowercase letters
[a-z].
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C.3.2. Vocabulary Composition

The second step of Deeptune’s methodology is the vocabulary composition 2 . This
step concerns the construction of a vocabulary that maps code related definitions (e.g.,
__kernel, int) and punctuation marks (e.g., parentheses, semicolons) to a set of integer
representations.

This vocabulary is mandatory, since machine-learning models receive as input numeric
values and are not able to process source code directly. To build the corpus vocabulary,
this step considers all the possible words and symbols appeared over all the examined
OpenCL kernels and performs word level tokenization, which maps each token to a unique
integer identifier, called token id.

C.3.3. Sequence Encoder

The last step of the pre-processing phase is the sequence encoder 3 . This component
combines the processed OpenCL kernel (output of step 1 ) with the corpus vocabulary
(output of step 2 ) and provides an integer sequence that corresponds to the respective
input code.

C.3.4. DNN-based feature extraction

As mentioned before, Deeptune utilizes a DNN-based approach to automate the process
of feature extraction, thus eliminating completely the need for hand-crafted solutions.
The proposed DNN architecture consists of three major layers, that form the building
blocks of their model ( 4 –top). First, an Embedding layer acts as a language model that
receives as input the tokenized source code sequence and converts them to embedding
vectors of dimension D = 64. Next, the embedded vector is passed to a block of two Long
Short-Term Memory [302] layers, that is responsible for exposing one-way sequential
information on the input vector. Last, DeepTune’s model final component is a non-linear
block, that is responsible for exposing non-linearities in the data. It consists of two
fully connected artificial neural network layers, where the initial layer is composed of 32
neurons. Each possible heuristic decision is represented by a single neuron in the second
layer. The model’s confidence that the associated choice is right is represented by the
activation of each neuron in the output layer. Taking the output layer’s argmax yields
the decision with the highest activation.
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C.3.5. Deeptune’s Limitations & Motivation

While the work of [8] is revolutionary in automating the feature extraction process of
GPU code, we argue that it neglects important aspects and inherent characteristics of the
structure and nature of modern programming languages, which, if approached properly,
could provide useful insights. Moreover, novel advancements in the domain of machine
learning and NLP [430,436,437], can provide more representative and/or diverse features,
unveiling additional hidden patterns in the underlying data. Specifically, we pinpoint
three important remarks that Deeptune disregards and which also form the motivation
of our work:

R1) Relation between adjacent tokens: The structure of a programming language
is very well defined, with syntactical rules. The syntax of a programming language is
a collection of rules defining the combinations of symbols that constitute appropriately
organized statements or expressions in that language. Deeptune neglects that structure,
by treating tokens sequentially, thus it makes no consideration for the premise that ad-
jacent tokens provide additional context for code comprehension. In the example below,
the model will assign a high probability to the right token, which is int, based on the
structure of the variable’s a declaration.

1 int main (){
2 int a = 10;
3 ___ b = a + 1;
4 }

Listing C.1: Example code that highlights the dependence of adjacent tokens

R2) Preserve past and future information: While Deeptune examines hidden re-
lationships in the sequential data through the LSTM layers, it only acquires knowl-
edge exclusively from the input’s subsequent pass, since unidirectional LSTMs only pre-
serve inputs that has already passed through it using the hidden state. However, the
typical flow of imperative programming reveals bidirectional inter-dependencies, from
the beginning of the code to its end and vice-versa. A typical example is the follow-
ing:

1 float sqrt(int a);
2 int main (){
3 int x = sqrt (2);
4 // several lines of code
5 }
6 float sqrt(int a){
7 // implementation
8 }

Listing C.2: Example code that depicts future dependencies

189



Towards making the most of NLP-based device mapping optimization for OpenCL kernels

where the call of a function is several lines afterwards than it’s implementation.

R3) Significance-aware feature processing: Last, Deeptune treats all the input
features equally, even if part of it is less significant. However, it is apparent that not
all source code semantics provide proportionate contextual information. For example, a
variable declaration (e.g., int) is not as critical as the definition of a loop (e.g., for).
Therefore, it is of great importance to be able to distinguish more valuable features from
the less significant ones.

C.4. Proposed Methodology

This section describes the core concepts of our methodology for optimal device mapping
of OpenCL kernels between CPU and GPU devices based on NLP techniques. The
rationale behind the proposed processing flow is driven by the remarks (R1-R3) drawn
in Section C.3.5. Specifically, similar to [8], our methodology consists of two phases,
the kernel pre-processing and the feature extraction, as depicted in Fig. C.3.1. However,
it extends the latter to account for additional contextual information on the examined
kernels.

C.4.1. Kernel pre-processing

The kernel pre-processing phase of our methodology is identical to the one proposed
in Deeptune. We replicate the pre-processing components described in Sections C.3.1
to C.3.3, which correspond to steps 1 - 3 of Fig. C.3.1.

C.4.2. Building blocks for feature extraction

We give special emphasis on the building blocks used to design the DNN model that
performs the device mapping classification task ( 4 ). Compared to Deeptune, we in-
corporate three additional processing layers, that aim to tackle Deeptune’s limitations
presented above.

First, we extend DeepTune by adding a CNN layer, that receives as input the output
of the embedding layer. This method takes advantage of the inherent structure of a
textual label by identifying common attributes shared by multiple words and dividing
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them into three equal parts called trigrams [438]. Trigrams, we believe, are an effective
representation of programming syntax structure and helps mitigating the gap of remark
(R1). It is composed of 2 layers: one 1-d convolutional layer, with 64 filters, kernel
size of 3 and striding step 1, and one max pooling layer of size 4. The embedding layer
transmits the words to the convolutional layers in the form of sentences (in our case code
instructions). Convolution layer convolve the input using pooling layers; pooling layers
aid in reducing the representation of input phrases, input parameters, computation, and
overfitting in the network.

For preserving both past and future information on the input data (remark R2), we
employ bidirectional LSTM layers. Specifically, Bi-LSTMs are able to obtain knowledge
about the sequence in both directions, backwards (future to past) and forwards (past to
future) and recognize long-term dependencies [439]. The core idea, is to split the state
neurons of a regular LSTM in a part that is responsible for the positive time direction
(forward states) and a part for the negative time direction (backward states). Outputs
from forward states are not connected to inputs of backward states, and vice versa. Then
the hidden states of the two LSTMs are combined to find the hidden state for each time
point. It is proven to be more accurate than the traditional LSTM networks [440], but in
trade off significant training time. In our case, bidirectional keeps information from both
directions, making it easier for the network to understand long-term code dependencies,
such as function declarations.

Last, we tackle the problem of significance-aware feature processing (remark R3) by
exploiting a novel solution in the field of NLP. namely Attention layers [436]. The at-
tention block highlights the importance of different features that are highly correlated
with classification, by assigning weights to features, extracting the contextual informa-
tion. Attention can be proven to be useful in the case of programming code modeling,
emphasizing more critical points, such as branches, loops etc., against less important,
such as variable declarations, increments etc.

C.4.3. Examined DNN architectures

To understand the impact of each additional layer on the overall accuracy of the device
mapping problem, we design different DNN architectures with diverse combinations of the
aforementioned building blocks, as shown in Fig. C.4.1. These architectures extend the
baseline model of Deeptune (Fig. C.4.1a) in the following directions:

• Deeptune-CNN: Includes a CNN layer right after the Embedding, thus, intro-
ducing the aspect of trigrams (Fig. C.4.1b). This model examines the impact of
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Figure C.4.1.. Examined DNN architectures

feature extraction from adjacent tokens in the source code (R1).

• Deeptune-BiLSTM: We replace the two unidirectional LSTM layers of Deeptune,
with a bidirectional one (Fig. C.4.1c). Through this model, we explore the effect of
preserving past and future information in the code (R2).

• Deeptune-Attention: This architecture introduces an Attention layer right after
the LSTM, which identifies important features in the input. With this model,
we explore whether a significance analysis on the features of the input affect the
efficiency of the prediction (R3).

• Hybrid Architecture: Final, the hybrid architecture combines all the aforemen-
tioned techniques and examines their aggregated impact on the overall accuracy of
the model.

C.5. Evaluation

We evaluate our proposed methodology and compare it directly with Deeptune by examin-
ing the accuracy of each one of the DNN architectures presented in Section C.4.3.
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Table C.5.1.: Technical characteristics of heterogeneous Edge nodes and Cloud Server

Platform Frequency Memory Driver
Intel Core i7-3820 3.6 GHz 8 GB AMD 1526.3
AMD Tahiti 7970 1000 MHz 3 GB AMD 1526.3
NVIDIA GTX 970 1050 MHz 4 GB NVIDIA 361.42

C.5.1. Examined Dataset

We base our evaluation on the dataset of [8] in order to have accurate comparison be-
tween the different model architectures. The dataset contains preprocessed and tokenized
OpenCL kernels, from 7 different benchmark suites. Additionally, it contains the execu-
tion times for each kernel on two GPU devices, the AMD Tahiti 7970 and the NVIDIA
GTX 970, as well as on an Intel Core i7-3820 CPU. Table C.5.1 contains details about
the CPU-GPU platforms.

The prediction target is the platform in which the execution time is lower. More precisely,
when we examine the AMD GPU and Intel CPU cases, the target is [1,0] if the kernel
runs faster on the GPU and [0,1] if the kernel runs faster on the CPU. This is also
referred to as one-hot encoding. Likewise, for the NVIDIA GPU and the Intel CPU
case.

C.5.2. Experimental Setup

We use stratified 10-fold cross-validation to evaluate the predictive quality of each model.
Each program is randomly assigned to one of ten equal-sized sets; the sets are balanced
to ensure a consistent proportion of samples from each class across the whole set. A
model is trained on all but one of the sets’ programs and then tested on the programs
from the unseen set. This procedure is done for each of the ten sets in order to provide
a comprehensive prediction for the entire dataset.

All models were implemented in Python using Tensorflow1 and Keras2 backends. To
ensure the most accurate comparison, we seed our layers with the same number, in order
to be initialized with the same weights. The maximum sequence length was set to 1024
and the learning rate at 10−3. We used categorical cross entropy as loss function, a batch
size of 64 and trained for 50 epochs. As optimizer, we used the adaptive learning rate

1Tensorflow: https://www.tensorflow.org/
2Keras: https://keras.io/
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Table C.5.2.: Technical characteristics of heterogeneous Edge nodes and Cloud Server

AMD Tahiti 7970 NVIDIA GTX 970 Average
DeepTune [8] 83.23% 80.29% 81.76%

DeepTune-CNN 85.88% 80.01% 82.94%
DeepTune-bilstm 84.85% 80.88% 82.87%

DeepTune-Attention 83.91% 81.03% 82.50%
CNN-BiLSTM-Attention 87.35% 81.47% 84.41%

optimization algorithm, Adam. The experiments were carried out on an NVIDIA Tesla
V100 GPU. Finally, we used TensorBoard3 to measure and visualize parameters like loss
and accuracy.

C.5.3. Experimental Results

The average accuracy of each model, as measured in a 10-fold test set, is shown in Table
C.5.2, where the best results are printed in bold font.

Baseline architecture: The baseline architecture is Deeptune, the model suggested
in [8]. For the shake of fair comparison, we have retrained the model using the steps of
Sec. C.5.2, rather than hard copying the results from [8]. We observe that Deeptune
achieves an average accuracy of 81.76%, with better results on the AMD platform with
83.23%, while in the NVIDIA device it scored 80.29%.

Impact of Trigrams (R1): We observe that the notion of trigrams helps the model’s
code comprehension capabilities. Specifically, the Deeptune-CNN model already out-
performs the baseline by 2.65% on AMD platform and 1.18% on average, but performs
slightly worse on the NVIDIA platform (0.28% accuracy drop), which, however, is sta-
tistically insignificant. We also observe that the introduction of the CNN layer provides
the greatest accuracy increment in the case of AMD GPU compared to that of Bi-LSTM
and Attention.

Impact of preserving past and future information (R2): The Deeptune-BiLSTM
model, performs better in both devices compared to Deeptune. More specifically the
model scored 84.85% on the AMD device and 80.88% on the NVIDIA, resulting to an
average precision of 82.87%, that is 1.11% improvement than the baseline. Moreover,

3TensorBoard: https://www.tensorflow.org/tensorboard/
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model.

we notice that similar to the case of trigrams, the accuracy increment is lower for the
NVIDIA case.

Impact of feature significance (R3): The addition of an attention layer in Deeptune,
also outperforms the baseline in both devices, scoring 83.91% on the AMD platform and
81.03% on the NVIDIA, leading to 82.50% on average. It appears to give the best results,
on the NVIDIA platform, i.e., 0.73% higher than the baseline.

Hybrid Architecture: Last, our proposed hybrid model, CNN-BiLSTM-Attention, out-
performs the baseline model and all other models. This reveals that by combining all of
our proposed feature processing steps, we can obtain much greater contextual information
from the processed kernel and, thus, maximize the accuracy of our model. Specifically,
the hybrid architecture scored 87.35% on the AMD platform and 81.47% on the NVIDIA
device, that is 4.12% and 1.18% higher than the baseline, respectively, resulting in an
average accuracy increase of 2.65%, that is 84.41%.

For the shake of completeness, we also report the loss and accuracy curves over the
training phase, for the Hybrid Architecture. Figures C.5.1 and C.5.2 show the respective
results, where each curve corresponds to the average loss and accuracy over the 10-fold
cross train and validation sets. As can be seen, the validation loss decreases until epoch 40,
at which point it remains pretty constant. Because the training loss continues to decrease,
we stop training until epoch 50 to avoid overfitting [441].
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C.6. Conclusion

In the era of extreme device heterogeneity, choosing the most appropriate device for ap-
plication execution forms a really challenging problem. In this chapter, we build upon the
work of Cummins et al. [8], and pinpoint some of its limitations. Then, we examine the
impact of additional feature extraction approaches for improving the accuracy of optimal
device mapping prediction for OpenCL kernels. On average, our suggested model, namely
CNN-BiLSTM-Attention, outperforms the baseline model, surpassing it on both predic-
tion challenges. We achieve 4.12% higher prediction accuracy than the baseline on the
AMD platform and 1.18% higher on the NVIDIA platform.

In future work, we will expand our method to source code modeling by using transform-
ers to do unsupervised training on unlabeled C code in order to enhance programming
language understanding [437]; continue our investigation into the optimization of CUDA
kernels; and train models to aid in the development of energy-efficient embedded de-
vices.
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Appendix D.

RoaD-RuNNer: Collaborative DNN
partitioning and offloading on
heterogeneous edge systems

Deep Neural Networks (DNNs) are becoming extremely popular for many modern appli-
cations deployed at the edge of the computing continuum. Despite their effectiveness,
DNNs are typically resource intensive, making it prohibitive to be deployed on resource-
and/or energy-constrained devices found in such environments. To overcome this limi-
tation, partitioning and offloading part of the DNN execution from edge devices to more
powerful servers has been introduced as a prominent solution. While previous works have
proposed resource management schemes to tackle this problem, they usually neglect the
high dynamicity found in such environments, both regarding the diversity of the deployed
DNN models, as well as the heterogeneity of the underlying hardware infrastructure.
In this chapter, we present RoaD-RuNNer, a framework for DNN partitioning and offload-
ing for edge computing systems. RoaD-RuNNer relies on its prior knowledge and leverages
collaborative filtering techniques to quickly estimate performance and energy requirements
of individual layers over heterogeneous devices. By aggregating this information, it speci-
fies a set of Pareto optimal DNN partitioning schemes that trade-off between performance
and energy consumption. We evaluate our approach using a set of well-known DNN archi-
tectures and show that our framework i) outperforms existing state-of-the-art approaches
by achieving 9.58× speedup on average and up to 88.73% less energy consumption, ii)
achieves high prediction accuracy by limiting the prediction error down to 3.19% and
0.18% for latency and energy, respectively and iii) provides lightweight and dynamic per-
formance characteristics.
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D.1. Introduction

Over the last years, the growth of applications that utilize sophisticated Machine Learn-
ing (ML) techniques to make value out of complex data is rapidly increasing and is
expected to grow further in the future. In this direction, Deep Neural Networks (DNNs)
are being widely adopted by many application domains, including, but not limited to,
autonomous driving [442], biomedical and healthcare applications [443] and Intelligent
Personal Assistants (IPAs) [444], mainly due to their capability in offering high predic-
tion accuracy.

Such types of applications are typically deployed at the edge of the computing contin-
uum, closer to where data are generated, in order to enhance security and minimizing
the data transfer latency to the cloud [445]. Even though DNNs provide extremely
accurate results, their computational and memory requirements can skyrocket, thus in-
troducing several barriers on how to be efficiently deployed on resource-contrained edge
computing devices [446]. Considering also that DNNs are gradually becoming deeper
to support more discriminative results and more levels of hierarchy are integrated in
the learned representation [447], the aforementioned problem becomes even more in-
tense.

Traditionally, to overcome this limitation, the DNN inference of edge devices was offloaded
to high-end servers hosted on cloud premises (e.g., Amazon Elastic Inference, Azure Ma-
chine Learning). However, this approach leads to huge amount of data travelling back
and forth in the continuum resulting in high latency and energy consumption. Moreover,
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all the computational effort is being concentrated in the cloud, rendering it incapable to
cope with the ever-increasing demand for resources [448]. Aiming to deliver more effi-
cient and energy proportional computing systems, hardware vendors (e.g., Nvidia, Xilinx)
are introducing more powerful edge devices, which often integrate conventional CPUs,
hardware accelerators and specialized units for DNN computations (e.g., Nvidia’s Tensor
cores) as a system-on-chip (SoC). While such hardware devices deliver increased compute
density, they are also extremely power hungry, thus, becoming restrictive for applications
that operate under certain energy or battery constraints.

Aiming to identify the "golden ratio" between performance and energy efficiency for edge
computing devices, while also limiting the network latency bottleneck, DNN partitioning
and offloading has been identified as a promising solution [449, 450]. The aim of DNN
partitioning is to provide a fine-grained layer-level split of the DNN, where a portion
of the computation is performed locally on the edge device and the rest on the cloud.
Still, identifying an optimal partitioning scheme is not trivial and depends on a triptych
of user-defined requirements and hardware-oriented criteria, i.e., i) the architecture of
the deployed DNN model (e.g., computational/energy requirements and data offloading
overhead per layer), ii) the inherent nature of the application itself (e.g., latency critical
applications would sacrifice energy for performance) and iii) the underlying hardware
characteristics. As a motivational example, Fig. D.1.1a shows the performance and en-
ergy of all the possible partitioning schemes for a ResNet101 architecture. We see that
model partitioning can provide significantly faster execution and less energy consumption
compared to on-board and offloaded execution, while also each optimization objective is
attained through different partitioning schemes. Moreover, Fig. D.1.1b further reveals,
that the optimal partitioning scheme also relies on the underlying hardware, with different
edge devices providing different splits.

To tackle these challenges, several prior research approaches have examined the problem of
DNN partitioning and offloading [449–451]. These solutions assume that the architecture
of the deployed model, as well as the underlying hardware are known a priori and apply
the offloading scheme based on extensive profiling of the DNN. However, edge computing
environments are extremely dynamic, both with respect to the devices arriving in the
network and the alternative applications deployed. Moreover, novel DNN architectures
are emerging [445], leading to more and more complex techniques, such as skip-layer
connections, early exits and others.

In order to adapt to the challenges that new DNN architectures impose and to the dy-
namic nature of recent edge computing systems, we design an efficient resource manage-
ment framework to dynamically allocate, partition and offload DNN layers among edge
and cloud resources, aiming to provide performance and/or energy consumption optimiza-
tions and trade-offs. The novel contributions of this work are:
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• We present RoaD-RuNNer, a novel resource management framework consisting of
a set of Offline and Online Decision Making Mechanisms.

• We implement a collaborative filtering based prediction mechanism in
order to provide per layer predictions regarding execution time and energy con-
sumption.

• We design and integrate a dynamic partition mechanism, for efficiently
splitting and offloading DNN layers.

• We conduct an extensive experimental evaluation of our proposed frame-
work. We compare our framework with a set of baseline algorithms and state-of-
the-art DNN offloading approaches over real hardware and networking, showing
that it outperforms existing state-of-the-art approaches by achieving 9.58× speedup
on average and up to 88.73% less energy consumption average.

The remainder of this chapter is organized as follows: Section D.2 presents related work.
In Section D.3 we analyze our proposed prediction and offloading mechanism. Section D.4
provides our experimental and comparative evaluation of the proposed resource manage-
ment scheme, while Section D.5 concludes this work.

D.2. Related Work

Several works have been conducted in order to address the resource management chal-
lenges of DNNs deployed on edge computing systems. Deep learning model partitioning
and offloading is becoming a rising trend in recent edge computing systems. Research
conducted by [452] considers various present and future challenges for efficiently deploying
deep learning models on the edge. In a similar perspective, authors of [453] provide an
overview of the overarching architectures, frameworks, and emerging key technologies to-
wards training/inference for deep learning models at the network edge.

Aiming to provide DNN resource management schemes, authors of [451] propose a partitioning-
based DNN offloading technique for edge computing, by dividing the DNN model into
partitions and uploading them to the edge server. In a similar perspective, authors
of [454] present a distributed progressive inference engine that addresses the challenge of
partitioning CNN inference across device-server setups. In [455] a framework that dy-
namically partitions a DNN model that adapts to the changes of computational resources
and network condition is proposed. Authors of [449] design a workload partitioning al-
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gorithm to decide efficient DNN partitioning policy in real-time, while in [456] authors
utilize several IoT devices by creating a local collaborative network for a subset of deep
learning models, mainly focusing on the impact of convolutional layers. Last but not
least, authors of [450] present the efficiency of DNN processing on the cloud based on
pre-loaded layers.

Although research has illuminated the resource management and offloading of neural
network based applications on edge computing systems, no study to date, according to
our knowledge, has incorporated collaborative filtering in order to produce an efficient,
decentralized resource management solution for Neural Network offloading at single layer
granularity, while targeting heterogeneous CPU/GPU architectures. Neurosurgeon [450],
is the most similar approach to ours, however there exist several fundamental differences.
We target a fully dynamic DNN offloading framework, in contrast to Neurosurgeon, where
DNN weights are loaded a priori to the cloud server. Moreover, Neurosurgeon is limited
to operate over models without skip-layer connections, in contrast to RoaD-RuNNer, which
is designed to operate over all types of DNN/CNN.

D.3. RoaD-RuNNer: A collaborative DNN partitioning &
offloading framework

RoaD-RuNNer tackles the problem of DNN partitioning and offloading over heterogeneous
CPU/GPU edge computing systems, where a portion of the computational burden can
be offloaded from the edge to the cloud for remote execution. Each individual edge node
accommodates a set of DNN inference tasks which need to be executed. RoaD-RuNNer’s
goal is to identify optimal DNN splittings, down to the granularity of a single layer
and offload computationally heavy slices, aiming to optimize the total inference exe-
cution latency and/or the energy consumption. Figure D.3.1 depicts an overview of
RoaD-RuNNer. The major components of our proposed framework are split in two major
phases: (i) Offline Phase and (ii) Online Phase. The former is composed of DNN-
Profiler and Network Profiler, while the latter consists of the Predictor and Offloader
mechanisms. The core functionality of these components is described in the rest of this
section.
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Figure D.3.1.. Overview of Online and Offline RoaD RuNNer Architecture.

D.3.1. Offline Phase

Offline Phase consists of two distinct components: (i) DNN Profiler ( 1 ) and (ii) Network
Profiler ( 2 ), which are responsible for generating the required data and knowledge to
be fed as input to the run-time mechanisms later. As input to the framework, we pro-
vide alternative neural network configurations to each single node of the composed edge
computing network.

DNN Profiler: Aiming to take advantage of the inherent distributed nature of the edge
computing paradigm and the heterogeneity in terms of edge devices and deep learning
models, we implement a collaborative filtering mechanism [41,457], in order to train our
system to efficiently predict per layer execution time and energy consumption for each
device, respectively. As a first step of the offline decision making, we integrate a Layer
Filtering and Sampling ( 1a ) component, aiming to filter and sample the layers of the
alternative neural networks that are fed as input to our framework. More specifically, a
small percentage p of the input layers in each DNN is randomly selected to be accurately
profiled on the edge device itself. This ensures that profiling time does not skyrocket when
the total number of layers in the DNN increases. The percentage p is defined through
experimentation.
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Next, the layers that have been selected through the filtering and sampling process are
propagated as input to the Layer Execution & Profiling ( 1b ) step. Each of the sampled
layers is executed locally on each node, respectively. The execution is profiled, aiming to
gather data regarding the execution latency and the energy consumption per layer. Thus,
for every single node k, we extract the Node’s Latency Matrix (LMk) and Node’s Energy
Matrix (EMk), respectively. The LMk and EMk are propagated as input for further
processing to the Predictor mechanism, as described in Section D.3.2. This process is
triggered once for each node.

Network Profiler: The efficiency of an edge computing system is directly related to its
ability to effectively operate over the existing network infrastructure. Moreover, offloading
decision making mechanisms should consider the overhead imposed by the underlying
network. Thus, for each individual node k we integrate an extended Network Profiling
mechanism (2a ). As input we provide a set of alternative workloads to be sent/received
from each edge device to the cloud server. We profile the transmission latency and power
of data sent and received from and to the edge device. The profiled messages range from
KB to GB orders of magnitude.

After the profiling is finalized, each node k is characterized by two vectors: (i) The Net-
work Latency Vector (NLVk) and the Network Energy Vector (NEVk), which represent
the latency and energy requirements for alternative message sizes, respectively. The pro-
duced vectors are utilized as dataset to produce polymonial trendlines, in order to predict
the latency and energy requirements of a given input message size. Thus, for each in-
dividual device, fourth-order polynomial curves are generated in order to be utilized for
run-time prediction during the Online Phase.

D.3.2. Online Phase

An efficient dynamic resource management scheme should be able to make decisions
in a run-time manner. Thus, we integrate into our framework two key components:
(i) Predictor ( 3 ) and (ii) Offloader ( 4 ). The former is responsible for dynamically
predicting latency and energy per layer, while the latter is responsible for network
and collaborative filtering data aggregation, dynamic DNN partitioning andRoa offload-
ing.

Predictor: The output matrices produced by the DNN Profiler ( 1 ) of each single node
k during the offline phase are accumulated to the cloud server ( 3a ). Two new sparse
matrices are produced, i.e. Sparse Latency Matrix and Sparse Energy Matrix, respec-
tively. Each row of the matrix represents an edge node, while each column denotes a
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Algorithm 1: DNN Partitioning Algorithm
1 Partition(network):
2 for layer in (0,...,N-1) do
3 /* predict local for layers 0 to layer */
4 l1=predictLocal(0, layer)
5 for j in (layer+1,...,N-1) do
6 /* predict network,cloud for layers i + 1 to j */
7 n=predictNetwork(layer+1, j)
8 c=predictCloud(layer+1, j)
9 /* predict network,cloud for layers j + 1 to N − 1 */

10 l2=predictLocal(j+1, N-1)
11 totalPredictions=accumulatePredictions(l1,n,c,l2)

12 /* find Pareto Optimal */
13 paretoPoints = DesignSpaceExploration(totalPredictions)
14 return paretoPoints

single layer type. The Collaborative Filtering mechanism ( 3b ) is triggered, based on
matrix decomposition, i.e. based on the factorization of each matrix into a product of
matrices. The unknown values are filled, and the Final Latency Matrix(LM) and the
Final Energy Matrix(EM) are produced. After the predictions are finalized, each device
retrieves its corresponding results from the cloud server, which are utilized for the final
Latency/Energy Prediction ( 3c ). Opposed to prior works, which mostly rely on extended
profiling for each new deep learning model [451, 454], our framework is adaptable to dy-
namic scenarios. New nodes that dynamically join the network are integrated in the
existing latency and energy matrices and the collaborative filtering matrices are updated.
New incoming DNNs can benefit from the existing layers in the collaborative filtering
matrices.

Offloader: The last component of the Online Phase is responsible for the aggregation
of network and collaborative filtering data and the dynamic DNN partitioning and of-
floading. For each single node k, the network profiling vectors (NLVk, NEVk), and the
collaborative filtering matrices (LM , EM) for latency and energy are aggregated (4a ),
in order to provide the final prediction per layer, including computation and transmis-
sion overhead. Next, we proceed to the DNN Partitioning Exploration ( 4b ), in order to
provide a set of Pareto optimal solutions, aiming to optimize performance and/or energy
consumption. The DNN partitioning exploration algorithm is illustrated in Algorithm 1.
A set of Pareto optimal solutions in generated. Each Pareto point corresponds to an al-
ternative partition, on which a subset of DNN layers is executed locally ( 4c ) and the rest
are offloaded for remote execution on the cloud server ( 4d ). Each partition is identified
by two indexes i, j where layers 0 to i are executed locally, layers i+1 to j are executed on
the cloud and the layers from j +1 and up to the end of the network are executed locally.
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Table D.4.1.: Technical characteristics of heterogeneous Edge nodes and Cloud Server

Device CPU L2 L3 DRAM GPU (cores)
Nano 4×Cortex-A57@1.4GHz 2MB - 4GB 128@0.9GHz
X1 4×Cortex-A57@1.4GHz 2.5MB - 4GB 256@1.0GHz
NX 6×Carmel@1.4GHz 6MB 4MB 8GB 384@1.1GHz
AGX 8×Carmel@2.2GHz 8MB 4MB 32GB 512@1.4GHz
Server 2×20 Intel Xeon 5218R@2.1GHz 1MB 28MB 128GB 5120@1.2GHz

Fully local and fully remote executions remain valid alternatives, in case they belong
to the Pareto optimal solutions. Moreover, in contrast to existing approaches [450] our
framework is designed to handle shortcut dependencies, i.e. skip-layer connections. Such
kind of dependencies are resolved by encapsulating the layers that create the dependency
in an larger atomic block that has a single input and output and are offloaded as an
individual component.

D.4. Experimental Evaluation

D.4.1. Experimental Setup

Hardware Infrastructure: We deploy an in-house system setup consisting of hetero-
geneous CPU/GPU devices, the specifications of which are shown in Table D.4.1. As
edge devices, we utilize a set of NVIDIA GPU-SoCs, to exploit power/performance
trade-offs. As offloading machine, we employ a powerfull x86 server equipped with an
NVIDIA V100 GPU, which forms a typical setup both in edge and cloud premises [458].

Technical Implementation: RoaD-RuNNer is implemented in Python programming
language. All devices are interconnected through 80MB/s wireless network. We utilize
the ZeroMQ messaging protocol for control and the FTP protocol for transmission of the
actual data and layers. In order to overcome the architectural differences of heterogeneous
CPUs all applications are integrated inside docker containers, while the corresponding
GPU implementations are developed in CUDA. The collaborative filtering component
used for estimating the performance and energy impact of different layers is accelerated
through the use of C++ for increased performance.

Examined DNN models: We examine famous DNN architectures and known vari-
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ations, i.e. AlexNet (alex), MobileNetV2 (mv2), Resnet18 (res18), Resnet34 (res34),
Resnet50 (res50), Resnet101 (res101), Resnet152 (res152), VGG11, VGG13 and VGG16,
which are widely used for performing object detection and image classification tasks
at the edge [459, 460], over alternative input image sizes (224 × 224, 512 × 512 and
768 × 768). The input models are derived from PyTorch [142] and are integrated to
RoaD-RuNNer.

Reference Baselines: We evaluate the impact of our approach based on three key
metrics: (i) performance (ii) energy consumption and (iii) prediction accuracy of our
collaborative filtering approach. We compare against various partition and offloading
mechanisms. First, as a baseline we utilize two naive approaches: (i) Offload None,
which executes all tasks locally, without offloading anything on the cloud and (ii) Of-
fload All, in which all tasks are offloaded to the cloud for remote execution. Moreover,
we implement from scratch and compare against a state-of-the-art resource management
algorithm for DNN offloading, namely Neurosurgeon(NS) [450]. Since Neurosurgeon is
designed with the assumption to operate with a priori offloaded layers on the cloud in-
frastructure, we also implement a version of Neurosurgeon with online layer offloading,
namely NS-nonOffloaded and a version of RoaD-RuNNer-preOffloaded, where the layers
are offloaded a priori to the cloud.

D.4.2. Evaluation

Performance and Energy Evaluation: In the first comparative experiment, we evalu-
ate RoaD-RuNNer in terms of performance and energy consumption against the approaches
presented in Section D.4.1, as illustrated in Fig. D.4.1. Given the fact that Neurosurgeon
is designed to operate only over non-Residual Neural Networks, we utilize as bench-
marks the VGG11,13,16 and AlexNet models. X axis indicates the corresponding energy
gain, while Y axis denotes the relative speedup of our framework compared to other
approaches for CPU (Fig.D.4.1a) and GPU (Fig.D.4.1b) execution, respectively. The
output is divided in four distinct quadrants, on which RoaD-RuNNer does not achieve any
speedup or energy gain (red), achieves either speedup only or energy gain only (orange)
and achieves both speedup and energy optimization (green). We observe that Road-
RuNNer clearly outperforms the Offload All and Offload None approaches, by leading
up to 45.41× speedup, 95.84% energy reduction compared to the former and up to 6.61×
performance optimization and 95.87% energy reduction compared to the latter, for CPU
execution. Similar observations are derived for GPU execution. The initial version of
Neurosurgeon, on which all layer weights are offloaded a priori, performs better in terms
of performance and energy consumption, as the network overhead is a dominant factor.
However, compared to the NS-nonOffloaded, where layer weights are offloaded dynam-
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Figure D.4.1.. Performance and Energy Comparison of RoaD-RuNNer framework
against other approaches for CPU and GPU nodes for alternative DNN workloads.

ically, we observe that RoaD-RuNNer provides on average 4.97× optimized performance
and 81.85% less energy consumption for CPU, and up to 35.74× optimized performance
and 88.73% less energy consumption for GPU, respectively. RoaD-RuNNer is designed to
provide up to two partition points, in contrast to Neurosurgeon, on which there exists
only a single breakpoint. Therefore, the latter pays the penalty of either executing lo-
cally all the resource intensive layers or offloading their weights, thus paying the network
penalty. Similarly, RoaD-RuNNer-preoffloaded, where all model layers are offloaded offline,
our approach outperforms Neurosurgeon by up to 54.09× in terms of performance and up
to 58.06× in terms of energy consumption.

In contrast to Neurosurgeon, RoaD-RuNNer is designed to operate efficiently over work-
loads consisting of DNNs with skip layer connections. Thus, we add to the existing bench-
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Figure D.4.2.. Root Mean Square Error(RMSE) of execution time and energy
consumption over alternative Collaborative Filtering fill percentages.

marks the Resnet18, Resnet34, Resnet50, Resnet101, Resnet152 and MobileNetV2 models
and evaluate our approach. The evaluation is depicted in Fig. D.4.1c and Fig. D.4.1d
for CPU and GPU executions, respectively. For CPU execution, our framework out-
performs Offload None, by achieving up to 13.92× optimized performance and 46.07×
less energy consumption and Offload All by achieving up to 45.41× optimized perfor-
mance and 24.05× less energy consumption, respectively. Similarly, for GPU executions,
RoaD-RuNNer achieves up to 1.85× speedup and up to 1.34× less energy consumption
compared to Offload None and 112.98× speedup and 16.59× less energy consumption on
average compared to Offload All.

Prediction Accuracy: The efficacy of our framework is directly related to the accuracy
of the collaborative filtering mechanism. First, we evaluate the learning phase of the
prediction mechanism in terms of Root Mean Square Error (RMSE) related to the size
(percentage) of training set and compare with the Neurosurgeon’s prediction approach.
We observe that providing the 30% of our training set, the execution time and energy
RMSE has converged. Thus, we set our training set size to 0.3. Compared to Neurosur-
geon, our proposed mechanism achieves up to 6.45× and 8.48× less RMSE, for execution
time and energy, respectively. Neurosurgeon displays linear behavior, as it utilizes 100%
of the dataset during the training phase.

Next, as illustrated in Fig. D.4.3, we compare the execution time accuracy and energy
prediction accuracy of RoaD-RuNNer (Fig. D.4.3a, D.4.3b) and Neurosurgeon per deep
learning model and Edge node (Fig. D.4.3c, D.4.3d), respectively. Our framework achieves
68.01% less execution time prediction error and 63.8% less energy prediction error per
DNN on average, while we achieve up to 69.6% less execution time prediction error and
up to 34.9% less energy prediction error per edge device. In contrast to our prediction
mechanism, Neurosurgeon is based on linear and logarithmic regression, making it im-
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Figure D.4.3.. Execution Latency and Energy Consumption Prediction Accuracy for
alternative DNN workloads and Edge nodes.

possible to provide high accuracy (or low error) and capture non-linear behaviors in the
system, thus leading to high RMSE.

DNN Offload Analysis: Further discussion can be conducted on the decision making
of RoaD-RuNNer, in order to achieve latency and energy optimization objectives. Thus, in
Fig. D.4.4 the layer offloading percentage in terms of the number of layers offloaded for
each model and edge node is depicted, in order to achieve each optimization objective,
respectively. First, as depicted in Fig. D.4.4a, we see that the more powerful devices
(AGX, NX) offload less computation for remote execution, compared to less powerful
devices (Nano, TX1). More specifically, for AGX and NX the 58.7% of the target DNN
is offloaded on average, opposed to Nano and TX1, where the 87.1% is offloaded. Similar
observations are extracted for the energy optimization objective, as shown in Fig. D.4.4b.
Furthermore, having execution latency as the optimization objective, the 74.45% of layers
is offloaded on average, while for the energy optimization objective the corresponding
percentage rises to 90.1%. This is due to the fact that the network imposes high latency
overhead, thus making the data and layer transmission prohibitive in order to meet
latency optimization objectives.

D.5. Conclusion

This work presents RoaD-RuNNer, a novel resource management framework for DNN par-
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Figure D.4.4.. DNN percentage offloading over heterogeneous Edge nodes for latency
and energy optimization objectives.

titioning and offloading over heterogeneous CPU/GPU edge computing systems. Our
framework strongly leverages collaborative filtering techniques to estimate performance
and energy requirements of individual DNN layers over heterogeneous devices. By aggre-
gating this information, it specifies a set of Pareto optimal DNN partitioning schemes that
trade-off between performance and energy consumption. Our approach outperforms exist-
ing state-of-the-art approaches by achieving 9.58× speedup on average and up to 88.73%
less energy consumption and high prediction accuracy by limiting the prediction error
down to 3.19% and 0.18% for latency and energy, respectively.
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Chapter 8.

Συνοπτική Περιγραφή των

Προτεινόμενων Μεθοδολογιών

στα Ελληνικά

8.1. Εισαγωγή

Στις ημέρες μας, βιώνουμε την ῾῾Ψηφιακή Εποχή᾿᾿ ή ῾῾Ψηφιακή Επανάσταση᾿᾿, όπου ο ρυθμός

με τον οποίο η τεχνολογία εξελίσσεται, αυξάνεται διαρκώς σε όλο τον κόσμο. Αυτό το

ψηφιακό ῾῾τσουνάμι᾿᾿ είναι απόρροια ενός συνδυασμού τεχνολογικών αναπτύξεων αλλά και

κοινωνικοοικονομικών παραγόντων και τάσεων, συμπεριλαμβανομένων μεταξύ άλλων της

ταχείας προόδου στον τομέα των δικτύωσης και συνδεσιμότητας [9], της ραγδαίας αύξησης

του αριθμού συνδεδεμένων συσκευών στο διαδίκτυο [10], τον τεράστιο όγκο δεδομένων

που δημιουργούν αυτές οι συσκευές και τις γνώσεις που μπορούμε να αποκομίσουμε από

αυτά [11], καθώς και την ανάγκη για γρήγορες και ευέλικτες αντιδράσεις σε φυσικές ή

ανθρωπογενείς καταστροφές ή καταστάσεις κρίσης [12].

Η χρήση του ῾῾Υπολογιστικού Νέφους᾿᾿ αποτελεί έναν σημαντικό πυλώνα στο πλαίσιο αυ-

τής της ψηφιακής εναλλαγής, καθώς επιτρέπει στους ενδιαφερόμενους να ψηφιοποιήσουν

γρήγορα τις διάφορες υπηρεσίες της επιχείρησής τους, χωρίς να χρειάζεται να διαθέσουν

υψηλό αρχικό κεφάλαιο για επένδυση σε υλικό καθώς και χρόνο για τη διαχείρισή του.

Μάλιστα, η ταχεία υιοθέτηση αυτού του νέου προτύπου γίνεται ακόμα πιο εμφανής εάν

κοιτάξουμε διάφορες πρόσφατες αγοραστικές αναφορές (Σχήμα 8.1.1), όπου φαίνεται πως

τα τελευταία 10 χρόνια το μέγεθος της αγοράς υπηρεσιών ῾῾Υπολογιστικού Νέφους᾿᾿ αυ-

ξήθηκε πάνω από 6 φορές, ενώ προβλέπεται να αυξηθεί και περαιτέρω μέσα στα επόμενα

χρόνια
1
.

1Size of the cloud computing and hosting market market worldwide from 2010 to 2020

211

https://www.statista.com/statistics/500541/worldwide-hosting-and-cloud-computing-market/


Brief Description of the Proposed Frameworks in Greek

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Year

0

20

40

60

80

100

120

140

160
M

ar
ke

t S
ize

 (b
illi

on
 U

S 
do

lla
rs

)
Size of Cloud computing worldwide (2010-2020)

(αʹ) Μέγεθος της αγοράς του Υπολογιστικού

Νέφους το διάστημα 2010 έως 2020

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030
Year

0

200

400

600

800

1000

1200

M
ar

ke
t S

ize
 (b

illi
on

 U
S 

do
lla

rs
)

Projected market size of Cloud computing

(βʹ) Πρόβλεψη μεγέθους της αγοράς του

Υπολογιστικού Νέφους από το 2021 έως το

2030

Σχήμα 8.1.1.. Μέγεθος της αγοράς του Υπολογιστικού Νέφους παγκοσμίως

Τα Υπερκλιμακούμενα Κέντρα Δεδομένων (ΥΚΔ/ΚΔ) προσφέρουν όλη την απαραίτητη

υπολογιστική δύναμη (π.χ., δίσκους για αποθήκευση δεδομένων, χιλιάδες διακομιστές για

εκτέλεση εφαρμογών, κ.α.) για την εκτέλεση των διάφορων υπηρεσιών του ῾῾Υπολογιστικού

Νέφους᾿᾿. Παρά την τεράστια διαθεσιμότητα υπολογιστικών πόρων, τα ΚΔ παρουσιάζουν

αρκετές προκλήσεις, κυρίως αναφορικά με την αποτελεσματική διαχείριση των διαθέσιμων

πόρων, προκειμένου αυτοί να μπορούν να εξυπηρετούν τον τεράστιο αριθμό πελατών, όσο

πιο αποδοτικά γίνεται. Μία από τις κυριότερες προκλήσεις που εμφανίζονται στα ΚΔ είναι

η αποδοτική διαχείριση των διαθέσιμων υπολογιστικών πόρων. Δεδομένου ότι η αγορά και

συντήρηση του εξοπλισμού των ΚΔ είναι μία αρκετά πολυδάπανη διαδικασία, οι πάροχοι

υπηρεσιών Υπολογιστικού Νέφους στοχεύουν συνεχώς στο να βελτιστοποιήσουν την χρη-

σιμοποίησή των διαθέσιμων υπολογιστικών πόρων, προκειμένου να μεγιστοποιήσουν την

αποδοτικότητα τους και, συνεπώς, να μειώσουν τα έξοδα αναβάθμισης εξοπλισμού και να

μεγιστοποιήσουν το κέρδος τους.

Ενώ η καλύτερη αποδοτικότητα των πόρων μπορεί να επιτευχθεί με την εφαρμογή βελτιστο-

ποιήσεων σε διάφορα επίπεδα (από τον διακομιστή αυτόν καθάυτόν, στο επίπεδο συστοιχίας

διακομιστών και στο επίπεδο της εφαρμογής), τα σύγχρονα πλαίσια διαχείρισης πόρων δεν ε-

ίναι σε θέση να διαχειριστούν την πολυπλοκότητα των σύγχρονων υποδομών Υπολογιστικού

Νέφους. Αυτό έχει ως συνέπεια τα κέντρα δεδομένων να υπολειτουργούν, καθώς οι πάροχοι

υπηρεσιών Υπολογιστικού Νέφους τείνουν να θυσιάζουν την υπολογιστική ισχύ προκειμένου

να πετύχουν καλύτερες επιδόσεις για τους τελικούς χρήστες [29, 30]. ΄Ενας τρόπος με τον

οποίο οι πάροχοι υπηρεσιών Υπολογιστικού Νέφους προσπαθούν να μειώσουν την υπολει-

τουργεία των διακομιστών εντός των ΥΚΔ είναι μέσω της συντοποθέτησης εφαρμογών σε

κοινούς διακομιστές. Σε αυτό το μοντέλο, εφαρμογές από διαφορετικούς χρήστες τοποθε-
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τούνται σε κοινούς διακομιστές, επιτυγχάνοντας έτσι την αύξηση του ποσοστού χρησιμο-

ποίησης των πόρων των μηχανημάτων. Ωστόσο, ταυτόχρονα με την αύξηση του ποσοστού

χρησιμοποίησής των πόρων, η συντοποθέτηση εφαρμογών σε κοινούς διακομιστές οδηγεί

ταυτόχρονα και σε παρεμβολές στους κοινούς πόρους των συστημάτων, το οποίο με τη σειρά

του οδηγεί στη μείωση της απόδοσης των εφαρμογών. Στην πραγματικότητα, παρεμβολές

μπορούν να υπάρξουν σε πολλά διαφορετικά επίπεδα του συστήματος, από το επίπεδο του ε-

πεξεργαστή, στις κρυφές μνήμες καθώς και στους διαύλους επικοινωνίας με την κύρια μνήμη.

Επίσης, με στόχο την αντιμετώπιση του προβλήματος της υποχρησιμοποίησης των πόρων

(καθώς και του κατακερματισμού αυτών) οι πάροχοι υπηρεσιών Υπολογιστικού Νέφους τε-

ίνουν προς την υιοθέτηση καινοτόμων υπολογιστικών μοντέλων, όπως για παράδειγμα το

παράδειγμα της ῾Ἁποσύνθεσης Υπολογιστικών Πόρων᾿᾿. Σε αυτό το μοντέλο, οι πόροι ενός

ΚΔ οργανώνονται σε διακομιστές οι οποίοι περιλαμβάνουν αμιγώς συγκεκριμένου τύπου

πόρους (π.χ. διακομιστές αποκλειστικά και μόνο με μνήμη).

΄Οπως είναι ξεκάθαρο από τα παραπάνω, η βελτιστοποίηση της χρησιμοποίησής των πόρων

μέσα σε ένα ΚΔ αποτελεί ένα πολύ δύσκολο και πολύπλοκο πρόβλημα. Παρ΄όλο που οι

πάροχοι υπηρεσιών Υπολογιστικού Νέφους, διαθέτουν μηχανισμούς για την τοποθέτηση ε-

φαρμογών στους διαθέσιμους υπολογιστικούς πόρους, οι μηχανισμοί αυτοί βασίζονται κατά

κύριο λόγο σε απλοϊκούς αλγορίθμους οργάνωσης καθώς και μηχανισμούς δρομολόγησης

των εφαρμογών, οι οποίοι δεν καθίστανται ικανοί να αντιμετωπίσουν την οργάνωση των

πόρων με αποδοτικό τρόπο. Προκειμένου να υλοποιηθούν πιο ῾῾έξυπνοι᾿᾿ μηχανισμοί δια-

χείρισης πόρων, τελευταία παρατηρούμε να μελετάται εκτενώς η υιοθέτηση της Τεχνητής

Νοημοσύνης (ΤΝ) και της Μηχανικής Μάθησης (ΜΜ) στον τομέα του Υπολογιστικού

Νέφους. Συγκεκριμένα, με την εφαρμογή τεχνικών ΜΜ, οι πάροχοι υπηρεσιών Υπολο-

γιστικού Νέφους είναι σε θέση να επεξεργαστούν, να αναλύσουν και να αναγνωρίσουν

συσχετίσεις μεταξύ τεράστιων όγκων δεδομένων, πράγμα που θα ήταν αδύνατο με χρήση

των παλαιότερων μηχανισμών διαχείρισης των υπολογιστικών πόρων. Πράγματι, για τους

παρόχους δημόσιου νέφους, η τεχνητή νοημοσύνη (ΑΙ) και η ΜΛ αποτελούν ήδη μέρος της

υποδομής και των λειτουργιών των κέντρων δεδομένων τους
2
.

Αν και η ΤΝ και η ΜΜ αποτελούν κυρίαρχες λύσεις για πιο αποδοτικά ΚΔ, είναι ακόμα

ασαφές ποιος είναι ο καλύτερος τρόπος να ενσωματωθούν σε μηχανισμούς για τη διαχείρι-

ση πόρων στο Υπολογιστικό Νέφος. Στην πραγματικότητα, διάφορες προηγούμενες προ-

σπάθειες ενσωμάτωσης ποικίλλουν κατά πολύ στον τρόπο προσέγγισης του προβλήματος.

Για παράδειγμα, όπως αναφέρθηκε προηγουμένως, σε ορισμένες περιπτώσεις, η ΜΜ συνδέε-

ται στενά με τη διαχείριση των πόρων, αλλά είναι εντελώς διακριτή σε άλλες περιπτώσεις [28].

Προς αυτήν την κατεύθυνση, απαιτείται περαιτέρω έρευνα για να κατανοήσουμε πώς, πού και

πότε να χρησιμοποιήσουμε τεχνικές ΜΛ για τη βελτίωση της αποδοτικότητας των πόρων

στα συστήματα νέφους.

2Google uses DeepMind AI to cut data center PUE by 15%
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8.2. Στόχος Διδακτορικής Διατριβής & Συνεισφορές αυτής

Ενώ η αποδοτικότητα των πόρων των κέντρων δεδομένων μπορεί να βελτιωθεί μέσω δια-

φόρων στοιχείων της υποδομής υλικού και λογισμικού, στην παρούσα διατριβή δίνουμε ι-

διαίτερη έμφαση στη βελτιστοποίηση της διαχείρισης πόρων και του χρονοπρογραμματισμού

εφαρμογών σε συστήματα ῝λουδ. Δεδομένης της ισχυρής σχέσης επιδόσεων μεταξύ υλικού

και λογισμικού, βασίζουμε τα μοντέλα βαθιάς μάθησης σε μετρητές επιδόσεων προσανατο-

λισμένους στο υλικό, στοχεύοντας έτσι στη προβολή γεγονότων χαμηλού επιπέδου σε με-

τρήσεις υψηλότερου επιπέδου που μας ενδιαφέρουν. Συγκεκριμένα, οι βασικές αρχές που κα-

θοδήγησαν τις ερευνητικές μας δραστηριότητες είναι οι ακόλουθες:

1. Δεδομένης της στενής σχέσης μεταξύ υλικού και λογισμικού, τα σύγχρονα συστήμα-

τα Υπολογιστικού Νέφους θα πρέπει να παίρνουν αποφάσεις ενορχήστρωσης πόρων

λαμβάνοντας υπόψη τη δυναμική τόσο των εφαρμογών αυτών καθάυτών όσο και του

υποκείμενου συστήματος. Προς αυτή την κατεύθυνση, πιστεύουμε ότι οι μετρητές

επιδόσεων χαμηλού επιπέδου μπορούν να παρέχουν εξαιρετικά χρήσιμες πληροφορίες

σχετικά με τα σημεία συμφόρησης/θορύβου των συστημάτων Υπολογιστικού Νέφους.

2. Υποστηρίζουμε ότι η πολυπλοκότητα των σύγχρονων συστημάτων Υπολογιστικού

Νέφους είναι τεράστια, διαμορφώνοντας έτσι αφελείς λύσεις χρονοπρογραμματισμο-

ύ/παρακολούθησης ανίκανες να χειριστούν αποτελεσματικά αυτόν τον κατακλυσμό

διαθέσιμων δεδομένων και κουμπιών βελτιστοποίησης. Προς αυτή την κατεύθυνση,

εξετάζουμε την αποτελεσματικότητα της μηχανικής μάθησης και της τεχνητής νοημο-

σύνης σε διάφορες πτυχές και επίπεδα βελτιστοποίησης του τομέα του νέφους.

Εξετάζουμε και τις δύο αυτές αρχές σε διάφορα προβλήματα στον τομέα του υπολογιστικού

νέφους, που κυμαίνονται από βελτιστοποιήσεις συγκεκριμένων εφαρμογών έως βελτιστο-

ποιήσεις σε επίπεδο συστήματος. Το Σχήμα 8.2.1 παρουσιάζει, με αφηρημένο τρόπο, μια

υψηλού επιπέδου επισκόπηση της τοποθέτησης των συνεισφορών της παρούσας διατριβής σε

σχέση με τα διάφορα επίπεδα βελτιστοποίησης.

Συνοπτικά, οι κύριες συνεισφορές της παρούσας διατριβής είναι τρεις:

• Rusty: Μια νέα εξελιγμένη λύση παρακολούθησης για υποδομές Υπολογιστικού

Νέφους. Το Rusty αξιοποιεί τα δίκτυα μακράς βραχυπρόθεσμης μνήμης (LSTM) για

να επιτρέψει γρήγορες και ακριβείς προβλέψεις κατανάλωσης πόρων και ενέργειας των

συστημάτων υπό την παρουσία παρεμβολών λόγω θορύβου μεταξύ εφαρμογών. Μέσω

του Rusty, η φιλοδοξία μας είναι να καθιερώσουμε την προγνωστική παρακολούθηση

ως την μελλοντική λύση για την παρακολούθηση του νέφους, με στόχο την υιοθέτησή

της για την καθοδήγηση προορατικών μηχανισμών κατανάλωσης πόρων.
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Σχήμα 8.2.1.. Σχηματική αναπαράσταση των συνεισφορών της παρούσας διδακτορικής

διατριβής

• Adrias: ΄Ενα πλαίσιο παρακολούθησης και ενορχήστρωσης για συστήματα με δια-

χωρισμένη μνήμη. Το Adrias παρακολουθεί συνεχώς το υποκείμενο σύστημα και

συγκεντρώνει συμβάντα απόδοσης σε επίπεδο εφαρμογής και συστήματος. Αξιοποι-

ώντας προσεγγίσεις βαθιάς μηχανικής μάθησης, το Adrias χρησιμοποιεί τις πληρο-

φορίες παρακολούθησης για τη δυναμική τοποθέτηση νέων εφαρμογών σε συστήματα

Υπολογιστικού Νέφους με αποσυντεθειμένη μνήμη.

• Sparkle: ΄Ενα πλαίσιο αυτόματης ρύθμισης παραμέτρων με βάση τη βαθιά μάθηση για

εφαρμογές Spark. Το Sparkle αξιοποιεί μια υβριδική αρχιτεκτονική βαθιού νευρωνικού

δικτύου μαζί με γεγονότα παρακολούθησης επιδόσεων χαμηλού επιπέδου και επεκτε-

ίνεται σε ολόκληρο το χώρο διαμόρφωσης παραμέτρων του Spark, εξαλείφοντας έτσι

πλήρως την ανάγκη για ανθρώπινη διαχείριση ή/και στατιστική ανάλυση προκειμένου

να προσδιορίσουμε τις βέλτιστες παραμέτρους για εφαρμογές Spark. Χρησιμοποιώντας

μια προσέγγιση γενετικής βελτιστοποίησης, το Σπαρκλε διατρέχει γρήγορα το χώρο

σχεδιασμού παραμέτρων και εντοπίζει βελτιστοποιημένες διαμορφώσεις Spark.
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8.3. Πλαίσιο Rusty

8.3.1. Εισαγωγή

Τα τελευταία χρόνια, ο αριθμός των εφαρμογών που εκτελούνται στο Υπολογιστικό Νέφος

αυξήθηκε ραγδαία και αναμένεται να αυξηθεί περισσότερο στο μέλλον [272]. Η άνοδος

των πλατφορμών για εκτέλεση εφαρμογών στο Νέφος (π.χ., Kubernetes [175]) που διευ-

κολύνουν την εκτέλεση εφαρμογών σε κιβώτια και επεκτείνουν την ικανότητά τους να κλι-

μακώνουν δυναμικά τους πόρους, αυξάνει περαιτέρω την πυκνότητα των σύγχρονων συστη-

μάτων νέφους. Επιπλέον, οι τρέχουσες λύσεις Υπολογιστικού Νέφους, όπως το Amazon
AWS [72], το Google Cloud [178], το Microsoft Azure [177] και άλλα, παρέχουν στους

χρήστες ελαστικότητα και δυνατότητα αλλαγής μεγέθους της υπολογιστικής τους χωρητι-

κότητας, οδηγώντας σε δυναμική παροχή πόρων. Αυτή η αύξηση της πυκνότητας και της

δυναμικής των φόρτων εργασίας στο νέφος συνεπάγεται ότι οι πάροχοι υπηρεσιών Υπολογι-

στικού Νέφους θα πρέπει να εφαρμόζουν προηγμένες τεχνικές κατανομής πόρων, ώστε να

παρέχουν καλύτερη ποιότητα υπηρεσιών στους χρήστες τους, καθώς και να μεγιστοποιούν

το κέρδος τους. Ωστόσο, αυτός ο στόχος βελτιστοποίησης δύο παραγόντων είναι εν γένει

δύσκολα επιτεύξιμος, δεδομένου ότι η μεγιστοποίηση της απόδοσης απαιτεί την εκτέλεση

των εφαρμογών σε απομονωμένα περιβάλλοντα, ενώ η αύξηση του κέρδους επιτυγχάνεται

μέσω της συντοποθέτησης εφαρμογών σε κοινούς υπολογιστικούς πόρους, η οποία όμως

οδηγεί σε συμφόρηση και θόρυβο στους διαμοιρασμένους υπολογιστικούς πόρους ενός συ-

στήματος.

Για να μπορέσουμε να κατανοήσουμε καλύτερα τα πραγματικά σημεία συμφόρησης ενός

συστήματος και να προσδιορίσουμε τη βασική αιτία της υποβάθμισης των επιδόσεων, θα

πρέπει να εξετάσουμε πιο προσεκτικά αρχιτεκτονικά γεγονότα χαμηλότερου επιπέδου και να

μπορούμε να αναλύσουμε συμβάντα σε επίπεδο συστήματος [274]. Για την επίτευξη των

παραπάνω στόχων, η παρακολούθηση και η ανάλυση των σημάτων του συστήματος από το

εσωτερικό του κέντρου δεδομένων έχει αποδειχθεί ότι είναι πραγματικά επωφελής και διορα-

τική. Για παράδειγμα, η Alibaba και η Google παρέχουν πραγματικά ίχνη από αρχιτεκτονικά

γεγονότα χαμηλού επιπέδου [29] από τα συστήματα συστάδων τους και ενθαρρύνουν τους

ερευνητές και τους επαγγελματίες να τα επεξεργαστούν και να τα αναλύσουν. Επιπλέον,

η Google έχει εντοπίσει ότι η παρακολούθηση των μετρητών επιδόσεων χαμηλού επιπέδου

μπορεί να οδηγήσει σε καλύτερες αποφάσεις διαχείρισης πόρων και χρονοπρογραμματισμο-

ύ [74].

Προκειμένου να αξιοποιήσουμε αυτά τα χαρακτηριστικά χαμηλού επιπέδου, απαιτείται η παρα-

κολούθηση εφαρμογών κατά την διάρκεια εκτέλεσής τους. ΄Ετσι, η πληροφορία αυτή μπορεί

να χρησιμοποιηθεί προκειμένου να τροφοδοτεί και καθοδηγεί αλγορίθμους διαχείρισης πόρων

216



8.3. Rusty

ή/και χρονοπρογραμματισμού, οι οποίοι πρέπει να είναι σε θέση να προβλέπουν δυναμικά τις

ανάγκες σε πόρους ανά εφαρμογή, ώστε να επιβάλλουν βελτιστοποιημένες αποφάσεις σε σε

πραγματικό χρόνο. Παλαιότερες ερευνητικές δραστηριότητες έχουν υποδείξει ότι οι εφαρ-

μογές βιώνουν διαφορετικές φάσεις κατά τη διάρκεια της εκτέλεσής τους [161, 162, 208],

οι οποίες οδηγούν σε ῾῾μη κανονικές᾿᾿ συμπεριφορές όσον αφορά τα πρότυπα πρόσβασης

στη μνήμη και τη χρήση της CPU. Οι συμπεριφορές αυτές γίνονται ακόμη πιο πολύπλοκες

αν λάβουμε υπόψη τις παρεμβολές που προκαλούνται λόγω συντοποθέτησης εφαρμογών σε

κοινούς διακομιστές. Ως εκ τούτου, η λεπτομερής και ακριβής προβλεψιμότητα κατά τη διάρ-

κεια εκτέλεσης των εφαρμογών είναι ζωτικής σημασίας για την λήψη αποφάσεων διαχείρισης

πόρων σε πραγματικό χρόνο.

Από τα παραπάνω, είναι προφανές πως απαιτούνται νέες εξελιγμένες λύσεις παρακολούθησης

για τον αποτελεσματικό χειρισμό του αναδυόμενου πεδίου των εφαρμογών σε συστήματα

Υπολογιστικού Νέφους. Αξιοποιώντας τις δυνατότητες της υποδομής υλικού, η παρακο-

λούθηση εφαρμογών και υποδομών θα πρέπει να στραφεί προς την παροχή ι) ταχύτερης

παρατηρησιμότητας, ώστε να γίνεται αντιληπτή η ακραία ποικιλομορφία και ο δυναμισμός

στα μεταβλητά φορτία εργασίας, και ιι) συνεχούς χρόνου εκτέλεσης και προβλεψιμότητας

με επίγνωση των παρεμβολών, προκειμένου να λαμβάνονται αποφάσεις κατανομής πόρων με

πιο τεκμηριωμένο τρόπο.

Στοχεύοντας στο να λύσουμε τα παραπάνω προβλήματα, σε αυτό το κεφάλαιο, παρουσιάζου-

με το Rusty, ένα πλαίσιο παρακολούθησης που αξιοποιεί τα δίκτυα μακράς βραχυπρόθε-

σμης μνήμης (LSTM), επιτρέποντας έτσι γρήγορες και ακριβείς προβλέψεις κατανάλωσης

πόρων και ενέργειας ενός συστήματος υπό την επήρεια παρεμβολών. Το Rusty αποτελεί

το πρώτο σύστημα μη διακοπτόμενης προγνωστικής παρακολούθησης που είναι σε θέση να

προβλέπει μετρητές επιδόσεων χαμηλού επιπέδου ενός συστήματος υπό παρεμβολή. Συγκε-

κριμένα, μέσω του Rusty, είμαστε σε θέση να προβλέψουμε τις εκτελούμενες εντολές ανά

κύκλο (IPC) καθώς και τις αστοχίες σε δεδομένα στην Κρυφή Μνήμη Τελευταίου Επιπέδου

(Last-Level Cache misses) των εφαρμογών που εκτελούνται ταυτόχρονα σε ένα πολυπύρηνο

σύστημα και, επίσης, την κατανάλωση ενέργειας αυτού. Σε αντίθεση με τις προηγούμενες

προσεγγίσεις που βασίζονται σε συστηματική αξιολόγηση του συστήματος ανά τακτά χρο-

νικά διαστήματα σε πραγματικό χρόνο για τη μοντελοποίηση παρεμβολών [41, 62, 208], το

Rusty χρησιμοποιεί την ικανότητα πρόβλεψης των LSTM και επιτρέπει συνεχείς προβλέψεις

των μετρικών απόδοσης με επίγνωση της παρεμβολής.

8.3.2. Σημαντικότητα Προγνωστικής Παρακολούθησης

΄Οπως αναφέραμε προηγουμένως, το πλαίσιο Rusty αποτελεί ένα σύστημα προγνωστικής πα-

ρακολούθησης, δηλαδή χρησιμοποιείται προκειμένου να μπορούμε να προβλέπουμε μετρικές
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Σχήμα 8.3.1.. Πραγματικό αποτύπωμα των αστοχιών για πρόσβαση σε δεδομένα της

κρυφής μνήμης για μία εφαρμογή τεχνητής νοημοσύνης.

απόδοσης του συστήματος, υπό την παρουσία θορύβου, σε πραγματικό χρόνο. Γιατί όμως

είναι σημαντική μία τέτοια λειτουργία για έναν ενορχηστρωτή πόρων σε συστήματα Υπο-

λογιστικού Νέφους; Προκειμένου να απαντήσουμε σε αυτήν την ερώτηση, εκτελέσαμε μία

τυπική εφαρμογή τεχνητής νοημοσύνης και κατά τη διάρκεια εκτέλεσής της παρακολουθήσα-

με και συλλέξαμε τις μετρικές απόδοσης του συστήματός μας.

Στο Σχήμα 8.3.1 μπορούμε να δούμε το αποτύπωμα της εφαρμογής όσον αφορά τις αστο-

χίες για πρόσβαση σε δεδομένα στην κρυφή μνήμη του συστήματος. ΄Οπως φαίνεται και

από το σχήμα, η εφαρμογή περνάει από διαφορετικές φάσεις κατά τη διάρκεια εκτέλεσής

της. Συγκεκριμένα, παρατηρούμε φάσεις τις εφαρμογές όπου οι αστοχίες της εφαρμογής

κινούνται σε πολύ υψηλά επίπεδα (῾῾κορυφές᾿᾿) και άλλες όπου ο αριθμός αστοχιών είναι

σχεδόν μηδενικός (῾῾κοιλάδες᾿᾿). ΄Ενας ενορχηστρωτής πόρων θα πρέπει να είναι σε θέση

να μπορεί να προβλέψει αυτές τις εναλλαγές μεταξύ ῾῾κορυφών᾿᾿ και ῾῾κοιλάδων᾿᾿ και να τρο-

ποποιεί/κατανέμει τους πόρους του συστήματος αναλόγως. Ας πάρουμε ως παράδειγμα το

σημείο της εκτέλεσης που έχουμε επισημάνει με την μαύρη κουκκίδα και έστω πως θέλουμε

να ρυθμίσουμε το μέγεθος της κρυφής μνήμης το οποίο διαθέτουμε για την συγκεκριμένη

εφαρμογή. ΄Ενας ενορχηστρωτής πόρων ο οποίος δεν λειτουργεί με προβλεπτικό τρόπο

(αντιδραστικός) θα διάβαζε τις μετρικές συστήματος αφότου είχε επέλθει η ῾῾κορυφή᾿᾿ των

αστοχιών και έτσι θα αύξανε (λανθασμένα) το μέγεθος της κρυφής μνήμης που θα διέθετε

για την εφαρμογή, ενώ αυτή θα είχε μπει σε φάση με χαμηλές αστοχίες. Αντιθέτως, ένας

ενορχηστρωτής ο οποίος λειτουργεί με προβλεπτικό τρόπο, θα μπορούσε να εκτιμήσει την

αύξηση των αστοχιών πριν αυτές προκύψουν και έτσι να αυξήσει προληπτικά το μέγεθος

κρυφής μνήμης που θα διαθέσει στην εφαρμογή, πιθανότατα αυξάνοντας έτσι την συνολική

απόδοσή της.
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Σχήμα 8.3.2.. Επισκόπηση Αρχιτεκτονικής του πλαισίου Rusty

8.3.3. Περιγραφή Αρχιτεκτονικής του Rusty

Η σχεδίαση της αρχιτεκτονικής του ενγΡυστψ αποτελείται από δύο φάσεις, την φάση συλ-

λογής δεδομένων για την εκπαίδευση των νευρωνικών δικτύων καθώς και την εκπαίδευση

αυτών, και τη φάση όπου τα δίκτυα αυτά χρησιμοποιούνται κατά την εκτέλεση των εφαρ-

μογών προκειμένου να πραγματοποιήσουν προβλέψεις των μετρικών του συστήματος σε

πραγματικό χρόνο. Παρακάτω αναλύουμε εν συντομία τις εργασίες που πραγματοποιούνται

σε κάθε μία από αυτές τις φάσεις.

Φάση Συλλογής Δεδομένων και Εκπαίδευσης Μοντέλων

Στο Σχήμα 8.3.2 φαίνεται η αρχιτεκτονική του πλαισίου Rusty. ΄Οπως φαίνεται και από το

σχήμα, το πλαίσιο λαμβάνει ως είσοδο τέσσερις παραμέτρους: i) την εφαρμογή για την οποία

θέλουμε να προβλέψουμε μετρικές απόδοσης χαμηλού επιπέδου, ii) την μετρική απόδοσης

την οποία θέλουμε να προβλέψουμε, η οποία μπορεί να είναι οποιαδήποτε μετρική από το

εργαλείο PCM [285] (για την τρέχουσα εργασία εστιάζουμε στις IPC, L3M και NRG),

iii) μία μεταβλητή την οποία καλούμε ῾῾History᾿᾿ και iv) μία μεταβλητή την οποία καλούμε
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῾῾Horizon᾿᾿. Η μεταβλητή History αναφέρεται στον αριθμό των δειγμάτων που προέρχονται

από το εργαλείο PCM και χρησιμοποιούνται ως ακολουθία εισόδου στο μοντέλο LSTM, ενώ

η μεταβλητή horizon αναφέρεται στον αριθμό των χαρακτηριστικών εξόδου/μελλοντικών

τιμών που θα προβλέψει το μοντέλο LSTM.

Συλλογή δεδομένων υπό την επήρεια παρεμβολών: Σαν πρώτο βήμα, το Rusty
συλλέγει δεδομένα από τις εφαρμογές υπό την ύπαρξη θορύβου και παρεμβολών στο σύστη-

μα. Για να επιτευχθεί αυτό, εκτελούμε την εφαρμογή στο σύστημά μας 100 φορές, κάθε

φορά με διαφορετικό φορτίο παρεμβολής, το οποίο μπορεί να είναι είτε πραγματικό είτε

συνθετικό (π.χ. εφαρμογές οι οποίες προκαλούν θόρυβο στο σύστημα μας). Στα πλαίσια

αυτής της εργασίας, προκαλούμε παρεμβολές στο σύστημά μας χρησιμοποιώντας τη σουίτα

iBench [3], η οποία παρέχει διάφορες εφαρμογές, όπου η κάθε μία καθένα στοχεύει στο

να προκαλεί θόρυβο σε διαφορετικούς πόρους σε πολυπύρηνο συστήματα (π.χ. CPU, κρυ-

φή και κύρια μνήμη κ.ά.). Συγκεκριμένα, σηκώνουμε στο σύστημά μας τυχαίο αριθμό από

διεργασίες από τη σουίτα iBench, όπου η κάθε διεργασία ανατίθεται σε έναν τυχαία επιλεγ-

μένο πυρήνα του συστήματος. Κατά τη διάρκεια της εκτέλεσης, το πλαίσιο Rusty συλλέγει

και αποθηκεύει όλες τις πληροφορίες σχετικά με τις μετρικές απόδοσης του συστήματος,

μέσω του εργαλείου PCM. Ακολουθώντας την παραπάνω διαδικασία, το iBench παράγει

στατικές παρεμβολές για όλη τη διάρκεια ζωής του φόρτου εργασίας. Ωστόσο, εξετάζο-

ντας πολλαπλά σενάρια συν-εκτέλεσης των εφαρμογών iBench με την εφαρμογή την οποία

εξετάζουμε, παρατηρούμε ότι τα αποτελέσματα των παρεμβολών ανά σενάριο μπορούν να

αλλάξουν δραματικά, παράγοντας έτσι ανόμοιες επιπτώσεις στην απόδοση της εφαρμογής

που εξετάζουμε.

Προεπεξεργασία και δημιουργία συνόλου δεδομένων για εκπαίδευση

των μοντέλων: Το αποτέλεσμα της φάσης 1 είναι ένα σύνολο από χρονοσειρές των με-

τρικών του συστήματος για τα 100 διαφορετικά σενάρια εκτέλεσης υπό διαφορετικά επίπεδα

παρεμβολών. Στην δεύτερη φάση, το Rusty πραγματοποιεί μία προεπεξεργασία των δεδο-

μένων αυτών προκειμένου αυτά να τα φέρουμε σε μορφή που να μπορούν να δοθούν ως είσοδο

για να εκπαιδεύσουμε το νευρωνικό μας δίκτυο. Συγκεκριμένα, πρώτον, κανονικοποιούμε

τις τιμές των μετρικών τις οποίες συλλέγουμε προκειμένου αυτές να κυμαίνονται στο εύρος

[0,1]. Αυτή η διαδικασία είναι απαραίτητη, καθώς οι τιμές μεταξύ διαφορετικών μετρικών

μπορεί να έχουν διαφορετική κλίμακα μεγέθους και βοηθά στην μετέπειτα εκπαίδευση των

νευρωνικών δικτύων. Επίσης, προκειμένου να ελαχιστοποιήσουμε τις μετρικές που δίνου-

με ως είσοδο στο μοντέλο (και έτσι την πολυπλοκότητά του), υπολογίζουμε δύο επιπλέον

μετρικές, συγκεκριμένα την ῾῾συσχέτιση κατά Pearson᾿᾿ καθώς και την ῾῾Διασυσχέτιση᾿᾿. Η

῾῾συσχέτιση κατά Pearson᾿᾿ μας δείχνει κατά πόσο η μετρική την οποία θέλουμε να προ-

βλέψουμε σχετίζεται με όλες τις υπόλοιπες μετρικές τις οποίες συλλέγουμε από το σύστημά

μας, ενώ η ῾῾Διασυσχέτιση᾿᾿ μεταξύ 2 μετρικών μας δείχνει κατά πόσο οι χρονοσειρές των

διαφορετικών μετρικών σχετίζονται κατά την πάροδο του χρόνου. Τέλος, προκειμένου να

δημιουργήσουμε το σύνολο δεδομένων για την εκπαίδευση των μοντέλων μας, σπάμε τις
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Σχήμα 8.3.3.. Διερεύνηση χώρου παραμέτρων των δικτύων LSTM

χρονοσειρές των μετρικών συστήματος τις οποίες συλλέξαμε προηγουμένως σε μικρότερα

κομμάτια με τη χρήση ενός συρόμενου παραθύρου. Το παράθυρο αυτό έχει μήκος ίσο με το

άθροισμα των τιμών των μεταβλητών ῾῾History᾿᾿ και ῾῾Horizon᾿᾿ που αναφέραμε παραπάνω και

ουσιαστικά αντιστοιχεί στην περίοδο με την οποία θα πραγματοποιούσαμε προβλέψεις στο

σύστημά μας σε ένα σενάριο πραγματικού χρόνου.

Διερεύνηση χώρου παραμέτρων LSTM και εκπαίδευση των μοντέλων

Ως τελευταίο βήμα, το πλαίσιο Rusty πραγματοποιεί μία διερεύνηση σε διαφορετικές παρα-

μέτρους η οποίες επηρεάζουν την απόδοση των μοντέλων LSTM. Αυτό το στάδιο έχεις ως

στόχο να μειώσουμε όσο το δυνατόν περισσότερο την πολυπλοκότητα του μοντέλου μας,

προκειμένου αυτό να είναι ελαφρύ και έτσι να μπορεί να πραγματοποιεί προβλέψεις γρήγορα

σε πραγματικό χρόνο καθώς και να μην επιβαρύνει το σύστημα μας με περαιτέρω παρεμβο-

λές. Συγκεκριμένα, εξετάζουμε τρεις διαφορετικές παραμέτρους, i) Τον αριθμό των εποχών

για τις οποίες εκπαιδεύουμε το δίκτυό μας, ii) Τον αριθμό των επιπέδων του δικτύου μας

και iii) Τον αριθμό των χαρακτηριστικών παραμέτρων σε κάθε επίπεδο. Στο Σχήμα 8.3.3

βλέπουμε την επίδραση που έχει η αλλαγή κάθε μίας από τις παραπάνω παραμέτρους στην

απόδοση του μοντέλου μας. ΄Οπως φαίνεται και από το σχήμα, όσο αυξάνουμε τον αριθμό

των επιπέδων καθώς και τις παραμέτρους ανά επίπεδο, τόσο αυξάνεται και η απόδοση του

μοντέλου μας, μέχρι ένα συγκεκριμένο πλατό (4 επίπεδα και 128 παράμετροι ανά επίπεδο).

Επίσης, παρατηρούμε πως αυξάνοντας τις εποχές για τις οποίες εκπαιδεύουμε το μοντέλο

μας, οδηγούμαστε σε καλύτερες τιμές απόδοσης, με τις 150 εποχές να παράγουν τα πιο

υψηλά επίπεδα ακρίβειας.
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Σχήμα 8.3.4.. Παράδειγμα ανάπτυξης και λειτουργίας του πλαισίου Rusty σε ένα σύστημα

αποτελούμενο από συστάδες διακομιστών.

Φάση Λειτουργίας και Προβλέψεων σε Πραγματικό Χρόνο

Στο Σχήμα 8.3.4 φαίνεται πως το πλαίσιο Rusty μπορεί να χρησιμοποιηθεί σε ένα σύστημα

που αποτελείται από συστάδες διακομιστών, όπου το σύστημα αυτό βρίσκεται υπό την διαχε-

ίριση ενός κεντρικού ενορχηστρωτή πόρων (π.χ., Kubernetes). Σε μία τέτοια εγκατάσταση,

θα υπήρχε ένα στιγμιότυπο του Rusty σε κάθε έναν από τους διακομιστές της συστάδας,

το οποίο θα ήταν υπεύθυνο να παρακολουθεί καθώς και να προβλέπει τις μετρικές απόδοσης

χαμηλού επιπέδου του συστήματος. Αυτές οι μετρικές θα μπορούσαν να χρησιμοποιηθούν

τόσο από κάποιον ενορχηστρωτή πόρων εντός του ίδιου διακομιστή, προκειμένου να μπορεί

να ρυθμίζει και να κατανέμει τους διαθέσιμους υπολογιστικούς πόρους μεταξύ των εφαρ-

μογών βασισμένος στις προβλέψεις του Rusty, είτε από κάποιον κεντρικό διαχειριστή, ο

οποίος έχει ως σκοπό να πραγματοποιήσει την αρχική τοποθέτηση και να δρομολογήσει τις

εφαρμογές στους διαφορετικούς διακομιστές της συστάδας.

8.3.4. Πειραματική Αξιολόγηση

Σε αυτήν την ενότητα δείχνουμε κάποια ενδεικτικά αποτελέσματα σχετικά με την αποδοτι-

κότητα και αποτελεσματικότητα του πλαισίου Rusty. Συγκεκριμένα αυτό που εξετάζουμε

είναι το κατά πόσο μπορεί το πλαίσιο Rusty να πραγματοποιήσει ακριβείς προβλέψεις σχετι-
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Σχήμα 8.3.5.. R2
σκορ που πέτυχε το πλαίσιο Rusty για πρόβλεψη των μετρικών L3M

χρησιμοποιώντας αρχιτεκτονική με 4 επίπεδα και 128 παραμέτρους ανά επίπεδο, για

παράμετρο history=50 και horizon=1.

κά με τις 3 διαφορετικές μετρικές συστήματος που εξετάζουμε, τόσο για γνωστές όσο και

για άγνωστες εφαρμογές αλλά και για άγνωστους τύπους διακομιστών. Προκειμένου να

αξιολογήσουμε το προτεινόμενο πλαίσιο, χρησιμοποιήσαμε εφαρμογές από τρεις διαφορετι-

κές σουίτες [83, 283, 284], ενώ τα πειράματά μας διεξήχθησαν σε ένα ισχυρό διακομιστή

που συναντάμε συχνά σε περιβάλλοντα Υπολογιστικού Νέφους (Intel©Xeon©E5-2658A
v3).

Ακρίβεια προβλέψεων για γνωστές εφαρμογές

Αρχικά, αξιολογούμε την ακρίβεια του προτεινόμενου πλαισίου όσον αφορά την πρόβλεψη με-

τρικών απόδοσης για γνωστές εφαρμογές, δηλαδή εφαρμογές τις οποίες τις χρησιμοποιήσαμε

και κατά τη φάση συλλογής δεδομένων και εκπαίδευσης των μοντέλων μας. Το Σχήμα 8.3.5

δείχνει τα αποτελέσματα που πετύχαμε για κάθε εφαρμογή και κάθε μία από τις 3 μετρικές

απόδοσης, όπου ως μέτρο αξιολόγησης χρησιμοποιήσαμε το σκορ R2
. Παρατηρούμε πως το

πλαίσιο Rusty επιτυγχάνει πολύ υψηλές τιμές R2
, οι οποίες κυμαίνονται από 0.92 έως 0.99

σκορ, με κατά μέσο όρο 0.991 0.988 και 0.994 σκορ για πρόβλεψη των μετρικών L3M, IPC
και NRG αντίστοιχα.

Ακρίβεια προβλέψεων για άγνωστες εφαρμογές

Στη συνέχεια, αξιολογούμε την ακρίβεια των προβλεπτικών μοντέλων του Rusty όσον αφορά

άγνωστες εφαρμογές. Για το σκοπό αυτό, χρησιμοποιούμε διαφορετικές εφαρμογές προκει-

μένου να εκπαιδεύσουμε τα μοντέλα πρόβλεψης των μετρικών απόδοσης και διαφορετικές

εφαρμογές προκειμένου να αξιολογήσουμε την επίδοσή τους.
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Σχήμα 8.3.6.. Απόδοση

προβλέψεων για άγνωστες

εφαρμογές

Στο Σχήμα 8.3.6 παρατηρούμε τα σχετικά αποτελέσμα-

τα, όπου ο άξονας y αναφέρεται και πάλι στην μετρι-

κή απόδοσης R2
ενώ ο άξονας x δείχνει 4 διαφορετικά

σενάρια, τα οποία αντιστοιχούν σε διαφορετικούς συν-

δυασμούς εφαρμογών τις οποίες χρησιμοποιούμε κατά

τη διάρκεια εκπαίδευσης των νευρωνικών δικτύων μας

και κατά τη διάρκεια αξιολόγησής τους. ΄Οπως φαίνεται

και από το σχήμα, στην πλειοψηφία των περιπτώσεων

το πλαίσιο Rusty επιτυγχάνει πολύ υψηλά σκορ, με τις

τιμές να κυμαίνονται μεταξύ 0.965 και 0.988 R2
. ΄Οσον

αφορά τη μετρική κατανάλωσης ενέργειας (NRG) παρα-

τηρούμε πως ενώ για τα σενάρια 2-5, τα σκορ πρόβλεψης

είναι αρκετά υψηλά, στο σενάριο 1 κυμαίνεται σε χαμηλές

τιμές. Αυτό συμβαίνει διότι οι διακυμάνσεις καθώς και τα πρότυπα κατανάλωσης ενέργειας

των εφαρμογών οι οποίες χρησιμοποιήθηκαν για την εκπαίδευση των μοντέλων δεν είναι

αντιπροσωπευτικά των εφαρμογών οι οποίες χρησιμοποιούνται για την αξιολόγησή τους και,

άρα, τα μοντέλα δεν είναι σε θέση να προβλέψουν επιτυχώς πρότυπα κατανάλωσης πάνω στα

οποία δεν έχουν εκπαιδευτεί.

Ακρίβεια προβλέψεων για άγνωστους διακομιστές

Τέλος, στα πλαίσια αξιολόγησης, εξέτασαμε την συμπεριφορά του Rusty όταν αυτό λει-

τουργεί σε κάποιον άγνωστο διακομιστή. Για το σκοπό αυτό νοικιάσαμε έναν διακομιστή

από έναν πραγματικό πάροχο υπηρεσιών Υπολογιστικού Νέφους και συγκεκριμένα από την

Amazon AWS (m5.metal server), πάνω στον οποίο τρέξαμε 100 διαφορετικά σενάρια συ-

ντοποθέτησης εφαρμογών. Στη συνέχεια, εκπαιδεύσαμε τα μοντέλα μας χρησιμοποιώντας

μετρικές απόδοσης από το αρχικό μας (τοπικό) σύστημα και τα αξιολογήσαμε χρησιμοποι-

ώντας μετρικές απόδοσης από το σύστημα της Amazon.
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Σχήμα 8.3.7.. Απόδοση προβλέψεων για άγνωστους διακομιστές
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Στο Σχήμα 8.3.7 βλέπουμε τα αντίστοιχα αποτελέσματα. ΄Οπως φαίνεται και από το σχήμα,

το πλαίσιο Rusty και πάλι πετυχαίνει αρκετά υψηλά σκορ (αν και κάπως χαμηλότερα από

προηγουμένως), με τις τιμές του R2
να κυμαίνονται μεταξύ 0.76 έως 0.99. Συγκριτικά με τις

αντίστοιχες τιμές για γνωστούς διακομιστές, παρατηρούμε μία μείωση της τάξης του 0.01,

0.10 και 0.12 για τις μετρικές L3M, IPC αι NRG αντίστοιχα. Αυτό το πείραμα αποκαλύπτει

ότι, παρόλο που η υποκείμενη αρχιτεκτονική μπορεί να αλλάζει, υπάρχουν επαναλαμβανόμενα

μοτίβα στα πρότυπα χρονοσειρών των εφαρμογών, τα οποία το πλαίσιο Rusty είναι σε θέση να

μοντελοποιήσει, λόγω της κανονικοποίησης που εκτελείται κατά τη φάση προεπεξεργασίας

δεδομένων.

8.3.5. Επίλογος

Η προβλεψιμότητα υπολογιστικών συστημάτων σε πραγματικό χρόνο υπό την ύπαρξη παρεμ-

βολών είναι απαραίτητη για την καλύτερη διαχείριση των πόρων σε σύγχρονα ΚΔ μεγάλης

κλίμακας. Σε αυτό το κεφάλαιο προτείναμε το Rusty, ένα ελαφρύ πλαίσιο προγνωστικής πα-

ρακολούθησης που βασίζεται σε δίκτυα LSTM, ικανό να παρέχει γρήγορες, ακριβείς, μη δια-

κοπτόμενες προβλέψεις μετρήσεων συστήματος χαμηλού επιπέδου υπό την ύπαρξη θορύβου

και παρεμβολών στο σύστημα. Αναλύσαμε και διερευνήσαμε πολλά διαφορετικά σχήματα

αρχιτεκτονικές του δικτύου LSTM και καταλήξαμε σε μια γενική αποδοτική αρχιτεκτονική

όσον αφορά την ακρίβεια, την απόκριση στους περιορισμούς χρόνου εκτέλεσης και το υπο-

λογιστικό κόστος. Δείξαμε ότι το Rusty δημιουργεί μια ρεαλιστική λύση επιτυγχάνοντας

εξαιρετικά υψηλή ακρίβεια πρόβλεψης R2
0,98 κατά μέσο όρο κάτω από ρεαλιστικά σενάρια

συντοποθέτησης εφαρμογών σε κοινούς διακομιστές.
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8.4. Πλαίσιο Adrias

8.4.1. Εισαγωγή

Τα τελευταία χρόνια, ο υπολογισμός στο Υπολογιστικό Νέφος έχει καθιερωθεί ως το νέο

πρότυπο για την ανάπτυξη εφαρμογών και αναμένεται να αναπτυχθεί ακόμη περισσότερο στο

εγγύς μέλλον, λόγω της ευελιξίας και της οικονομικής αποδοτικότητας που προσφέρει [310].

Από την σκοπιά των παρόχων, η μεγιστοποίηση της απόδοσης που παρέχεται στους πελάτες

με παράλληλη ελαχιστοποίηση του συνολικού κόστους ιδιοκτησίας αποτελεί τον πιο σημαντι-

κό στόχο κατά τον σχεδιασμό των υποδομών τους. Ωστόσο, αυτές οι δύο αντικρουόμενες

απαιτήσεις είναι δύσκολο να επιτευχθούν, καθώς η μεγιστοποίηση της απόδοσης απαιτεί με-

μονωμένη εκτέλεση των εφαρμογών, η οποία, ωστόσο, οδηγεί σε υψηλή υποχρησιμοποίηση

των υπολογιστικών πόρων στα ΚΔ [29,30,311].

Προκειμένου να αντιμετωπίσουν αυτό το πρόβλημα, οι πάροχοι υπηρεσιών Υπολογιστικού

Νέφους έχουν υιοθετήσει στρατηγικές πολλαπλής μίσθωσης των διακομιστών τους σε δια-

φορετικούς χρήστες. Ενώ αυτή η προσέγγιση βελτιώνει τη συνολική χρήση πόρων των ΚΔ,

οδηγεί επίσης σε παρεμβολές και θόρυβο στους κοινόχρηστους υπολογιστικούς πόρους, οι

οποίοι με τη σειρά τους προκαλούν μεταβλητότητα και υποβάθμιση στην απόδοση των ε-

φαρμογών [41,88,116,313]. Για να περιοριστεί το παραπάνω πρόβλημα, τα τελευταία χρόνια

έχουν αναπτυχθεί αρκετά πλαίσια τα οποία στοχεύουν στην έξυπνη ενορχήστρωση και δια-

χείριση υπολογιστικών πόρων τόσο από τον ακαδημαϊκό χώρο [41, 63, 64] όσο και από τη

βιομηχανία [117], όπου σύνθετοι μηχανισμοί λογισμικού ελέγχουν τον τρόπο με τον οπο-

ίοι οι διαθέσιμοι υπολογιστικοί πόροι κατανέμονται στις εφαρμογές που εκτελούνται στο

σύστημα.

Παρά την πολυπλοκότητά τους, οι μηχανισμοί οι οποίοι στηρίζονται καθαρά σε υλοποι-

ήσεις σε επίπεδο λογισμικού αποδεικνύονται μη ικανοί να επιλύσουν πλήρως το πρόβλημα

υποχρησιμοποίησης πόρων σε συστήματα Νέφους, η οποία ουσιαστικά προκύπτει ως κα-

τάληξη του συνδυασμού δύο διαφορετικών παραγόντων i) των διαφορετικών υπολογιστι-

κών απαιτήσεων μεταξύ διαφορετικών εφαρμογών και ii) της σταθερής χωρητικότητας των

σύγχρονων διακομιστών αναφορικά με τους διαθέσιμους υπολογιστικούς πόρους. Κατά

συνέπεια, είναι σύνηθες στα σύγχρονα κέντρα δεδομένων να παρατηρείται ένας κατακερ-

ματισμός πόρων που είναι διαθέσιμοι αλλά δεν μπορούν να χρησιμοποιηθούν από καμία

εφαρμογή [317,318].

Προκειμένου να αντιμετωπιστεί το πρόβλημα του κατακερματισμού των υπολογιστικών πόρων,

τελευταία έχει προταθεί ένα νέο πρότυπο σχεδίασης συστημάτων Υπολογιστικού Νέφους,

γνωστό και ως ῾Ἁποσύνθεση Υπολογιστικών Πόρων᾿᾿. Στο πρότυπο αυτό, οι διαθέσιμοι
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υπολογιστικοί πόροι οργανώνονται σε ομογενείς ομάδες (π.χ., διακομιστές μόνο με κύρια

μνήμη, διακομιστές μόνο με επιταχυντές, κτλ.), οι οποίοι μπορούν να συντεθούν δυναμικά,

ανάλογα με τις υπολογιστικές απαιτήσεις των εφαρμογών οι οποίες τρέχουν στις υποδομές

του Νέφους. Ως αποτέλεσμα, παρόλο που η ῾Ἁποσύνθεση Υπολογιστικών Πόρων᾿᾿ προ-

σφέρει πιο λεπτομερή οργάνωση των υπολογιστικών πόρων, εισάγει επίσης και νέα σημεία

τα οποία χρήζουν βελτιστοποίησης (π.χ. επιλογή μεταξύ τοπικής και απομακρυσμένης κα-

τανομής μνήμης), τα οποία πρέπει να αντιμετωπίζονται σωστά για να παρέχουν αυξημένη

αποδοτικότητα των υπολογιστικών πόρων. Ειδικά σε συστήματα νέφους με Αποσύνθεση

Μνήμης, απαιτείται ενορχηστρωμένη πρόσβαση στους πόρους μνήμης, δεδομένου ότι η α-

πόδοση των εφαρμογών μπορεί να επηρεαστεί σοβαρά λόγω της αυξημένης καθυστέρησης

στην πρόσβαση στην απομακρυσμένη μνήμη [337], ενώ τα μοτίβα πρόσβασης στη μνήμη

συχνά αποκαλύπτουν απρόβλεπτες διακυμάνσεις κατά τη διάρκεια της εκτέλεσης [162,208].

Επιπλέον, πρόσφατες έρευνες έχουν δείξει πως το αποτύπωμα δυαδικού κώδικα των εφαρ-

μογών που εκτελούνται στο Νέφος είναι μία έως δύο τάξεις μεγέθους μεγαλύτερο από τη

κρυφή μνήμη εντολών L1 και μπορεί να οδηγήσει σε επαναλαμβανόμενες αστοχίες κατά την

πρόσβαση σε δεδομένα, βλάπτοντας την απόδοση των εκτελούμενων εφαρμογών [288, 289],

ενώ τελευταίες αναφορές από ΚΔ μεγάλης κλίμακας δείχνουν ότι η μνήμη αποτελεί το με-

γαλύτερο σημείο συμφόρησης [29].

Στο κεφάλαιο αυτό, παρουσιάζουμε το πλαίσιο Adrias, έναν δρομολογητή εφαρμογών για

συστήματα με αποσυντεθειμένους υπολογιστικούς πόρους μνήμης, τα οποία λειτουργούν

κάτω από την παρουσία θορύβου λόγω συντοποθέτησης εφαρμογών. Τα βασικά χαρακτη-

ριστικά του πλαισίου Adrias καθώς και οι συνεισφορές του μπορούν να συνοψιστούν στα

παρακάτω σημεία: i) Την ικανότητά του να πραγματοποιεί προβλέψεις σχετικά με μετρικές

απόδοσης χαμηλού επιπέδου, οδηγώντας έτσι προορατικές επιλογές αναφορικά με ενορ-

χήστρωση πόρων σε συστήματα αποσυντεθειμένης μνήμης, ii) την ικανότητά του να μπορεί

να προβλέψει την απόδοση εφαρμογών, πρωτού εκείνες εκτελεστούν, είτε στην τοπική ε-

ίτε στην απομακρυσμένη μνήμη και υπό την επήρεια θορύβου και iii) την ικανότητά του να

χρησιμοποιεί την απομακρυσμένη αποσυντεθειμένη μνήμη με ελάχιστη (ή και καθόλου) επιρ-

ροή στην απόδοση των εφαρμογών οι οποίες εκτελούνται επάνω στο σύστημα. Το πλαίσιο

Adrias χρησιμοποιεί μετρικές απόδοσης χαμηλού επιπέδου τις οποίες τροφοδοτεί σε έναν

ενορχηστρωτή πόρων ο οποίος βασίζεται σε βαθιά νευρωνικά δίκτυα πετυχαίνοντας έτσι να

δρομολογεί εφαρμογές σε συστήματα αποσυντεθειμένης μνήμης με ελάχιστη επίπτωση στην

απόδοσή τους.

Σημαντικότητα πλαισίου Adrias

΄Οπως αναφέραμε και προηγουμένως, τα συστήματα αποσυντεθειμένων πόρων γίνονται ολο-

ένα και πιο δημοφιλή στις υποδομές Υπολογιστικού Νέφους [233–235]. Πέραν των άλλων,
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(αʹ) Alibaba [29] (βʹ) Azure [235]

Σχήμα 8.4.1.. ΄Ιχνη σχετικά με την χρησιμοποίηση της CPU και της μνήμης στις υποδομές

δημοφιλούς παρόχων Υπηρεσιών Νέφους

αυτό συμβαίνει λόγω του κατακερματισμού των πόρων, γεγονός το οποίο είναι συνέπεια

τόσο των εξαιρετικά διαφορετικών απαιτήσεων των διαφορετικών εφαρμογών όσο και της

μη βέλτιστης τοποθέτησης των εφαρμογών στους διαθέσιμους υπολογιστικούς πόρους. Ως

χαρακτηριστικό παράδειγμα, στο Σχήμα 8.4.1 βλέπουμε τη χρησιμοποίηση της CPU καθώς

και της μνήμης εντός των υποδομών δύο γνωστών παρόχων Υπηρεσιών Νέφους, ονομαστικά,

της Alibaba [29] στα αριστερά και της Azure [235] στα δεξιά. Αν κοιτάξουμε την περίπτωση

της Alibaba, παρατηρούμε πως ενώ η χρησιμοποίησή της CPU κυμαίνεται σε χαμηλά επίπεδα

στη διάρκεια της ημέρας (μεταξύ 20%-60%) η χρησιμοποίησή της μνήμης κυμαίνεται σε πολύ

υψηλά επίπεδα (άνω του 80%). Αυτή η περίπτωση μας οδηγεί σε κατακερματισμό των πόρων

της CPU, οι οποίοι βρίσκονται εκεί, αλλά δεν μπορούν να χρησιμοποιηθούν από καμία εφαρ-

μογή. Αντιθέτως, στην περίπτωση της Azure, παρατηρούμε το ακριβώς αντίθετο μοτίβο.

Συγκεκριμένα, βλέπουμε πως όσο αυξάνεται ο αριθμός των πυρήνων οι οποίοι δεσμεύονται

από εικονικές μηχανές, τόσο αυξάνεται και το μέγεθος της κατασπαταλημένης μνήμης, η

οποία μπορεί να φτάσει και σε επίπεδα της τάξης του 10%. Αυτό οδηγεί σε κατακερματισμό

της διαθέσιμης μνήμης, η οποία βρίσκεται εκεί, αλλά και πάλι δεν μπορεί να χρησιμοποιηθεί

από καμία εφαρμογή.

Από τα παραπάνω, φαίνεται ξεκάθαρα πως ο κατακερματισμός πόρων αποτελεί σημαντικό

πρόβλημα στα σύγχρονα συστήματα υποδομών Υπολογιστικού Νέφους. Για το λόγο αυτό,

η ῾Ἁποσύνθεση Υπολογιστικών Πόρων᾿᾿ αποτελεί το επόμενο βήμα σε τέτοιες υποδομές,

προκειμένου να μπορέσουν οι πάροχοι Υπηρεσιών Υπολογιστικού Νέφους να μπορούν να

κάνουν καλύτερη διαχείριση του διαθέσιμου υλικού. ΄Οπως είναι λογικό, σε τέτοια συστήμα-

τα, υπάρχει η ανάγκη για υλοποίηση και ανάπτυξη καινοτόμων ενορχηστρωτών, οι οποίοι

λαμβάνουν υπόψη τις ιδιαιτερότητας και τα χαρακτηριστικά αυτών των νέων συστημάτων,

έχοντας ως στόχο την καλύτερη χρησιμοποίηση των διαθέσιμων υπολογιστικών πόρων χω-

ρίς να μειώνεται η απόδοση των εφαρμογών που εκτελούνται σε αυτά. Προς αυτήν την

κατεύθυνση, το πλαίσιο Adrias αποτελεί τον πρώτη δρομολογητή εφαρμογών για συστήμα-

τα αποσυντεθειμένης μνήμης, το οποίο έχει ως στόχο να αποφασίζει αν κάποια εφαρμογή
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Σχήμα 8.4.2.. Επισκόπηση Αρχιτεκτονικής του πλαισίου Adrias

θα δεσμεύσει μνήμη είτε ῾῾παραδοσιακά᾿᾿, εντός του διακομιστή στον οποίο εκτελείται, είτε

῾ἁποσυντεθειμένα᾿᾿, από κάποιον απομακρυσμένο διακομιστή.

8.4.2. Περιγραφή Αρχιτεκτονικής του Adrias

Στο Σχήμα 8.4.2 βλέπουμε μία σχηματική αναπαράσταση της αρχιτεκτονικής του πλαισίου

Adrias. Το πλαίσιο αποτελείται από τρεις κύριες συνιστώσες, ονομαστικά, i) τον ῾῾Watcher᾿᾿,
στόχος του οποίου είναι να παρακολουθεί και να συλλέγει τις μετρικές απόδοσης χαμηλού

επιπέδου του συστήματος, ii) τον ῾῾Predictor᾿᾿, στόχος του οποίου είναι να πραγματοποιεί

προβλέψεις τόσο όσο αφορά το πως θα κυμανθούν οι τιμές των μετρικών απόδοσης στο μέλ-

λον, όσο και αναφορικά με την απόδοση των εφαρμογών οι οποίες πρόκειται να εκτελεστούν

στο σύστημα, σε περίπτωση που δεσμεύσουν μνήμη είτε τοπικά είτε απομακρυσμένα, και iii)
τον ῾῾Orchestrator, στόχος του οποίου είναι να αποφασίζει από ποιο κομμάτι θα δεσμεύσουν
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μνήμη οι εφαρμογές, λαμβάνοντας υπόψη τις προβλέψεις τις οποίες πραγματοποίησε ο Pre-
dictor. Στη συνέχεια, αναλύουμε πιο λεπτομερώς κάθε ένα από αυτά τα μέρη του πλαισίου

μας.

Watcher

΄Οπως αναφέραμε και προηγουμένως στόχος του Watcher είναι να παρακολουθεί το σύστημα

και να συλλέγει μετρικές απόδοσης χαμηλού επιπέδου. Συγκεκριμένα, ο Watcher συλλέγει

μετρικές οι οποίες σχετίζονται με τη χρησιμοποίηση καθώς και με τις προσβάσεις στην μνήμη,

όπως για παράδειγμα τον αριθμό των αστοχιών για προσβάσεις σε δεδομένη στις κρυφές

μνήμες, τον αριθμό των προσβάσεων στην τοπική κύρια μνήμη καθώς και την καθυστέρηση

αλλά και το ρυθμό αποστολής και λήψης δεδομένων προς και από την απομακρυσμένη μνήμη.

Μέσω αυτών των μετρικών, μπορούμε να έχουμε μία γενική εικόνα για τα διαφορετικά

επίπεδα μνημών, καθώς και για τη ροή δεδομένων μεταξύ των διαφορετικών επιπέδων μνήμης

στην πάροδο του χρόνου.

Predictor

Σκοπός του Predictor είναι να μπορεί να προβλέπει την κατάσταση του συστήματος στο

μέλλον (προβλέποντας τις μετρικές απόδοσης χαμηλού επιπέδου), καθώς και να μπορεί να

προβλέψει την απόδοση των εφαρμογών οι οποίες πρόκειται να εκτελεστούν στο σύστημά

μας, ανάλογα με το εάν αυτές θα δεσμεύσουν τη μνήμη τους από το τοπικό ή από κάποιον

απομακρυσμένο διακομιστή. Προκειμένου να πετύχει τα παραπάνω, ο Predictor χρησιμο-

ποιεί μία αρχιτεκτονική βαθιών νευρωνικών δικτύων, η οποία αποτελείται από δύο επίπεδα

πρόβλεψης όπου οι προβλέψεις του πρώτου τροφοδοτούνται στο δεύτερο και βασίζεται στα

δίκτυα LSTM. Στο Σχήμα 8.4.3 βλέπουμε μία σχηματική αναπαράσταση της αρχιτεκτονικής

των αυτών δικτύων.

Συγκεκριμένα, για το δίκτυο πρόβλεψης της κατάστασης του συστήματος, αυτό λαμβάνει ως

είσοδο την τρέχουσα κατάσταση, η οποία αναπαριστάται μέσω ενός συνόλου διανυσμάτων

χρονοσειρών, όπου κάθε διάνυσμα αντιστοιχεί σε μία διαφορετική μετρική απόδοσης από

αυτές που παρακολουθεί ο Watcher. Το μέγεθος της χρονοσειράς είναι παραμετροποιήσι-

μο και εξαρτάται από το πόση παρελθοντική πληροφορία θέλουμε να τροφοδοτήσουμε στο

σύστημά μας. Ως έξοδο, το δίκτυο προβλέπει την μέλλουσα κατάσταση του συστήματος,

την οποία αναπαριστούμε μέσω ενός διανύσματος, όπου κάθε τιμή του αντιστοιχεί στον

μέσο όρο της τιμής των μετρικών απόδοσης στο μέλλον. Αντίστοιχα, το μέγεθος του πα-

ραθύρου στο οποίο αντιστοιχεί αυτή η μέση τιμή είναι επίσης παραμετροποιήσιμο και εξαρ-

230



8.4. Adrias

LSTM

Non-Linear

Non-Linear

Non-Linear

System State

Time-series of system

events over the history
window

Predicted System State

Average value of system

events on horizon window

(120,7)

(7,128)

(128)

(64)

(32)

(αʹ) Αρχιτεκτονική

μοντέλου για πρόβλεψη της

κατάστασης του συστήματος

LSTM

Non-Linear

Non-Linear

Non-Linear

System State

Time-series of system

events over the history
window

Predicted Performance

BE apps: Execution Time


LC apps: 99th percentile

LSTM

App's signature

Time-series of system
events during isolated
app execution

Deployment
Mode


Local or
Remote

Future System
State


Average
value of system

events in the
future

(120,7) (texec,7)

(7,64)(7,256)

(328)

(164)

(64)

(7)
(1)

(βʹ) Αρχιτεκτονική μοντέλου για πρόβλεψη της

απόδοσης των εφαρμογών

Σχήμα 8.4.3.. Αρχιτεκτονική Δικτύων Πρόβλεψης (α΄) της κατάστασης του συστήματος

και (β΄) της απόδοσης των εφαρμογών. Οι παρενθέσεις υποδεικνύουν τον αριθμό των

επιπέδων και των παραμέτρων ανά επίπεδο.

τάται από το για πόσο μακριά στο μέλλον θέλουμε να κάνουμε προβλέψεις για το σύστημά

μας.

Αναφορικά με το δίκτυο πρόβλεψης της απόδοσης των εφαρμογών, αυτό λαμβάνει ως είσοδο

τέσσερις παραμέτρους. ΄Ομοια με το προηγούμενο δίκτυο, δέχεται ως είσοδο την τρέχουσα

κατάσταση του υποκείμενου συστήματος, καθώς και την μέλλουσα κατάσταση, η οποία ου-

σιαστικά είναι η πρόβλεψη που πραγματοποίησε το δίκτυο πρόβλεψης της κατάστασης του

συστήματος και τροφοδοτείται απευθείας από αυτό. Επιπλέον, το δίκτυο λαμβάνει ως είσο-

δο μία δυαδική παράμετρο, η οποία υποδηλώνει για ποιο τρόπο δέσμευσης μνήμης θέλουμε

να πραγματοποιήσουμε την πρόβλεψη, όπου το 0 αντιστοιχεί σε δέσμευση μνήμης από τον

τοπικό διακομιστή και το 1 σε δέσμευση μνήμης από τον απομακρυσμένο. Τέλος, το δίκτυο

επίσης λαμβάνει ως είσοδο την ῾῾Υπογραφή της εφαρμογής᾿᾿. Ουσιαστικά, αυτή η είσοδος

πρόκειται για ένα σύνολο διανυσμάτων χρονοσειρών, οι οποίες αντιστοιχούν σε μετρικές

απόδοσης χαμηλού επιπέδου της εφαρμογής όταν αυτή εκτελείται κατάποκλειστικότητα στο

σύστημα, δεσμεύοντας μνήμη από τον απομακρυσμένο διακομιστή. Εν γένει, το σύνολο

αυτό των διανυσμάτων περιγράφει την συμπεριφορά εκτέλεσης της εφαρμογής και περιλαμ-

βάνει πληροφορία σχετικά με τα χαρακτηριστικά της εφαρμογής όσον αφορά τις προσβάσεις

της στη μνήμη, τις αστοχίες της σε πρόσβαση σε δεδομένα, κτλ. Μέσω της παραπάνω μο-

231



Brief Description of the Proposed Frameworks in Greek

Start

Simulation
Duration

Spawn

Interval

{t1,t2}

bench =
rand(BE,LC,ibench)

alloc_mode =
rand(local,remote)

Deploy containersleep rand(t1,t2)
seconds

End Duration

finished?

NO

YES

Σχήμα 8.4.4.. Διάγραμμα ροής για την παραγωγή και εκτέλεση διαφορετικών σεναρίων,

για τη συλλογή δεδομένων.

ντελοποίησης και της τροφοδότησης στο δίκτυο της κατάστασης του συστήματος καθώς

και της ῾ὑπογραφής᾿᾿ της εκάστοτε εφαρμογής, το μοντέλο πρόβλεψης απόδοσης είναι σε

θέση να συσχετίσει χαρακτηριστικά του υποκείμενου συστήματος με χαρακτηριστικά των

εφαρμογών που πρόκειται να εκτελεστούν στο σύστημα.

Συλλογή Δεδομένων και Εκπαίδευση Μοντέλων: Για να εκπαιδεύσουμε τα

παραπάνω μοντέλα, απαιτείται η συλλογή των απαραίτητων δεδομένων τα οποία να είναι

αντιπροσωπευτικά σεναρίων εκτέλεσης του πραγματικού κόσμου. Προκειμένου να το πε-

τύχουμε αυτό, παράγουμε και εκτελούμε πολλαπλά διαφορετικά σενάρια κατά τα οποία οι

εφαρμογές εισέρχονται στο σύστημα μας με τυχαίο τρόπο. Στο Σχήμα 8.4.4 φαίνεται σχη-

ματικά η διαδικασία με την οποία παράγουμε αυτά τα σενάρια. Συγκεκριμένα, για κάθε

σενάριο εκτελούμε μια τυχαία εφαρμογή στο σύστημά μας, η οποία δεσμεύει τυχαία μνήμη

είτε από το τοπικό είτε από το απομακρυσμένο διακομιστή. Στη συνέχεια, περιμένουμε για

κάποιο τυχαίο χρονικό διάστημα, προτού εκτελέσουμε την επόμενη εφαρμογή στο σύστημα

μας, η οποία καθορίζεται ακριβώς με τον ίδιο τρόπο με προηγουμένως. Η διαδικασία αυτή

επαναλαμβάνεται έως ότου υπερβούμε το συνολικό χρόνο διάρκειας του εκάστοτε σενάριο

(ο οποίος έχει οριστεί κατά την αρχικοποίηση του σεναρίου).

Ανάλυση εκτέλεσης σεναρίων: Συνολικά, προκειμένου να συλλέξουμε τα απαρα-

ίτητα δεδομένα για την εκπαίδευση των μοντέλων μας, παρήχθησαν και εκτελέστηκαν 72

διαφορετικά σενάρια διάρκειας 1 ώρας το καθένα. Στο Σχήμα 8.4.5 βλέπουμε την κατανομή

των χρόνων εκτέλεσης ενός υποσυνόλου των εφαρμογών που χρησιμοποιήσαμε κατά τη δια-

δικασία συλλογής δεδομένων, από όλα τα 72 σενάρια εκτέλεσης. Γενικά, παρατηρούμε πως

η εκτέλεση των εφαρμογών δεσμεύοντας μνήμη από τον απομακρυσμένο διακομιστή οδηγεί

σε αισθητή μείωση της απόδοσής τους, καθώς οι κατανομές των χρόνων εκτέλεσης για την

απομακρυσμένη μνήμη διακυμαίνονται σε υψηλότερες τιμές σε όλες τις εφαρμογές. Αυτό

που παρουσιάζει ιδιαίτερο ενδιαφέρον, είναι η συσχέτιση μεταξύ των κατανομών στον τοπικό

και στον απομακρυσμένο διακομιστή, όσον αφορά μεμονωμένες εφαρμογές. Συγκεκριμένα,

παρατηρούμε πως σε κάποιες εφαρμογές (π.χ., gmm), οι δύο κατανομές επικαλύπτονται με-

ταξύ τους. Για αυτές τις εφαρμογές αναμένουμε η χρήση της απομακρυσμένης μνήμης να
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Σχήμα 8.4.5.. Κατανομή του χρόνου εκτέλεσης για ένα υποσύνολο εφαρμογών για όλα τα

σενάρια εκτέλεσης

μπορεί να οδηγήσει σε καλύτερη (ή παρόμοια) απόδοση με την τοπική, σε σενάρια όπου

το σύστημά μας βρίσκεται υπό την επήρεια συγκεκριμένου θορύβου. Αντιθέτως, σε άλ-

λες εφαρμογές (π.χ., nweight), οι δύο κατανομές παρουσιάζουν ένα ελάχιστο υποσύνολο

τομής μεταξύ των τιμών τους. Για αυτές τις εφαρμογές αναμένουμε η χρήση της απο-

μακρυσμένης μνήμης να είναι απαγορευτική, καθώς θα οδηγήσει σε τεράστια μείωση της

απόδοσης.

Orchestrator

Τέλος, σκοπός του Orchestrator είναι να αποφασίζει εάν μία εφαρμογή που εισέρχεται στο

σύστημά μας θα δεσμεύσει μνήμη από τον τοπικό ή από τον απομακρυσμένο κόμβο. Συ-

γκεκριμένα, όταν μία εφαρμογή πρόκειται να εκτελεστεί στο σύστημα, ο Orchestrator αρ-

χικά εξετάζει εάν διαθέτει κάποια προγενέστερη πληροφορία σχετικά με την ῾ὑπογραφή᾿᾿

της. Εάν όχι, τότε η εφαρμογή εκτελείται απομονωμένα, προκειμένου να συλλέξουμε τις

απαραίτητες μετρικές εκτέλεσης, που να χαρακτηρίζουν την εφαρμογή. Σε αντίθετη πε-

ρίπτωση, ο Orchestrator επικοινωνεί με τον Predictor προκειμένου να λάβει την πρόβλεψη

των εκτιμώμενων χρόνων εκτέλεσης της συγκεκριμένης εφαρμογής, εάν αυτή εκτελεστε-

ί δεσμεύοντας μνήμη από τον τοπικό ή από κάποιον απομακρυσμένο κόμβο. Με βάση

αυτές τις προβλέψεις, ο Orchestrator εφαρμόζει μία απλή λογική για να αποφασίσει τον

τελικό τρόπο εκτέλεσης, η οποία διαφοροποιείται ανάλογα με τη φύση της εκάστοτε εφαρ-

μογής, στοχεύοντας σε κάθε περίπτωση στην ελαχιστοποίηση της μείωσης της απόδοσης

των εφαρμογών, χρησιμοποιώντας παράλληλα όσο περισσότερο γίνεται την απομακρυσμένη

μνήμη.
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Event R2

LLCmis 0.9969

LLCld 0.9995

MEMld 0.9641

MEMst 0.9983

RMTlat 0.9977

RMTrx 0.9871

RMTtx 0.9876

Avg. 0.9932
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Σχήμα 8.4.6.. Προβλέψεις τιμών έναντι

πραγματικών σχετικά με μετρικές απόδοσης του

συστήματος στο μέλλον

8.4.3. Πειραματική Αξιολόγηση

Σε αυτήν την ενότητα δείχνουμε κάποια ενδεικτικά αποτελέσματα σχετικά με την απο-

δοτικότητα και αποτελεσματικότητα του πλαισίου Adrias. Συγκεκριμένα οι άξονες που

εξετάζουμε είναι το κατά πόσο μπορεί το πλαίσιο Adrias να i) πραγματοποιήσει ακριβε-

ίς προβλέψεις σχετικά με τον εκτιμώμενο χρόνο εκτέλεσης για γνωστές εφαρμογές και

ii) χρησιμοποιήσει την απομακρυσμένη μνήμη αποδοτικά, χωρίς να επηρεάζει την απόδο-

ση των εφαρμογών που εκτελούνται στο σύστημά μας. Προκειμένου να αξιολογήσουμε το

προτεινόμενο πλαίσιο, χρησιμοποιήσαμε εφαρμογές από τρεις διαφορετικές σουίτες [2, 104,

105], ενώ τα πειράματά μας διεξήχθησαν σε ένα πραγματικό σύστημα αποσυντεθειμένης

μνήμης [1].

Ακρίβεια προβλέψεων για γνωστές εφαρμογές

Δίκτυο πρόβλεψης της κατάστασης του συστήματος: Αρχικά, εξετάζουμε το

κατά πόσο το δίκτυο της κατάστασης του συστήματος παράγει ακριβείς προβλέψεις σχετικά

με τις μελλοντικές τιμές των μετρικών απόδοσης χαμηλού επιπέδου. Προκειμένου να αξιολο-

γήσουμε το μοντέλο μας, χωρίζουμε το σύνολο δεδομένων μας σε δύο υποσύνολα, όπου το

πρώτο από αυτά (60% του συνολικού) χρησιμοποιείται προκειμένου να εκπαιδεύουμε το μο-

ντέλο και το δεύτερο (40%) προκειμένου να μετρήσουμε την ακρίβειά του. Το Σχήμα 8.4.6

δείχνει τα αντίστοιχα αποτελέσματα, όπου στον πίνακα φαίνονται οι μέσοι όροι ακρίβειας

(χρησιμοποιώντας ως μετρική απόδοσης το σκορ R2
), ενώ στο αντίστοιχο διάγραμμα οι
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Σχήμα 8.4.7.. Αξιολόγηση του μοντέλου πρόβλεψης απόδοσης εφαρμογών

πραγματικές τιμές έναντι των προβλεπόμενων. Παρατηρούμε πως το δίκτυο πρόβλεψης της

κατάστασης του συστήματος παράγει πολύ ακριβείς προβλέψεις, με το σκορ R2
να κυμαίνεται

μεταξύ 0.964 και 0.993 συνολικά, και 0.99 κατά μέσο όρο.

Δίκτυο πρόβλεψης της απόδοσης των εφαρμογών: Στη συνέχεια αξιολογούμε

την αποδοτικότητα του δικτύου πρόβλεψης της απόδοσης των εφαρμογών. ΄Ομοια με το

προηγούμενο πείραμα, χωρίζουμε το αρχικό μας σύνολο δεδομένων σε δύο υποσύνολα (60%

και 40%), χρησιμοποιώντας το κάθε υποσύνολο για την εκπαίδευση και αξιολόγηση του

μοντέλου. Στο Σχήμα 8.4.7 βλέπουμε τα αντίστοιχα αποτελέσματα. Παρατηρούμε πως

το δίκτυο πρόβλεψης της απόδοσης των εφαρμογών παρουσιάζει αρκετά υψηλή ακρίβεια

(Σχήμα 8.4.7αʹ), πετυχαίνοντας κατά μέσο όρο σκορ 0.942 R2
, με λίγο υψηλότερη απόδοση

αναφορικά με τις προβλέψεις για την τοπική μνήμη (R2 = 0.945) έναντι της απομακρυσμένης

(R2 = 0.939). Επίσης, στο Σχήμα 8.4.7βʹ παραθέτουμε και την ακρίβεια των προβλέψεών

μας για κάθε εφαρμογή ξεχωριστά, χρησιμοποιώντας ως μετρική απόδοσης το μέσο απόλυτο

σφάλμα (MAE), ενώ στο Σχήμα 8.4.7γʹ βλέπουμε και τις αντίστοιχες προβλεπόμενες τιμές

έναντι των πραγματικών. Παρατηρούμε πως οι η απόδοση των προβλέψεων του μοντέλου μας

διαφοροποιείται ανάλογα με την εφαρμογή για την οποία πραγματοποιεί τις προβλέψεις. Για

παράδειγμα, βλέπουμε πως σε περιπτώσεις όπως π.χ. αυτήν της εφαρμογής rf το σφάλμα του

μοντέλου μας κυμαίνεται σε χαμηλά επίπεδα, ενώ σε άλλες (π.χ., gmm) το σφάλμα αυξάνεται

αισθητά. Παρ΄όλα αυτά, ακόμα και σε αυτές τις περιπτώσεις, το συνολικό σφάλμα αντιστοιχεί

μόνο σε ένα 10% του μέσου χρόνου εκτέλεσης, αποδεικνύοντας την αποτελεσματικότητα του

πλαισίου μας να πραγματοποιεί ακριβείς προβλέψεις.
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Αξιολόγηση του ενορχηστρωτή εφαρμογών: Στο επάνω μέρος του Σχήμα-

τος 8.4.8 παρουσιάζεται η κατανομή του χρόνου εκτέλεσης για ένα υποσύνολο των υπό

εξέταση εφαρμογών ενώ στο κάτω, ο αριθμός των φορών που κάθε εφαρμογή δέσμευσε

μνήμη τοπικά και απομακρυσμένα μνήμη όταν χρησιμοποιούνται διαφορετικές λογικές δρο-

μολόγησης των εφαρμογών. Συγκεκριμένα, η λογική All-Local δεσμεύει για όλες τις εφαρ-

μογές μνήμη από τον τοπικό διακομιστή, η λογική Random δεσμεύει μνήμη τυχαία μεταξύ

του τοπικού και του απομακρυσμένου και η λογική Round-Robin δεσμεύει μνήμη εναλλάξ

μεταξύ των δύο. Τα αποτελέσματα αποκαλύπτουν πως για την πλειονότητα των εφαρμογών,

οι λογικές Random και Round-Robin παρέχουν τις χειρότερες κατανομές επιδόσεων, επιβε-

βαιώνοντας την ανάγκη για έξυπνες λογικές ενορχήστρωσης της μνήμης. Παρατηρούμε πως

για μεγαλύτερες τιμές της παραμέτρου β3 ο ενορχηστρωτής του πλαισίου Adrias παρέχει

πανομοιότυπες αποφάσεις με τη λογική All-Local σςηεδυλινγ, λόγω της εν γένει χειρότε-

ρης επίδοσης της απομακρυσμένης μνήμης συγκριτικά με την τοπική σε συνδυασμό με το

σφάλμα των προβλέψεων που προκύπτει από τα μοντέλα μας. Για τιμές β ίσες με 0.8 και

0.7 το πλαίσιο Adrias καταφέρνει να αξιοποιήσει αποτελεσματικά την απομακρυσμένη μνήμη,

δρομολογώντας περίπου το 10% και το 35% των εφαρμογών με μια πτώση της τάξης του

0.5% και 15% στη μέση απόδοση για όλες τις εφαρμογές αντίστοιχα. Ενώ οι τιμές β = 0.8
και β = 0.7 θα υποδήλωναν ισοδύναμη υποβάθμιση της απόδοσης των εφαρμογών, παρατη-

ρούμε ότι αυτό δεν συμβαίνει, γεγονός που αποδίδεται στο σφάλμα ακρίβειας του μοντέλου

πρόβλεψης της απόδοσης. Επιπλέον, η λογική δρομολόγησης του πλαισίου Adrias ευνοεί την
εκφόρτωση ορισμένων εφαρμογών στην απομακρυσμένη μνήμη (π.χ. gmm, lda), οι οποίες,
όπως αποδείχθηκε στην ενότητα 8.4.2 παρουσιάζουν ῾ἑπικαλυπτόμενες᾿᾿ κατανομές απόδοσης

μεταξύ τοπικών και απομακρυσμένων τρόπων λειτουργίας, ενώ αποφεύγει την εκφόρτωση

αυτών που παρουσιάζουν ῾῾μη επικαλυπτόμενες᾿᾿ κατανομές (π.χ. textttnweight). Η παρα-

τήρηση αυτή επαληθεύει ότι το Adrias είναι σε θέση να μοντελοποιήσει και να ερμηνεύσει

σωστά τα εγγενή χαρακτηριστικά των εξεταζόμενων εφαρμογών. Τέλος, για χαμηλότε-

ρες τιμές σλαςκ (π.χ. β = 0.6) το Adrias μεταφορτώνει την πλειονότητα των εφαρμογών

στην απομακρυσμένη μνήμη, γεγονός που, ωστόσο, προκαλεί σημαντική υποβάθμιση των

επιδόσεων.

8.4.4. Επίλογος

Η ῾Ἁποσύνθεση Υπολογιστικών Πόρων᾿᾿ αποτελεί το επόμενο μεγάλο βήμα για την απο-

τελεσματική και λεπτομερή διαχείριση των υποδομών Υπολογιστικού Νέφους. Σε αυτό το

κεφάλαιο παρουσιάσαμε το Adrias, ένα πλαίσιο παρακολούθησης και ενορχήστρωσης για

συστήματα νέφους με αποσυντεθειμένη μνήμη. Με γνώμονα μία εκτενή ανάλυση αρκετών ε-

φαρμογών, σχεδιάσαμε το Adrias, ένα πλαίσιο που αξιοποιεί τεχνικές βαθιάς μάθησης για να

3
Η παράμετρος β υποδηλώνει ένα άνω όριο για το μέγιστο ποσοστό απόδοσης που δεχόμαστε να θυσι-

άσουμε προκειμένου να χρησιμοποιήσουμε την απομακρυσμένη μνήμη.
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αποφασίζει τον τρόπο λειτουργίας της μνήμης των εφαρμογών υπό εκτέλεση και δείξαμε ότι

μπορεί να αξιοποιήσει αποτελεσματικά την απομακρυσμένη μνήμη με ελάχιστη επιβαρύνση

στην απόδοσή τους.
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8.5. Πλαίσιο Sparkle

8.5.1. Εισαγωγή

Σήμερα, ο όγκος δεδομένων που παράγεται καθημερινά είναι πραγματικά συντριπτικός,

με πάνω από πάνω από 2,5 πεντακισεκατομμύρια bytes δεδομένων να παράγονται κάθε

μέρα [360]. Για την επεξεργασία και την αξιοποίηση αυτών των δεδομένων έχουν εμφανιστεί

καινούρια πλαίσια [92,141,245], τα οποία επιτρέπουν την παράλληλη επεξεργασία τεράστιων

όγκων δεδομένων με κατανεμημένο τρόπο. Το πλαίσιο Apache Spark [245] αποτελεί ένα μία

από τις πιο γνωστές πλατφόρμες επεξεργασίας δεδομένων μεγάλου όγκου και πλέον υποστη-

ρίζεται ως υπηρεσία σε σύγχρονες υποδομές Υπολογιστικού Νέφους [361].

Παρόλο που η αρχιτεκτονική του πλαισίου Spark παρέχει πολύ υψηλές επιδόσεις, προσφέρει

επίσης μια μεγάλη ποικιλία παραμέτρων, οι οποίες μπορούν να ρυθμιστούν ώστε να αλλάξουν

διάφορες πτυχές της εσωτερικής διαρύθμισής του, προσφέροντας έτσι περαιτέρω αύξηση της

απόδοσης. Πιο συγκεκριμένα, οι τελευταίες εκδόσεις του Spark διαθέτουν περισσότερες

από 150 παραμέτρους διαμόρφωσης [362]. Παρά τη συμαντικότητα αυτών των παραμέτρων,

οι επίσημες οδηγίες ρύθμισης της απόδοσης του Spark περιγράφουν μόνο ένα πολύ πε-

ριορισμένο υποσύνολο παραμέτρων του [247], αφήνοντας έτσι το βάρος της ανάλυσης των

επιπτώσεών όλων των υπολοίπων αποκλειστικά στους τελικούς χρήστες/προγραμματιστές.

΄Ομως, η ανάλυση και διερεύνηση της επίδρασης των διαφόρων παραμέτρων στην απόδοση

των εφαρμογών, καθώς και η εξέταση της συσχέτισης μεταξύ των διαφόρων παραμέτρων

είναι μια επίπονη διαδικασία, λόγω του ι) πολυδιάστατου χώρου διαθέσιμων παραμέτρων και

τιμών ανά παράμετρο, ιι) του τεράστιου, απαιτούμενου χρόνου εκτέλεσης προκειμένου να

διερευνηθούν τα παραπάνω, καθώς και ιιι) του χρόνου που απαιτείται για την κατανόηση

σε βάθος του σκοπού της κάθε παραμέτρου. Επιπλέον, η αλληλοσυσχέτιση μεταξύ των

διαφόρων παραμέτρων εισάγει ένα επιπλέον επίπεδο πολυπλοκότητας. Κατά συνέπεια, οι

προγραμματιστές εφαρμογών τείνουν να ρυθμίζουν εμπειρικά μόνο τις πιο προφανείς παρα-

μέτρους που σχετίζονται με την απόδοση, όπως ο αριθμός των executors ή η μνήμη ΡΑΜ

ανά executor.

Αν και το ίδιο το Spark προσφέρει ένα εγχειρίδιο για τη ρύθμιση των παραμέτρων του [247],

επικεντρώνεται κυρίως στη σειριοποίηση δεδομένων και τον συντονισμό της μνήμης. Επίσης,

η ο τρόπος με τον οποίο προτείνεται να γίνεται η ρύθμιση των παραμέτρων βασίζεται σε μία

῾῾trial and error᾿᾿ λογική, η οποία πρέπει να επαναλαμβάνεται για κάθε διαφορετική εφαρμογή

και διαφορετικό μέγεθος δεδομένων, με αποτέλεσμα να απέχει πολύ από την παροχή βέλτι-

στων αποτελεσμάτων. Τέλος, η υψηλής διάστασης φύση του χώρου παραμέτρων που εκτίθε-

ται από τη μηχανή Spark αποτελεί πρόκληση τόσο για τις στρατηγικές μοντελοποίησης και

βελτιστοποίησης. Από την παραπάνω συζήτηση, είναι προφανές ότι υπάρχει ανάγκη για αυ-
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τοματοποιημένα πλαίσια συντονισμού, τα οποία να μπορούν αυτοματοποιημένα να ρυθμίζουν

όλες τις διαφορετικές παραμέτρους του Spark, έτσι ώστε να διευκολύνεται η εξερεύνηση

αυτού του χώρου αναζήτησης μεγάλων διαστάσεων.

Για την αντιμετώπιση των προαναφερθέντων προκλήσεων, σε αυτό το κεφάλαιο προτείνου-

με το Sparkle, ένα πλαίσιο αυτόματης ρύθμισης των παραμέτρων του πλαισίου Spark. Το

Sparkle βασίζεται σε τεχνικές βαθιάς μάθησης και σε μετρικές επιδόσεων χαμηλού επι-

πέδου για τη μοντελοποίηση της απόδοσης τόσο γνωστών, όσο και άγνωστων, εφαρμογών

Spark. Χρησιμοποιώντας αλγορίθμους γενετικής βελτιστοποίησης, το πλαίσιο διασχίζει α-

ποτελεσματικά τον χώρο αναζήτησης σε πραγματικό χρόνο και βελτιστοποιεί την τιμή των

παραμέτρων του πλαισίου Spark. Το Sparkle επεκτείνει τα υπάρχοντα πλαίσια αυτόματης

ρύθμισης παραμέτρων Spark, παρέχοντας μια καθολική λύση για μοντελοποίηση της απόδο-

σης των εφαρμογών, σε αντίθεση με λύσεις οι οποίες εξετάζουν κάθε εφαρμογή (ή/και

σύνολο δεδομένων) χωριστά, ενώ παράλληλα ρυθμίζει και όλες τις παραμέτρους που πα-

ρέχει το πλαίσιο Spark, εξαλείφοντας έτσι πλήρως την ανάγκη για τον προσδιορισμό των

πιο σημαντικών παραμέτρων με εμπειρικό τρόπο από κάποιον ῾ἑιδικό᾿᾿, ή μέσω στατιστικών

αναλύσεων.

8.5.2. Σημαντικότητα πλαισίου Sparkle
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Σχήμα 8.5.1.. Επιτευχθείσα

επιτάχυνση για διαφορετικές

ρυθμίσεις παραμέτρων

Εν γένει, η προσεκτική και σωστή ρύθμιση των παρα-

μέτρων του Spark μπορεί να προσφέρει τεράστια κέρ-

δη όσον αφορά την απόδοση των εφαρμογών οι οποίες

εκτελούνται μέσω αυτού. Ενδεικτικά, στο Σχήμα 8.5.1

βλέπουμε το εύρος επιτάχυνσης που μπορούμε να επι-

τύχουμε ρυθμίζοντας κάποιες από τις παραμέτρους που

προσφέρει το πλαίσιο Spark για μία ενδεικτική εφαρμογή,

όπου ο άξονας x υποδηλώνει διαφορετικά μεγέθη συνόλου

δεδομένων εισόδου. Παρατηρούμε πως για μεγάλα σύνολα

δεδομένων, μπορούμε να πετύχουμε έως και ×7 επιτάχυν-

ση, ενώ βλέπουμε επίσης πως και η επιτάχυνση μεταβάλ-

λεται ανάλογα με το μέγεθος του συνόλου δεδομένων ει-

σόδου. Παρά τα τεράστια κέρδη που μπορεί να αποφέρει

η ρύθμιση των παραμέτρων του Spark, όπως αναφέραμε

και στο εισαγωγικό κεφάλαιο, πρόκειται για μια επίπονη

διαδικασία η οποία χρειάζεται μεγάλη εμπειρία σχετικά με την αρχιτεκτονική καθώς και τον

τρόπο με τον οποίο λειτουργεί η μηχανή του Spark εσωτερικά, όπως επίσης η βελτιστοποίη-

ση είναι και συνάρτηση της εφαρμογής αυτής καθαυτής, με διαφορετικές εφαρμογές να έχουν

διαφορετική συμπεριφορά για ίδια ρύθμιση των παραμέτρων.
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Για τον λόγο αυτό, στο παρελθόν έχουν προταθεί και ερευνηθεί αρκετά πλαίσια τα οπο-

ία προσπαθούν να βελτιστοποιήσουν την ρύθμιση των παραμέτρων του πλαισίου Spark με

αυτοματοποιημένο τρόπο. Παρ΄όλα αυτά, τα προτεινόμενα αυτά πλαίσια υστερούν σε δύο

βασικά σημεία. Πρώτον, όλες οι προτεινόμενες λύσεις προσπαθούν να ρυθμίσουν ένα υπο-

σύνολο από τις διαθέσιμες παραμέτρους που προσφέρει η πλατφόρμα του Spark, τις οποίες

επιλέγουν είτε με εμπειρικό τρόπο (π.χ., οι ερευνητές που πραγματοποίησαν την ανάπτυξη

του εκάστοτε πλαισίου θεώρησαν 10 σημαντικές παραμέτρους λόγω πρόταιρης γνώσης) ε-

ίτε μέσω στατιστικών μελετών (π.χ., υπολογίζοντας τη σημαντικότητα της κάθε παραμέτρου

όσον αφορά την επίδρασή της στην απόδοση των εφαρμογών).

Γιατί όμως είναι απαραίτητο να ρυθμίσουμε και να βελτιστοποιήσουμε

όλες τις διαθέσιμες παραμέτρους και όχι ένα υποσύνολο αυτών;

Προκειμένου να απαντήσουμε σε αυτήν την ερώτηση, αξιολογήσαμε τη σημαντικότητα όλως

των παραμέτρων Spark μέσω ενός στατιστικού ελέγχου, και συγκεκριμένα του ANOVA F-
Test [367]. Συγκεκριμένα, εκτελέσαμε διαφορετικές εφαρμογές Spark για διαφορετικές τιμές

παραμέτρων εισόδου και διαφορετικά μεγέθη συνόλου δεδομένων εισόδου και αξιολογήσαμε

τη σημαντικότητα ανά παράμετρο Spark σε όλα τα εκτελούμενα σενάρια.

Το boxplot (κάτω μέρος) του Σχήματος 8.5.2 δείχνει τα αντίστοιχα αποτελέσματα, όπου

ο άξονας y υποδηλώνει τη σημαντικότητα της αντίστοιχης παραμέτρου που προέκυψε από

το τεστ και ο άξονας x δείχνει όλες τις εξεταζόμενες παραμέτρους Spark ταξινομημένες σε

φθίνουσα σειρά με βάση τη σημαντικότητα τους. ΄Οπως αναμενόταν, φαίνεται ότι ο αριθμός

των executors (executor-instances) αποτελεί με διαφορά τη σημαντικότερη παράμετρο, γε-

γονός που αποτελεί και τον λόγο που οι προηγούμενες προσπάθειες [146,148] επικεντρώνο-

νται αποκλειστικά στη βελτιστοποίηση αυτής της παραμέτρου. Επίσης, βλέπουμε πως η

παράμετρος scheduler.minRegisteredResourcesRatio αποτελεί την τρίτη πιο σημαντική πα-

ράμετρο στην περίπτωσή μας, ωστόσο, προηγούμενες επιστημονικές προσπάθειες δεν έχουν

λάβει καθόλου υπόψη τους αυτήν την παράμετρο. Τέλος, σχετικά με την σημαντικότητα για

διαφορετικές εφαρμογές και διαφορετικά σύνολα δεδομένων εισόδου, βλέπουμε πως η σημα-

ντικότητα των παραμέτρων μεταβάλλεται κατά περίπτωση, με κάποιες παραμέτρους να παρου-

σιάζουν μεγαλύτερη ευαισθησία σε συγκεκριμένα σενάρια και άλλες σε άλλα. Συνολικά, πα-

ρατηρούμε μια διαφορετική συμπεριφορά όσον αφορά τη σημασία των πρώτων 33 παραμέτρων,

ενώ για τις υπόλοιπες η επίδραση φαίνεται να είναι μικρότερη.

Από την παραπάνω συζήτηση, είναι εμφανές πως ο τρόπος με τον οποία θα πρέπει να γίνεται

η επιλογή των σημαντικότερων παραμέτρων του πλαισίου Spark δεν είναι προφανής και

δεν υπάρχει ῾῾χρυσός κανόνας᾿᾿ για τον προσδιορισμό της ιδανικής διαμόρφωσης, καθώς η

διαδικασία αυτή εξαρτάται, μεταξύ άλλων, από τη φύση της εφαρμογής που πρόκεται να

εκτελεστεί καθώς και του συνόλου δεδομένων εισόδου της.
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Επίσης, γιατί η καθολική μοντελοποίηση είναι σημαντική;

Το Spark είναι ένα πλαίσιο ανάλυσης δεδομένων γενικού σκοπού που επιτρέπει την ανάπτυξη

νέων (ενδεχομένως άγνωστων) εφαρμογών. Τα πλαίσια τα οποία έχουν προταθεί στο παρελ-

θόν προκειμένου να ρυθμίζουν αυτόματα τις παραμέτρους του πλαισίου Spark χρησιμοποιούν

τεχνικές μοντελοποίησης επιδόσεων σε επίπεδο εφαρμογής [6, 146, 148] ή συστάδας εφαρ-

μογών [7]. Ενώ αυτές οι τεχνικές έχουν δείξει ότι βελτιώνουν την απόδοση μεμονωμένων

εφαρμογών, είναι ανεπαρκείς για γενίκευση σε νέες/άγνωστες εφαρμογές. ΄Ετσι, τα συμβα-

τικά πλαίσια αυτόματης ρύθμισης, όταν βελτιστοποιούν για μια νέα εφαρμογή, απαιτούν την

επανάληψη ολόκληρου του κύκλου ζωής της ρύθμισης, ο οποίος περιλαμβάνει τη συλλογή

δεδομένων απόδοσης για διαφορετικές διαμορφώσεις του Spark, την εκπαίδευση ενός νέου

μοντέλου μηχανικής μάθησης από το μηδέν και τη ρύθμιση των υπερπαραμέτρων του για

την αύξηση της ακρίβειας πρόβλεψής του. Με έναν αυξανόμενο αριθμό νέων εφαρμογών, το

κόστος που σχετίζεται με αυτή τη διαδικασία γίνεται απαγορευτικά υψηλό λόγω της συλλο-

γής νέων δεδομένων, ιδίως για εφαρμογές με μεγάλα σύνολα δεδομένων εισόδου, η εκτέλεση

των οποίων μπορεί να διαρκέσει αρκετές ημέρες [368].
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Σχήμα 8.5.3.. Κόστος

ενός καθολικού

μοντέλου πρόβλεψης

έναντι πολλαπλών

ξεχωριστών, ένα ανά

εφαρμογή

Για την αντιμετώπιση αυτής της πρόκλησης, στην προσέγγισή μας

μέσω του Sparkle υιοθετούμε ένα καθολικό τρόπο μοντελοποίησης

που μετριάζει το συνολικό κόστος του συντονισμού άγνωστων ε-

φαρμογών κατανέμοντας τα έξοδα της συλλογής δεδομένων και της

εκπαίδευσης του μοντέλου μεταξύ διαφορετικών εφαρμογών. Στο

Σχήμα 8.5.3 παρουσιάζεται το κόστος συλλογής δεδομένων και εκ-

παίδευσης ενός μοντέλου ΜΜ για έναν καθολικό τρόπο μοντελο-

ποίησης (χωρίς απώλεια γενικότητας, θεωρούμε εκπαίδευση με 20

διαφορετικά ζεύγη εφαρμογών/συνόλων δεδομένων) έναντι ενός

μοντέλου ΜΜ από την αρχή για κάθε νέα εφαρμογή. Λαμβάνοντας

υπόψη το μοντέλο χρέωσης της AWS, ο άξονας y αντιπροσωπεύει

το κόστος της ανάπτυξης μιας συστάδας 10 κόμβων c4.8xlarge,
ενώ ο άξονας x απεικονίζει τη μεταβολή του κόστους καθώς προ-

στίθενται περισσότερες άγνωστες εφαρμογές. Στην προσέγγιση ε-

νός μοντέλου ΜΜ ανά εφαρμογή, οι χρήστες πρέπει να πληρώνουν

για κάθε νέα εφαρμογή, με αποτέλεσμα το κόστος να αυξάνεται

συνεχώς ανάλογα με τον αριθμό των εφαρμογών που εκτελούνται

στο σύστημα. Αντιθέτως, στον καθολικό τρόπο μοντελοποίησης της απόδοσης των εφαρμο-

γών, έχουμε ένα αρχικό κόστος επένδυσης, το οποίο χρειάζεται για τη συλλογή του αρχικού

συνόλου δεδομένων εκπαίδευσης και τη δημιουργία του καθολικού μοντέλου ΜΜ. Καθώς

όμως εκτελούνται όλο και περισσότερες άγνωστες εφαρμογές, το κόστος αυτό αποσβένεται,

οδηγώντας σε ένα σημείο αντιστάθμισης όπου το αρχικό κόστος επένδυσης επιστρέφεται α-

πό την εξοικονόμηση που οφείλεται στην ικανότητα του καθολικού αυτόματου συντονισμού

να βελτιστοποιεί προηγουμένως αθέατες εφαρμογές.
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Σχήμα 8.5.4.. Επισκόπηση Αρχιτεκτονικής του πλαισίου Sparkle

8.5.3. Περιγραφή Αρχιτεκτονικής του Sparkle

Το Sparkle αποτελεί ένα ολοκληρωμένο πλαίσιο που ρυθμίζει αυτόματα τις παραμέτρους

διαμόρφωσης του Spark, προκειμένου να βελτιστοποίησει την απόδοση και το κόστος των

εφαρμογών προς εκτέλεση. Στο Σχήμα 8.5.4 βλέπουμε μία επισκόπηση της αρχιτεκτονικής

του πλαισίου ενγΣπαρκλε. Το Sparkle αποτελείται δύο φάσεις· μία κατά την οποία συλλέγο-

νται τα απαραίτητα δεδομένα και εκπαιδεύεται το καθολικό μοντέλο ΜΜ και μια κατά την

οποία το πλαίσιο ρυθμίζει και αποφασίζει αυτόματα τις βέλτιστες παραμέτρους για εφαρμογές

οι οποίες είναι προς εκτέλεση.

Φάση συλλογής δεδομένων και εκπαίδευσης μοντέλου

΄Οπως αναφέραμε και προηγουμένως, το πλαίσιο Spark προσφέρει παραπάνω από 150 διαφο-

ρετικές παραμέτρους. Ως πρώτο βημα της φάσης συλλογής δεδομένων, επιλέγουμε μόνο το

υποσύνολο των παραμέτρων οι οποίες αφορούν και επηρεάζουν την απόδοση των εφαρμογών.

Για παράδειγμα η παράμετρος spark.app.name η οποία ρυθμίζει το όνομα της εφαρμογής πα-
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ραλείπεται. Αυτό μας οδηγεί σε ένα υποσύνολο του αρχικού, το οποίο αποτελείται από 101

παραμέτρους. Για αυτές τις παραμέτρους εξετάζουμε ένα διακριτό σύνολο τιμών, με τρεις

τιμές ανά παράμετρο, οι οποίες αντιστοιχούν σε χαμηλές, μεσαίες και υψηλές τιμές ρύθμισης

της αντίστοιχης παραμέτρου.

Συλλογή δεδομένων για χαρακτηρισμό των εφαρμογών: Ως πρώτο βήμα, το

Sparkle συλλέγει δεδομένα προκειμένου να χαρακτηρίσει τις εφαρμογές οι οποίες αποτελούν

το σύνολο εκπαίδευσής για το μοντέλο μας. Προκειμένου να το πετύχει αυτό, εκτελεί κάθε

εφαρμογή χρησιμοποιώντας τις προκαθορισμένες παραμέτρους του Spark και κατά τη διάρ-

κεια εκτέλεσης συλλέγει από το σύστημα μετρικές απόδοσης χαμηλού επιπέδου. Οι μετρικές

αυτές απόδοσης λειτουργούν ως μία ῾ὑπογραφή᾿᾿ ανά εφαρμογή και δείχνουν πως κάθε εφαρ-

μογή συμπεριφέρεται κατά την εκτέλεσή της στην πάροδο του χρόνου. Πιο συγκεκριμένα,

η ῾ὑπογραφή᾿᾿ αυτή αποτελείται από 35 διαφορετικά σήματα τα οποία αντιστοιχούν σε διαφο-

ρετικές χαμηλού επιπέδου, όπως για παράδειγμα εντολές ανά κύκλο ρολογιού, αστοχίες σε

προσβάσεις στην κρυφή μνήμη κ.ά.

Συλλογή δεδομένων για χαρακτηρισμό των παραμέτρων του Spark: Ως δε-

ύτερο βήμα, το Sparkle συλλέγει δεδομένα προκειμένου να προσδιορίσει και να χαρακτηρίσει

τη συμπεριφορά των εξεταζόμενων εφαρμογών για διαφορετικές ρυθμίσεις των παραμέτρων

του Spark. Για το σκοπό αυτό, το πλαίσιό μας παράγει τυχαίους συνδυασμούς παραμέτρων,

για όλες τις 101 διαφορετικές παραμέτρους. Συγκεκριμένα, για κάθε παράμετρο επιλέγεται

τυχαία μία τιμή από το αντίστοιχο διακριτό πεδίο ορισμού της. ΄Επειτα, κάθε εφαρμογή από

τις εξεταζόμενες εκτελείται στο σύστημα για όλα τα διαφορετικά σύνολα παραμέτρων και για

όλα τα διαφορετικά μεγέθη συνόλου δεδομένων εισόδου. Το βήμα αυτό έχει ως αποτέλεσμα

ένα σύνολο τιμών απόδοσης ανά εφαρμογή, όπου κάθε τιμή του συνόλου αντιστοιχεί σε

διαφορετικές ρυθμίσεις των παραμέτρων του Spark.

Ανάπτυξη και εκπαίδευση μοντέλων βαθιάς μάθησης για πρόβλεψη της

απόδοσης των εφαρμογών

Το πλαίσιο Sparkle ακολουθεί μια διπλή προσέγγιση για μοντελοποίηση της απόδοσης των

εφαρμογών. Με δεδομένη την ῾῾ υπογραφή᾿᾿ μιας εφαρμογής καθώς και μία δεδομένη ρύθμι-

ση των παραμέτρων του Spark, προβλέπει αν αναμένεται επιτάχυνση με μία δυαδική λογική

ταξινόμησης (ναι/όχι), και σε περίπτωση που αναμένεται επιτάχυνση, εκτιμά την έκτασή της

(παλινδρόμηση). Το Sparkle παρέχει ένα μοντέλο βαθιάς μάθησης, το οποίο είναι σε θέση

να μοντελοποιεί και τα δύο παραπάνω προβλήματα (ταξινόμηση και παλινδρόμηση), η αρχιτε-

κτονική του οποίου φαίνεται στο Σχήμα 8.5.5. Συγκεκριμένα:

● Signature Temporal Encoder: Αυτό το κομμάτι αναλύει την ῾ὑπογραφή᾿᾿ των εφαρμογών
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και την μετασχηματίζει σε ένα διάνυσμα συγκεκριμένου και σταθερού μήκους.

● Configuration Encoder: Αυτό το κομμάτι του δικτύου έχει σκοπό να αναλύει τις παρα-

μέτρους του πλαισίου Spark και να προσδιορίζει ποιες παράμετροι είναι πιο σημαντικές και

επηρεάζουν την απόδοση των εφαρμογών.

● Classification & Regressions Heads: Τέλος, τα δύο αυτά κομμάτια έχουν την ίδια δομή

και έχουν σκοπό να πραγματοποιήσουν την τελική πρόβλεψη σχετικά με την ταξινόμηση και

παλινδρόμηση αντίστοιχα.

Γενικά, η προταθείσα αρχιτεκτονική εκπαιδεύεται συνδυάζοντας πληροφορία σχετικά τόσο με

τη συμπεριφορά εκτέλεσης των εφαρμογών όσο και με τη ρύθμιση των παραμέτρων. Επίσης,

χαρακτηρίζοντας κάθε εφαρμογή με βάση τις μετρικές χαμηλού επιπέδου, είμαστε σε θέση να

μπορούμε δυνητικά να μοντελοποιούμε και άγνωστες εφαρμογές, καθώς πολλές από αυτές θα

παρουσιάζουν παρόμοια συμπεριφορά με τις εφαρμογές που χρησιμοποιήσαμε στη διαδικασία

της εκπαίδευσης. Επίσης, ενώ το μέγεθος του συνόλου δεδομένων εισόδου δε δίνεται ρητά

ως είσοδος στο μοντέλο, αυτό μπορεί να εξαχθεί μέσω της υπογραφής της εφαρμογής, αφού

π.χ. μεγαλύτερα σύνολα δεδομένων εισόδου οδηγούν σε μεγαλύτερο μέγεθος σημάτων των

μετρικών απόδοσης χαμηλού επιπέδου αντίστοιχα.
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Φάση αυτοματοποιημένης ρύθμισης παραμέτρων και εκτέλεση εφαρμογών

Στη φάση αυτή, το Sparkle στοχεύει στο να βελτιστοποιήσει τις παραμέτρους του Spark για

εφαρμογές που πρόκειται να εκτελεστούν στην υπαρχουσα υποδομή. Σε περίπτωση άγνω-

στων εφαρμογών, το Sparkle τις εκτελεί χρησιμοποιώντας τις προκαθορισμένες ρυθμίσεις

παραμέτρων και καταγράφει και αποθηκεύει τις αντίστοιχες μετρικές απόδοσης χαμηλού επι-

πέδου που χρησιμοποιούνται ως ῾ὑπογραφή᾿᾿ τους. Στη συνέχεια, το πλαίσιο ρωτά επαναλη-

πτικά τα μοντέλα πρόβλεψης της απόδοσης για διαφορετικές τιμές παραμέτρων, προκειμένου

να προσδιορίσει μια βέλτιστη διαμόρφωση.

Το Sparkle έναν μετα-ευρετικό τρόπος για βελτιστοποίηση, προκειμένου να εξερευνήσει α-

ποτελεσματικά τον υποκείμενο χώρο παραμέτρων και να εξασφαλίσει τη σύγκλιση προς τις

βέλτιστες λύσεις. Συγκεκριμένα, το Sparkle ακολουθεί μια προσέγγιση ανοικτού βρόχου,

όπου η διαδικασία βελτιστοποίησης εφαρμόζεται πάνω στο εκπαιδευμένο μοντέλο ΔΝΝ για

την αξιολόγηση της δυναμικής του χώρου λύσεων. Αυτή η προσέγγιση οδηγεί σε ένα σύνο-

λο βέλτιστων λύσεων κατά Pareto [374], οι οποίες παρουσιάζουν μία αντιστρόφως ανάλογη

σχέση μεταξύ της απόδοσης (χρόνο εκτέλεσης) και του συνολικού κόστους που απαιτείται

για την εκτέλεση (σε χρήματα). Σχετικά με τον αλγόριθμο βελτιστοποίησης, το Sparkle
χρησιμοποιεί τον αλγόριθμο NSGA-II για να διασχίσει το χώρο λύσεων, λόγω της ικανότη-

τάς του να ξεφεύγει από τοπικά βέλτιστα και να παρέχει γρήγορη σύγκλιση σε αποδοτικές

λύσεις [6, 261, 375]. Ο NSGA-II είναι ένας εξελικτικός αλγόριθμος και λειτουργεί για έναν

αριθμό γενεών, όπου σε κάθε γενιά δίνεται η ευκαιρία στις ελίτ ενός πληθυσμού να μετα-

φερθούν στην επόμενη. Με βάση τους τελεστές μετάλλαξης και διασταύρωσης, δημιουργεί

νέους πληθυσμούς απογόνων που θα εξεταστούν στις επόμενες γενιές. Προκειμένου να

προσδιοριστεί ένα βέλτιστο σύνολο τιμών όσον αφορά τις υπερπαραμέτρους της NSGA-II
(μέγεθος πληθυσμού, γενιές, πιθανότητα μετάλλαξης και ρυθμός διασταύρωσης), διερευ-

νούμε την επίδραση κάθε υπερπαραμέτρου του αλγορίθμου NSGA-II στο τελικό μέτωπο

Pareto.

8.5.4. Πειραματική Αξιολόγηση

Σε αυτήν την ενότητα δείχνουμε κάποια ενδεικτικά αποτελέσματα σχετικά με την αποδο-

τικότητα και αποτελεσματικότητα του πλαισίου Sparkle. Συγκεκριμένα οι άξονες που εξε-

τάζουμε είναι το κατά πόσο μπορεί το πλαίσιο Sparkle να i) πραγματοποιήσει ακριβείς προ-

βλέψεις σχετικά με τον εκτιμώμενη κλάση καθώς και το χρόνο εκτέλεσης των εφαρμογών

για διαφορετικές ρυθμίσεις των παραμέτρων του Spark και ii) να καταλήξει σε πιο αποδο-

τικές λύσεις (τόσο από άποψη χρόνου εκτέλεσης όσο και από άποψη κόστους) συγκριτικά

με την προκαθορισμένη ρύθμιση παραμέτρων του Spark. Προκειμένου να αξιολογήσουμε
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Σχήμα 8.5.6.. Αριστερά: Ακρίβεια μοντέλου αναφορικά με το πρόβλημα της ταξινόμησης.

Δεξιά: Πίνακας Σύγχυσης.

το προτεινόμενο πλαίσιο, χρησιμοποιήσαμε εφαρμογές από τη σουίτα HiBench [2], ενώ τα

πειράματά μας διεξήχθησαν σε ένα πραγματικό σύστημα συστάδας, αποτελούμενο από 10

διακομιστές Intel©Xeon©E5-2690 v3.

Ακρίβεια προβλέψεων μοντέλου

Αρχικά, αξιολογούμε την ικανότητα του Sparkle να μοντελοποιεί την απόδοση των εφαρμο-

γών για διαφορετικές ρυθμίσεις των παραμέτρων του Σπαρκ. Συγκεκριμένα, μετράμε την

ακρίβεια του μοντέλου μας για την πρόβλεψη της ι) κατηγορίας απόδοσης (ταξινόμηση)

και της ιι) πραγματικής επιτάχυνσης που παρέχεται σε περιπτώσεις στις οποίες η ρύθμιση

παραμέτρων οδηγεί σε επιτάχυνση (παλινδρόμηση). Προκειμένου να εκπαιδεύσουμε και να

αξιολογήσουμε το μοντέλο μας, χωρίζουμε το σύνολο δεδομένων μας σε δύο υποσύνολα,

ίσα με 90% (σύνολο εκπαίδευσης) και 10% (σύνολο δοκιμής) των δειγμάτων, όπου το σύνο-

λο δεδομένων δοκιμής αποτελείται από τριπλέτες εφαρμογών-συνόλου δεδομένων-ρύθμισης

παραμέτρων που δεν χρησιμοποιήθηκαν κατά την εκπαίδευση.

Ακρίβεια ταξινόμησης: Στο Σχήμα 8.5.6 βλέπουμε τα αποτελέσματα αναφορικά με το

ποσοστό ακρίβειας του μοντέλου μας στο να προβλέπει την κλάση (επιτάχυνση/επιβράδυν-

ση) στην οποία ανήκει ένας συγκεκριμένος συνδυασμός εφαρμογής-συνόλου δεδομένων-

ρύθμισης παραμέτρων. Παρατηρούμε πως για την πλειονότητα των περιπτώσεων, το Sparkle
παρέχει εξαιρετικά υψηλές ακρίβειες άνω του 90% ανεξάρτητα από το μέγεθος του εξετα-

ζόμενου συνόλου δεδομένων, δείχνοντας την ικανότητά του να προβλέπει σωστά αν μια

δεδομένη ρύθμιση των παραμέτρων είναι πιο αποδοτική ή όχι σε σύγκριση με την προεπιλεγ-

μένη. Παρουσιάζουμε επίσης τον πίνακα σύγχυσης, ο οποίος απεικονίζει το ποσοστό των

σωστών/λάθους θετικών/αρνητικών προβλέψεων που έκανε το μοντέλο, όπου το 0 δηλώνει

την κατηγορία επιβράδυνσης και το 1 την κατηγορία επιτάχυνσης. Βλέπουμε ότι, συνολικά,
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Σχήμα 8.5.7.. Αριστερά: Ακρίβεια μοντέλου αναφορικά με το πρόβλημα της παλινδρόμησης

(MAPE)Δεξιά: Προβλεπόμενες τιμές έναντι πραγματικών.

το Sparkle επιτυγχάνει μέση ακρίβεια ≈ 93%. Τέλος, το ποσοστό των ψευδώς αρνητικών

προβλέψεων, δηλαδή της λανθασμένης πρόβλεψης ότι μια ρύθμιση παραμέτρων θα παρέχει ε-

πιτάχυνση, διατηρείται σε χαμηλά επίπεδα, με περίπου 2.7% των περιπτώσεων να ανήκουν σε

αυτή την περίπτωση, γεγονός που δείχνει ότι το Sparkle δεν είναι επιρρεπές σε λανθασμένες

προβλέψεις που θα οδηγήσουν σε εκτελέσεις με επιβράδυνση.

Ακρίβεια παλινδρόμησης: Στη συνέχεια, αξιολογούμε την ακρίβεια του μοντέλου

πρόβλεψης της επιτάχυνσης του Sparkle, αξιολογώντας το Μέσο Απόλυτο Ποσοστιαίο

Σφάλμα (MAPE). Το Σχήμα 8.5.7 παρουσιάζει τα αντίστοιχα αποτελέσματα, δείχνοντας

ότι το Σπαρκλε παρέχει ισχυρές προβλέψεις ανεξάρτητα από την εφαρμογή και το μέγεθος

του συνόλου δεδομένων της, με μέσο όρο 7.2% MAPE συνολικά. Επίσης, εξετάζοντας τις

πραγματικές και προβλεπόμενες τιμές επιτάχυνσης, παρατηρούμε ότι το σφάλμα αυτό κατα-

νέμεται ομοιόμορφα σε όλες τις εφαρμογές και τα σύνολα δεδομένων, καθώς τα περισσότερα

σημεία βρίσκονται κοντά στη γραμμή παλινδρόμησης 45
o
. Τέλος, παρατηρούμε ότι για με-

γάλες τιμές επιτάχυνσης (> 5.0), το σύστημά μας υποεκτιμά την πραγματική επιτάχυνση.

Μια τέτοια συμπεριφορά είναι αναμενόμενη, δεδομένου ότι το 77% των τιμών επιτάχυνσης

είναι κάτω από 2.0, ενώ σχεδόν 84% είναι κάτω από 2.5 και άρα το μοντέλο μας δεν έχει

αναλύσει αρκετές δεδομένα κοντά σε αυτές τις επιταχύνσεις κατά τη διαδικασία της εκπαίδευ-

σης, επομένως δεν είναι σε θέση να πραγματοποιήσει ικανοποιητικές προβλέψεις για αυτές

τις περιπτώσεις.

Γενετική βελτιστοποίηση

Τέλος, εξετάζουμε το βήμα γενετικής βελτιστοποίησης του Sparkle, αξιολογώντας την ικα-

νότητά του να παρέχει αποδοτικές ρυθμίσεις παραμέτρων όσον αφορά την απόδοση και το

κόστος ανάπτυξης. Για τον υπολογισμό του κόστους, λαμβάνουμε υπόψη την
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8.5. Sparkle

τιμολόγηση 15 διαφορετικών τύπων διακομιστών από την πλατφόρμα Υπολογιστικού Νέφους

AWS, με διαφορετικά χαρακτηριστικά όσον αφορά τους εικονικούς πυρήνες και την προσφε-

ρόμενη χωρητικότητα μνήμης. Συγκεκριμένα, υπολογίζουμε το κόστος κάθε ανάπτυξης ε-

ντοπίζοντας τη λιγότερο δαπανηρή περίπτωση η οποία να ικανοποιεί τον αριθμό των πυρήνων

του κάθε executor και τις απαιτήσεις του σε μνήμη. Στη συνέχεια, πολλαπλασιάζουμε αυ-

τήν την τιμή με το συνολικό αριθμό των executors και τον συνολικό χρόνο εκτέλεσης της

αντίστοιχης εφαρμογής.

Sparkle έναντι προεπιλεγμένης ρύθμισης παραμέτρων: Πρώτον, αξιολογούμε

την επιτάχυνση και τη μείωση του κόστους που προσφέρει το Sparkle σε σύγκριση με την

προεπιλεγμένη ρύθμιση παραμέτρων του Spark. Συνολικά, το Sparkle προσφέρει λύσεις που

διατηρούν τα έξοδα εκτέλεσης των εφαρμογών μεταξύ 0.5% υψηλότερα (θυσιάζοντας το

κόστος για επιτάχυνση) έως και 54% χαμηλότερα, με μέσο όρο κέρδους κόστους 13%, σε

σύγκριση με την προεπιλεγμένη εκτέλεση.

΄Οσον αφορά την αύξηση της ταχύτητας, το Sparkle επιτυγχάνει επιτάχυνση που κυμαίνεται

από ×1.05, στην περίπτωση ζευγών εφαρμογών/συνόλων δεδομένων που δεν επηρεάζονται

εγγενώς από τον συντονισμό παραμέτρων, έως ×6.8, με μέσο όρο αύξησης ταχύτητας ×1.72
σε όλες τις εξεταζόμενες περιπτώσεις.

Sparkle έναντι γενετικής βελτιστοποίησης χωρίς μοντέλο πρόβλεψης:
Τέλος, συγκρίνουμε το σύνολο των λύσεων Pareto που παρέχει το πλαίσιό μας με μια

προσέγγιση γενετικής βελτιστοποίησης χωρίς μοντέλο, όπου κάθε προτεινόμενη λύση ανά

γενιά (διαφορετική ρύθμιση σε παραμέτρους του Spark) εκτελείται στο σύστημα συστάδας

και λαμβάνονται οι πραγματικές τιμές χρόνου εκτέλεσης και κόστους. Θέτουμε το κριτήριο

τερματισμού του αλγορίθμου βελτιστοποίησης στην 1 ώρα, επιτρέποντας στην προσέγγιση

χωρίς μοντέλο να αξιολογήσει έναν επαρκή αριθμό διαφορετικών ρυθμίσεων των παραμέτρων

του Spark.

Στο Σχήμα 8.5.8 παρουσιάζονται τα αποτελέσματα ανά σημείο αναφοράς, όπου τα σημεία

με μπλε χρώμα αποκαλύπτουν τις λύσεις Pareto που προτείνονται από τον βελτιστοποιητή

χωρίς μοντέλο και με ροζ χρώμα αυτές που προτείνονται από το Sparkle. Στην περίπτωση

του Σπαρκλε, εκτελούμε στο σύστημά μας το τελικό σύνολο λύσεων Pareto που προτείνε-

ται, για να λάβουμε την πραγματική απόδοση ανά διαφορετική ρύθμιση των παραμέτρων και

όχι την εκτίμηση του μοντέλου. Με εμφανή χρωματισμό, υποδεικνύουμε τα τελικά μέτωπα

Pareto, τα οποία περιλαμβάνουν τις μη κυρίαρχες λύσεις που παρέχονται από κάθε προσέγ-

γιση βελτιστοποίησης. Παρατηρούμε πως το Sparkle υπερισχύει έναντι της προσέγγισης

βελτιστοποίησης χωρίς μοντέλο, καθώς η πλειονότητα των σημείων που βασίζονται στο τε-

λικό μέτωπο Pareto ανήκει στο δικό της σύνολο προτεινόμενων λύσεων. Συγκεκριμένα, το

πλαίσιο Sparkle καλύπτει περίπου το 65% του τελικού μετώπου Pareto, ενώ το υπόλοιπο

35% ανήκει στην εγγενή προσέγγιση.
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8.5.5. Επίλογος

Στο κεφάλαιο αυτό παρουσιάσαμε το Sparkle, ένα αυτοματοποιημένο πλαίσιο ρύθμισης των

παραμέτρων του Spark, το οποίο βασίζεται σε μοντέλα βαθιάς μηχανικής μάθησης για τη

μοντελοποίηση και πρόβλεψη του χρόνου εκτέλεσης των εφαρμογών. Συγκριτικά με προη-

γούμενες προσπάθειες μοντελοποίησης της απόδοσης των εφαρμογών Spark, το Sparkle
παρέχει μια καθολική προσέγγιση μοντελοποίησης της απόδοσης καθώς και επεκτείνεται σε

ολόκληρο το χώρο παραμέτρων, εξαλείφοντας έτσι πλήρως την ανάγκη για ανθρώπινες ή στα-

τιστικές προσεγγίσεις για τον προσδιορισμό της σημασίας κάθε παραμέτρου.
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8.6. Adrias

8.6. Επίλογος και μελλοντικές επεκτάσεις

Σήμερα, βρισκόμαστε σε μια κομβική στιγμή για τη δημιουργία και τον μετασχηματισμό ενός

ψηφιακού κόσμου, με το υπολογιστικό νέφος να αποτελεί ζωτικό πυλώνα προς αυτήν την

κατεύθυνση. Από τη σκοπιά των παρόχων υπηρεσιών υπολογιστικού νέφους, η ελαχιστοπο-

ίηση του συνολικού κόστους ιδιοκτησίας των υποδομών τους χωρίς να θυσιάζεται η ποιότητα

των υπηρεσιών που προσφέρονται στους πελάτες αποτελεί ύψιστη προτεραιότητα. Ταυτόχρο-

να, από την πλευρά των τελικών χρηστών, ο απώτερος στόχος είναι η μεγιστοποίηση της

απόδοσης των εφαρμογών με ταυτόχρονη μείωση του λειτουργικού κόστους τιμολόγησης.

Προκειμένου να ικανοποιηθούν και οι δύο κόσμοι, η αποτελεσματική διαχείριση των πόρων

του νέφους είναι απαραίτητη, έτσι ώστε να μπορούμε να χρησιμοποιούμε στο έπακρο τους

διαθέσιμους υπολογιστικούς πόρους. Προς την κατεύθυνση της δημιουργίας πιο αποδοτι-

κών πλατφορμών Υπολογιστικού Νέφους, η διαχείριση πόρων με βάση τεχνικές μηχανικής

μάθησης εμφανίζεται ως μια εξέχουσα λύση, ικανή να χειριστεί και να διαχειριστεί την τε-

ράστια πολυπλοκότητα τέτοιων συστημάτων. Ωστόσο, ερωτήματα όπως ¨πώς¨, ¨πότε’ και

¨πού’ είναι καλύτερο να ενσωματωθεί η ΜΛ στη διαχείριση πόρων του νέφους είναι ακόμη

ασαφή.

Στην παρούσα διατριβή, εξετάσαμε την εφαρμογή τεχνικών βαθιάς μάθησης για τη βελτι-

στοποίηση της απόδοσης και της αποδοτικότητας των πόρων σε συστήματα Υπολογιστικού

Νέφους. Διερευνήσαμε την αποδοτικότητα βαθιών νευρωνικών δικτύων σε διαφορετικά ε-

πίπεδα βελτιστοποίησης, πιο συγκεκριμένα στον τομέα της προβλεπτικής παρακολούθησης,

καθώς και στη βελτιστοποίηση σε επίπεδο συστήματος, συστάδας καθώς και στο επίπεδο

της εφαρμογής. Συγκεκριμένα, η εργασία μας μπορεί να συνοψιστεί ως εξής: ◇ ΄Οσον αφορά

την παρακολούθηση των συστημάτων Υπολογιστικού Νέφους, αναπτύξαμε το Rusty, ένα

πλαίσιο προβλεπτικής παρακολούθησης με επίγνωση των παρεμβολών για συστήματα Υπολο-

γιστικού Νέφους πολλαπλών μισθωτών, ◇ ΄Οσον αφορά τη διαχείριση σε επίπεδο συστάδας,

παρουσιάσαμε το Adrias, ένα πλαίσιο ενορχήστρωσης πόρων για συστήματα αποσυντεθει-

μένης μνήμης. ◇ ΄Οσον αφορά τη βελτιστοποίηση σε επίπεδο εφαρμογής, παρουσιάσαμε το

Sparkle, ένα πλαίσιο αυτόματης ρύθμισης των παραμέτρων του πλαισίου Spark το οποίο βα-

σίζεται σε βαθιά νευρωνικά δίκτυα προκειμένου να μοντελοποιεί την απόδοση και το κόστος

των υπό εκτέλεση εφαρμογών.

Ως μελλοντικές επεκτάσεις της παρούσας διατριβής, τα προτεινόμενα πλαίσια θα μπορούσαν

να επεκταθούν προς τρεις βασικούς άξονες. Πρώτον, στο κομμάτι της ῾῾Πράσινης Πληρο-

φορικής και Ενεργειακής Βιωσιμότητας᾿᾿, όλα τα πλαίσια μπορούν να επεκταθούν έτσι ώστε

να λαμβάνουν επιπλέον υπόψη την κατανάλωση ενέργειας, πέρα από την απόδοση των ε-

φαρμογών. Δεύτερον, τα προτεινόμενα πλαίσια θα μπορούσαν να επεκταθούν προκειμένου

να μπορούν να εφαρμοστούν για να βελτιστοποιούν τη διαχείριση πόρων σε περιβάλλοντα

Edge-Cloud τα οποία είναι πιο αποκεντρωμένα και παρουσιάζουν μεγαλύτερη πολυπλοκότη-
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τα όσον αφορά το κομμάτι της δρομολόγησης των εφαρμογών, καθώς, εκτός των άλλων,

παρουσιάζονται περαιτέρω προβλήματα, όπως π.χ. παρεμβολές στο δίκτυο, απομακρυσμένη

αποθήκευση δεδομένων, κ.ά. Τέλος, από τη σκοπιά της Τεχηνητής Νοημοσύνης και της

Μηχανικής Μάθησης, μπορούμε να εξετάσουμε εναλλακτικές αρχιτεκτονικές προκειμένου

να μοντελοποιούμε τα διαφορετικά προβλήματα. Ιδιαίτερο ενδιαφέρον παρουσιάζουν οι αρχι-

τεκτονικές μοντέλων που βασίζονται στην ανάλυση φυσικής γλώσσας, όπως για παράδειγμα

το μοντέλο GPT [387]. Με γνώμονα τέτοιες αρχιτεκτονικές θα μπορούσαμε να κατασκευ-

άζουμε μοντέλα τα οποία να είναι σε θέση να μοντελοποιούν την απόδοση των εφαρμογών

κατευθείαν μέσα από τον πηγαίο κώδικά τους, χωρίς να χρειάζεται η πολυδάπανη διαδικασία

της συλλογής δεδομένων και χαρακτηρισμού των εφαρμογών.
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Abbreviations & Acronyms

AI Artificial Intelligence

AWS Amazon Web Services

BE Best Effort

CNN Convolutional Neural Networks

CPU Central Processing Unit

DC Data Center

DCM DC Monitoring

DLR Deep Reinforcement Learning

DNN Deep Neural Network

DPU Data Processing Unit

DRAM Dynamic Random-Access Memory

FaaS Function-as-a-Service

FC Fully-connected

FPGA Field Programmable Gate Array

GCP Google Cloud Platform

GPU Graphics Processing Unit
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Abbreviations & Acronyms

HW Hardware

ICT Information and Communication Technology

ML Machine Learning

MLaaS ML-as-a-Service

KPI Key Performance Indicator

LC Latency Critical

LLC Last-Level Cache

LSTM Long Short-Term Memory

PCM Performance Counter Monitoring

PMU Performance Monitoring Units

PUE Power Usage Effectiveness

QoS Quality of Service

SLA Service Level Agreements

SW Software

TCO Total Cost of Ownership

TPU Tensor Processing Unit

VM Virtual Machine

XaaS Everything-as-a-Service
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Γλωσσάρι

Artifical Intelligence Τεχνητή Νοημοσύνη. Ικανότητα μιας μηχανής να αναπαράγει

τις γνωστικές λειτουργίες ενός ανθρώπου.

Cloud Computing Υπολογιστικό Νέφος. Σύνολο από υπολογιστικούς πόρους

διακομιστών που διατίθενται κατάπαίτηση σε τελικούς

χρήστες.

Cloud Provider Πάροχος Υπηρεσιών Υπολογιστικού Νέφους. Εταιρεία που

προσφέρει υπηρεσίες μίσθωσης πόρων στο Υπολογιστικό

Νέφος.

Datacenter Κέντρο Δεδομένων. Κτίριο ή χώρος μέσα σε ένα κτίριο στο

οποίο φιλοξενούνται διακομιστές, αλλά και τηλεπικοινωνιακές

και αποθηκευτικές υποδομές.

Design Space
Exploration (DSE)

Εξερεύνηση του χώρου σχεδίασης.

Green Computing Πράσινη Πληροφορική. Εργαλεία, υπηρεσίες και τεχνολογίες

της πληροφορικής και των επικοινωνιών που συνεισφέρουν

στην προστασία και την αποκατάσταση του φυσικού περιβάλ-

λοντος.

Hyperscale Datacenter Υπερκλιμακούμενο Κέντρο Δεδομένων

Long short-term
Memory Networks

Δίκτυα μακράς βραχυπρόθεσμης μνήμης. Μορφή τεχνητών

ανατροφοδοτούμενων νευρωνικών δικτύων που χρησιμοποιο-

ύνται στον τομέα της βαθειάς μάθησης.

Machine Learning Μηχανική Μάθηση. Μέθοδος ανάλυσης δεδομένων που αυτο-

ματοποιεί την ανάπτυξη αναλυτικών μοντέλων.
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Greek Glossary

Multi-tenancy Πολλαπλή μίσθωση. Η συντοποθέτηση εφαρμογών από διαφο-

ρετικούς χρήστες σε κοινούς διακομιστές σε περιβάλλοντα Υ-

πολογιστικού Νέφους, προκειμένου να επιτευχθεί αύξηση της

χρησιμοποίησης των πόρων του κέντρου δεδομένων και μείωση

του κόστους λειτουργίας.

Pareto front Μέτωπο Pareto. Σε προβλήματα βελτιστοποίησης με πολλαπλά

κριτήρια, οι Pareto βέλτιστες λύσεις είναι αυτές για τις όποιες

η βελτιστοποίηση του ενός κριτηρίου μπορεί να επιτευχθεί μόνο

αν χειροτερεύσει τουλάχιστον ένα άλλο κριτήριο.

Resource
Disaggregation

Αποσύνθεση Υπολογιστικών Πόρων. Σε σύγχρονα συστήμα-

τα υπολογιστικού νέφους, οι διαθέσιμοι υπολογιστικοί πόροι

οργανώνονται σε ομογενείς ομάδες, οι οποίοι μπορούν να συ-

ντεθούν δυναμικά και να χρησιμοποιούνται μέσω πρωτοκόλλων

δικτύου.

Server Διακομιστής. Υλικό ή/και λογισμικό που παρέχει υπολογιστι-

κούς πόρους και αναλαμβάνει την παροχή διάφορων υπηρεσιών,

εξυπηρετώντας αιτήσεις άλλων προγραμμάτων.
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