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Abstract
The overall goal of the work presented in this thesis was to find ways of managing
power-performance tradeoﬀs in cloud data centers. To this end, the relationships
between the power consumption of data center servers and the performance
of applications hosted in data centers are analyzed, models that capture these
relationships are developed, and controllers to optimize the use of data center
infrastructures are proposed.
The studies were motivated by the massive power consumption of modern
data centers, which is a matter of significant financial and environmental
concern. Various strategies for improving the power eﬃciency of data centers
have been proposed, including server consolidation, server throttling, and power
budgeting. However, no matter what strategy is used to enhance data center
power eﬃciency, substantial reductions in the power consumption of data center
servers can easily degrade the performance of hosted applications, causing
customer dissatisfaction. It is therefore crucial for data center operators to
understand and control power-performance tradeoﬀs.
The research methods used in this work include experiments on real testbeds,
the application of statistical methods to create power-performance models,
development of various optimization techniques to improve the power eﬃciency
of servers, and simulations to evaluate the proposed solutions at scale.
This thesis makes multiple contributions. First, it introduces taxonomies
for various aspects of data center configuration, events, management actions,
and monitored metrics. We discuss the relationships between these elements
and support our analysis with results from a set of testbed experiments. We
demonstrate limitations on the usefulness of various data center management
actions for controlling power consumption, including Dynamic Voltage Frequency Scaling (DVFS) and Running Average Power Limit (RAPL). We also
demonstrate similar limitations on common measures for controlling application
performance, including variation of operating system scheduling parameters,
CPU pinning, and horizontal and vertical scaling. Finally, we propose a set
of power budgeting controllers that act at the application, server, and cluster
levels to minimize performance degradation while enforcing power limits.
The results and analysis presented in this thesis can be used by data
center operators to improve the power eﬃciency of servers and reduce overall
operational costs while minimizing performance degradation. All of the software
generated during this work, including controller source code, virtual machine
images, scripts, and simulators, has been open-sourced.
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Sammanfattning
Det övergripande målet med det arbete som presenterades i denna avhandling
är att hitta sätt att hantera prestanda i prestanda i molndatacenter. För detta
ändamål analyseras relationerna mellan datacenterservrars strömförbrukning och
prestandan hos applikationer som körs i datacenter. Vi utvecklar modeller som
fångar dessa relationer och föreslår regulatorer för att optimera användningen
av datacenterinfrastruktur.
Studierna motiveras av moderna datacenters massiva strömförbrukning,
vilket har betydande ekonomiska och miljömässiga konsekvenser. Tidigare har
ett spektrum av olika strategier för förbättring av datacenterets eﬀektivitet stryk
föreslagits, inklusive serverkonsolidering, serverstrypning och elbudgetering.
Oavsett vilken strategi som används för att förbättra datacenterets eﬀektivitet
kan betydande minskningar av energiförbrukningen hos datacenterservrarna
med stor sannolikhet försämra prestandan hos applikationer och orsaka kundens
missnöje. Det är därför avgörande för datacenteroperatörerna att förstå och
reglera prestanda och elförbrukning.
Forskningsmetoderna som används i detta arbete innefattar experiment på
riktiga testbäddar, tillämpning av statistiska metoder för att skapa elförbrukningsmodeller, utveckling av optimeringstekniker för att förbättra servrarnas eﬀektivitet och simuleringar för att utvärdera de föreslagna lösningarna i stor skala.
Denna avhandling ger flera bidrag. För det första införs taxonomier för
olika aspekter av datacenterkonfiguration, händelser, hanteringsåtgärder och
övervakade mätvärden. Vi diskuterar relationerna mellan dessa element och
stöder vår analys med resultat från en uppsättning testbäddsexperiment. Vi
visar begränsningar på användbarheten av olika datacenterhanteringsåtgärder
för att styra strömförbrukningen, inklusive Dynamic Voltage Frequency Scaling
(DVFS) och Running Average Power Limit (RAPL). Vi visar också liknande
begränsningar på gemensamma åtgärder för att kontrollera applikationsprestanda, inklusive variation av operativsystemets schemaläggningsparametrar,
CPU-pinning och horisontell och vertikal skalning. Slutligen föreslår vi en
åtgärder för elbudgetering som arbetar på applikations-, server- och klusternivå
för att minimera prestandaförlust samtidigt som eﬀektgränser tillämpas.
Resultaten och analysen som presenteras i denna avhandling kan användas
av datacenteroperatörer för att förbättra eﬀektivitet och minska de totala
driftskostnaderna samtidigt som prestandaförluster minimeras. All mjukvara
som genereras i det här arbetet, inklusive regulatorer, virtuella maskiner, skript
och simulatorer, har gjorts tillgänglig som open source.
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Brzeziński, Tadusz Morzy, Maciej Piernik; and my supervisor during the internship at INRIA, Peter; for all the knowledge they passed on to me, and for
inspiring me to continue my adventure with computer science and research.
My parents for their love and continuous support throughout my life.
Gabriela, for believing in me even when I doubted myself, ultimate support
and understanding, care and love.

x

Contents
1 Introduction
1.1 Research Problem and Objectives
1.2 Research Methodology . . . . . .
1.3 Research Contributions . . . . .
1.4 Thesis Structure . . . . . . . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

1
2
3
5
5

2 Cloud Computing Data Center Infrastructures
2.1 Data Center Servers . . . . . . . . . . . . . . . .
2.2 Power Delivery . . . . . . . . . . . . . . . . . . .
2.3 Cloud Workloads . . . . . . . . . . . . . . . . . .
2.4 Sensors and Actuators . . . . . . . . . . . . . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

7
9
10
12
15

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

3 Power-Performance Tradeoﬀ Management Strategies
19
3.1 Server Consolidation . . . . . . . . . . . . . . . . . . . . . . . .
20
3.2 Server Throttling . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.3 Power Budgeting . . . . . . . . . . . . . . . . . . . . . . . . . .
22
4 Application Performance Aware
4.1 Application Performance . . . .
4.2 Application Cost . . . . . . . .
4.3 Electricity Cost . . . . . . . . .
4.4 Optimization Scopes . . . . . .

Power Budgeting
. . . . . . . . . . . .
. . . . . . . . . . . .
. . . . . . . . . . . .
. . . . . . . . . . . .

5 Summary of Contributions
5.1 Paper I . . . . . . . . . . . . . . .
5.2 Paper II . . . . . . . . . . . . . . .
5.3 Paper III . . . . . . . . . . . . . .
5.4 Paper IV . . . . . . . . . . . . . .
5.5 Paper V . . . . . . . . . . . . . . .
5.6 Paper VI . . . . . . . . . . . . . .
5.7 Limitations . . . . . . . . . . . . .
5.8 Software Artifacts . . . . . . . . .
5.9 Connection to Research Objectives
xi

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

25
.
25
. . 31
.
33
.
34

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

41
43
44
45
46
47
48
49
50
52

Bibliography

55

Paper I

65

Paper II

97

Paper III

133

Paper IV

161

Paper V

179

Paper VI

207

xii

Chapter 1

Introduction
The massive power consumption of data centers is concerning because of its
financial and environmental impact. Data center operators must spend large
amounts of money both to construct power delivery infrastructure capable of
handling the constantly growing demand for computation and to pay for the
electricity needed to power their equipment. Moreover, many data centers are
still supplied with brown energy from polluting sources that generate greenhouse
gas emissions and thus exacerbate climate change. Given the importance and
contemporary relevance of these issues, there is a clear need to control and
minimize the power consumption of data centers.
Because advancements in data center design have greatly improved the power
eﬃciency of cooling and power distribution infrastructures, most of the power
used in modern data centers is consumed by servers. Consequently, this thesis
focuses on improving the power eﬃciency of data centers by adjusting configurations at the application and server levels, and by coordinating optimization
actions across servers within clusters and across entire facilities.
Several strategies for improving the power eﬃciency of data centers have been
proposed. Since servers achieve their highest power eﬃciency at high utilization
levels, one approach is to consolidate the application workload onto the smallest
possible number of physical servers and shut down the empty servers or use them
for other processing tasks. However, shutting down servers or using them for
other purposes may not be an option, for instance when an application requires
all the memory capacity of a cluster, e.g., as in the case of search indexes. Thus,
another approach is to throttle servers with low utilization. Throttling is done
by reducing a server’s power consumption (and thus reducing its performance)
to improve its power proportionality. The third approach, power budgeting,
enforces limits on the power consumption of data center infrastructures. Power
budgeting is commonly used because of the costs of power delivery infrastructures
and the billing models of electricity providers, both of which are highly sensitive
to the data center’s peak power consumption. Therefore, it is in the data
center owner’s interests to keep peak power consumption low while maximizing
1

resource utilization. To achieve such high utilization levels, both the data center
servers and the power delivery infrastructure are commonly oversubscribed by
hosting more applications than they could sustain if all the applications were
running at full speed. Consequently, during high workload situations, power
limits must be enforced to avoid over-utilization.
To ensure that users of cloud applications are satisfied with the quality of
service they receive, a set of non-functional requirements (relating to factors
such as availability, security, and performance) must be met. This thesis focuses
on the tradeoﬀs between power, which is discussed above, and application performance. Application performance can be quantified using application-specific
metrics such as response time or throughput, which capture the timeliness of
service provision. An application’s performance depends on several factors,
including the characteristics of incoming user requests and the quantity and
performance of the computational resources allocated to the application.
Irrespective of the approach used to improve data center power eﬃciency,
substantial reductions in the power consumption of data center servers will
reduce the performance of the data center’s computational resources (e.g., CPU
and memory) and thus aﬀect the performance of hosted applications. However,
delivering high and predictable application performance is a key goal of data
center operators. Therefore, it is crucial for operators to understand and manage
power-performance tradeoﬀs.

1.1

Research Problem and Objectives

This thesis analyzes the power-performance tradeoﬀs in data center servers,
presents models that capture them, and proposes controllers to optimize data
center infrastructures in ways that account for them. The main research problem
investigated in this thesis is that of increasing the power eﬃciency of data center
servers while accounting for power-performance tradeoﬀs.
The overall objective is to find ways of controlling power-performance tradeoﬀs in data center servers by using appropriate configurations at the application,
server, cluster, and data center levels. The main research objectives are:
RO1 To assess the usefulness of various metrics (sensors) and software configuration techniques (actuators) for controlling data center infrastructures.
RO2 To quantify and model the influence of actuators on server power consumption and application performance.
RO3 To develop controllers that optimize the configuration of data center
components to achieve a predefined power-performance goal.
Section 5.9 revisits these research objectives and explains how they were
achieved.
2
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Figure 1.1: Research Onion Diagram.

1.2

Research Methodology

To describe the research methodology adopted in this thesis, we use the Research
Onion model of Saunders et al. [SLT09]. While this model was primarily
developed to structure various aspects of research processes in the field of
business and management, it can be also useful in other fields and serves as
a framework for reflecting on research.
Figure 1.1 shows the Research Onion Diagram. The onion has six layers,
namely (starting from the outer layer): L1: Philosophical Stances, L2: Approaches, L3: Strategies, L4: Choices, L5: Time Horizons, and L6: Techniques
and Procedures. We have adapted the original diagram by removing items
that are irrelevant to the field of computer science in general and this thesis
in particular. Below, we describe how each item in the diagram relates to the
research presented in this thesis.
Our philosophical stance (L1) is a mix of positivism and pragmatism. In accordance with positivism, we believe that knowledge must be built on empirical
evidence. However, our work does not merely involve observing and describing existing phenomena; we also propose improvements to existing solutions.
Therefore, like pragmatists, we look at the practical consequences of our ideas.
In our research, we use both deductive and inductive approaches (L2). An
inductive approach is used, for example, in Paper III, to develop application
power-performance models by first collecting data on the power budgets assigned
to applications and the applications’ performance, and then analyzing those
3

data to model the relationships between these quantities. On the other hand,
we use a deductive approach when we try to explain observed phenomena by
drawing on resources such as our knowledge of computer architecture. For
instance, in Paper II, we first deduce the influence of load balancing strategies
on applications’ tail response time, then formulate hypotheses, and finally test
them by performing experiments and analyzing the results.
We use several diﬀerent research strategies to collect and analyze data
(L3). Usually, we start our research with a case study in which we try to
replicate a system we want to understand or improve. We then perform testbed
experiments that allow us to collect real application performance and power
consumption metrics, and model the relationships between them (RO2). Next,
we apply the Constructive Research strategy (CR) [Crn10], also known as Design
Science Research (DSR) [HKH09]. RO3 was achieved in this way by creating
optimizers and controllers to improve system configuration. These strategies
are oriented towards problem-solving rather than focused on accumulation of
theoretical knowledge. Moreover, we use simulation to evaluate the usability of
proposed solutions on scales larger than those achievable on our testbeds.
The studies included in this thesis use only quantitative research methods to
assess variables such as application performance and server power consumption,
and when comparing system configurations. Therefore, our choice (L4) is
a mono method, i.e. one that uses either quantitative or qualitative data
exclusively.
While time has some impact on our research, it has a less definitive role
than that assumed in the concept of the time horizon (L5) from the research
onion, and also a slightly diﬀerent meaning. On one hand, our experiments
and simulations rarely last longer than a few hours. Various changes in the
environment occur over the timescale of the experiments, but they are not
permanent or even long-lasting. On the other hand, the experiments presented
in this thesis were performed on diﬀerent servers using diﬀerent technologies.
Some of these technologies (e.g. RAPL) have become more widespread recently,
which could be considered to make the work implicitly longitudinal. However,
none of the direct comparisons we conducted focused on diﬀerences related to
changes over time. It thus seems that our research has a primarily cross-sectional
character.
We use multiple research techniques and procedures (L6) for data collection
and analysis. To obtain data from our testbed experiments, we implement
a monitoring framework (for details, see Section 5.8). In Paper II we use
a battery of statistical tests and quantities to verify that diﬀerences between
various settings are statistically significant, including descriptive statistics
(means and standard deviations), the Welch Two Sample t-test, and one-way
analysis of variance for hypothesis testing; Shapiro-Wilk normality tests; and
R2 for regression analyses.
4

1.3

Research Contributions

This section summarizes the research contributions presented in this thesis and
relates them to the research objectives. The specific contributions made by each
included paper are described at greater length in Chapter 5.
To address RO1, we characterized the spectrum of sensors and actuators
available in data centers and proposed taxonomies associating data center events
with sensors to monitor them and actuators to respond to them (in Paper I).
Further investigations into selected actuators are presented in the later papers.
To address RO2, we analyzed the dependence of server power consumption
and application performance on various actuators including DVFS, CPU pinning,
horizontal and vertical scaling (in Paper II); RAPL, CPU quota/period, and
CPU shares (in Paper III); and the percentage of requests served with optional
content (in Paper IV). We also quantified the tradeoﬀs between operational
costs and power budget violations (in Paper V), proposed a way to model
the relationship between the power budget and application performance, and
generated such models for multiple types of cloud applications (in Paper III,
Paper IV, and Paper VI).
To address RO3, we proposed a set of models to quantify the impact of
application performance degradation and electricity consumption on data centers’
operational costs. Based on these models, we formulated optimization problems
for server power capping (in Paper III), cluster power shifting (in Paper V),
and data center power budget adjustment (in Paper VI). We also developed
optimization algorithms and controllers to enforce the optimized configurations:
ALPACA for prioritizing applications on a single server (in Paper III), PowerAware Cloud Brownout for adjusting application computational resource demand
to the available power budget (in Paper IV), and Power Shepherd for cluster
power shifting (in Paper V). Finally, we have implemented an extension to
CloudSim for performing simulations to evaluate and compare various power
budgeting strategies (in Paper VI).

1.4

Thesis Structure

Chapter 2 provides a high-level description of data center components such as
servers, power delivery infrastructure, and types of cloud applications. All these
entities form an environment whose operation is monitored using sensors and
whose configuration is optimized using actuators. Since the amount of electricity
consumed by data centers during their operation is a major concern, Chapter 3
describes various strategies for managing power-performance tradeoﬀs. For each
strategy, we provide an overview of key concepts, challenges, and limitations.
In Chapter 4, we focus on one strategy, power budgeting, and explain how to
extend it with application performance awareness, creating an environment
that supports optimization of power eﬃciency and data center operation costs.
Finally, Chapter 5 summarizes the contributions of the papers forming the
5

thesis, describes the relationships between them, and reviews the limitations of
our approach. The software artifacts developed in connection with the research
work are also described.

6

Chapter 2

Cloud Computing Data
Center Infrastructures
This chapter briefly describes the infrastructure of data centers including IT
equipment, the power delivery infrastructure, and cooling. We also discuss the
power consumption of data centers, its ineﬃciencies and overheads, and the
PUE metric. Next, we review the types of applications that run in data centers.
Finally, we present a list of sensors and actuators used to monitor and control
power-performance tradeoﬀs in data centers.
Data centers consume huge amounts of electricity. In 2014, data centers in
the United States alone consumed 70 billion kWh of energy, enough to power
over six million houses for a year [She+16]. Some estimate that data centers
consume about 3% of the world’s total electricity supply and have the same
carbon footprint as the airline industry (around 2% of total greenhouse gas
emissions) [Baw16]. Consequently, it is very important to improve their power
eﬃciency.
Data center infrastructures consist of three main building blocks:
IT equipment, which provides the actual computational and storage services,
including computing servers, storage nodes, network components, etc.,
Power distribution infrastructure, which supplies power to the IT equipment, including uninterruptible power supplies (UPS), switchgear, generators, power delivery units (PDUs), batteries, etc.,
Cooling infrastructure, which removes the heat produced by the IT equipment, including chillers, computer room air conditioning units, direct
expansion air handler units, pumps, and cooling towers.
Apart from these three main building blocks, data centers need extensive
supporting infrastructure including power grids, Internet connections, buildings,
roads, and oﬃces for staﬀ. However, these factors are outside the scope of this
thesis and therefore not further discussed.
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All of the data center infrastructure building blocks listed above consume
electricity during operation; their summed consumption constitutes the facility’s total energy consumption. Since the ultimate purpose of data center
infrastructures is to provide computational and storage services, the energy
eﬃciency of the infrastructure can be defined as the ratio of the energy used
for computation to the total energy consumption, which includes (among other
things) the overheads of power distribution and cooling [BHR18].
Eﬃciency =

Computation
Total energy

Energy ineﬃciencies occur at various levels of the data center infrastructure,
ranging from the whole building to individual servers and CPUs. At the level
of the whole data center, eﬃciency is usually quantified in terms of the power
usage eﬀectiveness (PUE) [RPC08; TSB06], i.e. the ratio of the power consumed
by the facility as a whole to that consumed by the IT equipment.
PUE =

Data center power
IT equipment power

Ideally, the PUE would be 1, indicating that 100% of the power consumed
by the data center is used for computation and there are no overheads. It is
important to note that PUE measures how much power is used for non-IT
equipment. Therefore, any change that only improved the power eﬃciency of
IT equipment would actually increase a facility’s PUE.
Currently, large state of the art industrial data centers achieve PUE values
between 1.11 and 1.06 [Fac19a; Goo19; Fac19b], depending on the measurement
boundaries (for example, the precise value depends on whether consumption due
to electrical substations and transformers is included in the facility’s total power
consumption). However, most existing data centers are far behind the state
of the art in terms of power eﬃciency. According to a 2018 Uptime Institute
survey covering over 700 data centers of various sizes and geographical locations,
the average PUE for current data centers is 1.58 [Asc18].
Improving power eﬃciency is very important from both financial and environmental perspectives. As shown in Figure 2.1, data center operators have
made great eﬀorts over the last decade to achieve current PUE values, having
started from an industry average of 2.5 in 2007. For example, by applying
DeepMind’s machine learning techniques, Google reduced the amount of energy
used to cool facilities by up to 40% [EG16]. Over the five-year period from
2011 to 2016, Google increased the amount of computing power it gets per unit
energy by a factor of approximately 3.5 [EG16]. Further improvements in PUE
are needed to reduce operating costs and/or increase the power available for
servers. However, such improvements will require substantial eﬀorts from data
center operators, with potentially diminishing returns.
This thesis focuses primarily on computing infrastructure, although power
delivery infrastructure is also addressed to an extent. Therefore, the following
sections describe the components of these infrastructures in more detail.
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Figure 2.1: Changes in the average PUE for data centers of various sizes and
geographical locations over the last decade according to Uptime Institute surveys.
Adapted from [Asc18].

2.1

Data Center Servers

The IT equipment used in data centers consists mainly of low-end servers [BDH03],
primarily because such servers oﬀer greater cost-eﬃciency than, for example,
high-end shared memory systems. Data center servers typically have multiple
CPU cores and hardware support for virtualization, facilitating co-location of
multiple applications on a single server.
In the past, data center servers were far from being energy proportional,
meaning that their power consumption did not vary linearly with CPU utilization
and idle servers consumed significant amounts of power [BH07; Mei+11]. To
address this issue, eﬀorts to improve the energy eﬃciency of data center servers
largely focused on two strategies for physical server resource management: server
consolidation and server throttling. We discuss these approaches in Chapter 3.
However, the characteristics of data center servers have changed over the last
12 years, as shown in Figure 2.2; modern servers are much closer to achieving the
desired energy proportionality. Because cloud data centers usually operate at
low utilization levels, it is useful to compare their energy eﬃciency at utilization
levels of 30% (low utilization) and 100% (full utilization). The typical ratio of
these eﬃciencies has improved dramatically over the last decade, from 0.45 in
2009 to 0.80 in 2018 [BHR18].
Several power consumption models for data center servers have been proposed. The simplest are based only on the total CPU utilization and approximate
the total power consumption by assuming it varies linearly between the idle
and maximum power consumption [BAB12]. More complex models explicitly
account for the CPU frequency and voltage, as well as RAM utilization [TWT16].
In Paper II we propose a power model that considers the number of utilized
CPU cores and the eﬀects of CPU pinning.
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Figure 2.2: Improvement of energy proportionality in Intel servers between 2007
and 2018. Figure from [BHR18].

2.2

Power Delivery

This section describes the power delivery infrastructure that supplies power
to data center servers. We also discuss the hierarchy of the power delivery
infrastructure and the billing models used by power suppliers, both of which
reveal opportunities for optimizing power usage. This thesis does not make any
contributions in the field of power delivery infrastructure, but considerations
relating to power infrastructure are among the major motivations for the power
budgeting approach and the research presented in Papers III–VI. We therefore
briefly review this topic for the sake of completeness and as background for
these papers.
A data center’s power delivery infrastructure is a complex and expensive
system whose cost depends on its peak power delivery capacity [FWB07]. The
construction of the power delivery infrastructure represents one of the largest
capital expenses involved in data center construction; together with the cooling
system, the power infrastructure accounts for approximately 60–80% of the
total construction cost [BHR18].
The power delivery infrastructures of most commercial data centers are
designed to provide high availability. Their design includes redundant components and avoids single points of failure. A typical power delivery infrastructure
consists of the following building blocks:
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Substation. Because data centers consume a lot of power, they are connected
to electrical grids via individual high voltage transmission lines (typically
110 kV and above). However, the power delivery equipment inside data
centers operates at a lower voltage (typically below 1 kV). Therefore,
the electricity is transformed from high to low voltage in the substations.
Sometimes two transformation steps are used, with an intermediate voltage
(typically below 50 kV) between the primary utility substation and unit
substations distributed within the facility.
Power generator. Longer-term power back-up in case of mains electricity
failure is provided by emergency generators, which are usually powered
with diesel fuel. However, alternatives running on natural gas and liquid
propane also exist [Gen19]. Generators need 10 to 15 seconds to reach
their full power output.
Automatic transfer switch (ATS). ATS switches the power source between
the main power network and the emergency power generator. The output
lines from the ATS are routed to power distribution units via static transfer
switches. Power is supplied via two independent routes to increase fault
tolerance.
Uninterruptible power supply (UPS). The UPS conditions the power feed
and provides a short-term back-up in case of utility outage before the
generators achieve their full power. Power conditioning is usually achieved
by double conversion between alternating current (AC) and direct current
(DC). Power back-up is provided by an energy storage system, which may
be electrical (batteries) or mechanical (a flywheel). UPSs are placed on
independent routes between the ATS and static transfer switches.
Power distribution unit (PDU). The PDU is a component at the bottom
of the power delivery infrastructure hierarchy; it performs the final transformation of the voltage to the value needed by servers and network
equipment. Racks of servers are powered directly from the PDUs. PDUs
also provide power consumption monitoring capabilities.
Static transfer switch (STS). Each PDU is coupled with an STS that provides redundancy by accepting two independent power routes with connections to two diﬀerent UPSs. Therefore the failure of a single route or
UPS will not interrupt the power supply to the servers connected to the
coupled PDU.
More detailed descriptions of power delivery infrastructures are provided
in [BHR18; FWB07].
Each component of the power delivery infrastructure has a limited power
capacity—the maximum power consumption that it can handle. The power
delivery infrastructure of a data center forms a hierarchy with the IT equipment
at the bottom and the utility substation at the top. To function properly,
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each component of the hierarchy must be able to handle the aggregated power
consumption of all components below it. The intuitive way to achieve that
would be to take information from the nameplate ratings1 of IT equipment
and propagate it to the top of hierarchy. However, nameplate values are very
conservative because they are intended to be taken as upper limits that will not
be exceeded. Accordingly, some studies have found that the actual maximum
achievable power consumption of a server was below 60% of its nameplate
value [FWB07]. For a discussion of misconceptions regarding nameplate ratings,
see [Bea+09]. Together with the variable loads of data centers, over-reliance
on nameplate data commonly results in underutilization of power delivery
infrastructure.
According to a study from 2007 [FWB07], the power consumption of a Google
data center is 52–72% of the peak power at the cluster level (5 000 servers).
The corresponding ranges for a PDU (800 servers) and a rack (40 servers) are
48–77% and 45–93%, respectively. Consequently, such a data center could
potentially host 39% more servers with its existing power delivery infrastructure
or could have been built with a less powerful (and thus cheaper) power delivery
infrastructure.
To mitigate the problem of underutilized power delivery infrastructure, data
center owners have begun accounting for typical power utilization ranges and
oversubscribing their power delivery infrastructure. For example, at Facebook
data centers, power is oversubscribed at every level of the power delivery
hierarchy [Wu+16].
Another important factor that aﬀects the desired power usage of data centers
is the electricity provider’s billing model. The total cost of electricity usually
depends on both the total energy consumed over the billing period (measured
in watt hours) and the peak power (measured in watts). The peak power factor
can become a substantial part of the final bill, accounting for up to 40% of the
total [GSU11]. Thus, when faced with high workloads that may increase the
maximum peak power, data center operators must choose between (a) running
all servers at full speed but increasing the electricity bill, or (b) throttling the
servers to avoid raising the maximum peak power but violating users’ service
level agreements (SLAs).

2.3

Cloud Workloads

We now shift our attention towards applications running in cloud data centers.
The characteristics of these applications and their performance metrics define
the performance dimension of the power-performance tradeoﬀs discussed in this
thesis.
1 The nameplate is a marking indicating a component’s compliance with safety standards;
it specifies the component’s rated input voltage and amperage, which can be used to calculate
its theoretical maximum power consumption.
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Cloud data centers host a variety of applications with extremely diﬀerent
resource needs, objectives, performance metrics and targets. Some applications
handle requests from users that require an immediate response to provide
a seamless experience, while others perform background computations with
much less strict latency demands. Nevertheless, some common application
types can be distinguished to facilitate optimization of their configuration.
Moreover, there are multiple ways to deploy applications in clouds, which can
influence the actuation techniques that can be used to optimize the data center’s
configuration.
Below we present a non-exhaustive list of cloud workload types focusing on
two aspects that aﬀect the management of power-performance tradeoﬀs: the
application’s interactivity level and the deployment model. Additionally, we describe some properties of applications that support these kinds of optimizations.

Interactivity level
One of the most important characteristics of applications hosted in cloud data
centers is their interactivity level—how much direct interaction with human
users they have. This largely determines their latency sensitivity, i.e. the extent
to which their quality of service depends on the response time to requests
generated by human interactions. Applications can be divided into two classes
based on their interactivity levels:
Latency-sensitive services. These are user-facing interactive applications
that must satisfy very strict response time requirements to give human
users a seamless experience without noticeable delays during interactions.
Popular latency-sensitive services deployed in cloud data centers include
web search engines (e.g., Google Search), audio and video streaming
services (e.g., Spotify and Netflix), and social media platforms (e.g.,
Facebook).
Batch jobs. These are non-interactive applications that are usually expected to
take significant time to generate results. Consequently, their performance
is not evaluated in terms of latency. However, they may still have to
meet execution time requirements, for example in the form of deadlines.
Notable cloud batch processing applications include the Apache big data
ecosystem (e.g., Hadoop, Spark, Hive, Flink), machine learning platforms
(e.g., Amazon SageMaker, Google Cloud AI, Microsoft Azure AI), and
legacy High Performance Computing (HPC) applications.
In our research, we have used both latency-sensitive applications (MediaWiki,
Web Search, and Sock Shop) and batch jobs (SysBench) to study various
actuators and evaluate proposed optimizations.

Deployment model
Below, we describe popular deployment models and some related technologies.
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Bare metal. This is the traditional (pre-cloud era) way of deploying applications without any form of virtualization. Often the whole physical server
is used by a single tenant who is both the user of the server and the
application owner. Co-located applications share all the resources of the
physical server including the operating system. Therefore, co-location is
only possible for applications with non-conflicting runtime requirements.
Virtual machines. Virtual machines emulate physical servers and allow colocation of applications with conflicting requirements, e.g. regarding the
operating system, on a single physical server. A virtual machine encapsulates an application’s code and dependencies as well as the operating
system. This deployment model provides a high level of isolation between
co-located applications at the cost of potentially higher overheads. Popular
virtualization technologies include KVM, Xen, VMware, and Hyper-V.
Containers. Containers are another way of packaging software including the
application’s code and its dependencies. They are more lightweight than
virtual machines because they do not include an operating system—all
containers running on a single server share the host operating system.
Currently, the most popular container engine is Docker.
Containers are an enabling technology for microservices, a software development technique whereby applications are structured as sets of loosely
coupled collaborating services. To facilitate deployment of microservices,
orchestrators such as Docker Swarm and Kubernetes (K8s) are commonly
used to manage interconnections and interactions between individual
containers.
This thesis is based on studies that utilized all the deployment models listed
above: SysBench as a bare metal deployment, MediaWiki and RUBiS running in
virtual machines, and Web Search and Sock Shop deployed in Docker containers;
Sock Shop is an application structured as a set of microservices.

Elastic Applications
The usefulness of application-aware power budgeting techniques depends strongly
on the ability of the whole system, including both hardware and software, to
adapt to dynamic changes in power limits and the associated constraints on
computational resource availability and performance. Therefore, applications
should ideally be able to handle reductions in CPU frequency or the number of
assigned CPU cores while still producing results that are useful to their users.
Applications with optional content. The functionalities of many interactive cloud applications can be divided into two categories: mandatory
functions that are crucial for users and optional functions that are nice to
have but can be skipped if necessary. If host resource availability is reduced, the response to some user requests can be limited to the mandatory
part to provide acceptable latency.
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Malleable jobs. In the category of HPC applications, good candidates for
supporting power-performance tradeoﬀ management are malleable jobs,
i.e. batch workloads that permit dynamic allocation and deallocation of
resources at runtime.
Paper IV describes the use of an adapted version of RUBiS (Rice University
Bidding System) [OW2+99], in which the percentage of requests served with
optional content (recommendations of other products that may be of interest to
the user) can be adjusted to match the availability of computational resources.
Having discussed the building blocks of data centers and the characteristics
of servers, power delivery infrastructure, workloads, and cloud applications, we
now focus on ways of dynamically adjusting a data center’s configuration.

2.4

Sensors and Actuators

This section describes various monitored metrics (sensor data) and management
actions (actuators) used to control power-performance tradeoﬀs in data centers.
To understand, model, and control power-performance tradeoﬀs, we must
monitor several metrics relating to applications and the physical status of the
data center’s infrastructure. The application metrics can be used to quantify
performance levels and to determine permissible power-performance tradeoﬀs
based on their inclusion in SLA definitions and the penalties for SLA violations.
For example, an SLA may dictate that the average response time for an application must be below a defined threshold and that the data center operator must
compensate the application owner if the threshold is exceeded. We discuss this
issue further in Section 4.2. The metrics used in this thesis are listed below.
Response time. For many interactive applications, such as Google Search, it
is very important that users’ requests are served quickly. Here, response
time means the time that elapses between a client sending a request and
receiving a response. When characterizing an application’s performance
and aggregating the response times of multiple requests, we distinguish
between the average and tail response time. The average response time
is typically defined as the arithmetic mean of all successfully processed
requests, while the tail response time is defined based on the 95th or 99th
percentile of all successfully processed requests.
Throughput. If an application is supposed to be used by many concurrent
users, an important parameter is the number of requests the application
can serve per unit time. Some of the batch jobs may be even considered
throughput critical. Here we define the maximum throughput as the
maximum number of application requests served per unit time.
Goodput. If the application is both interactive and accessed by many concurrent users, an essential parameter is the number of requests that can
be handled per unit time while maintaining an acceptable response time.
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Here we define the maximum goodput as the maximum number of requests
served successfully per second while maintaining a response time below
an application-specific threshold (e.g., 2 seconds).
Power consumption. Power consumption is measured at two levels in the
studies included in this thesis: the whole server and CPU levels. We define
the server power consumption as the total power consumption of a physical
server measured at a power socket. The CPU power consumption is defined
as the power consumption measured by the RAPL module [Dav+10]. In
Paper III, we show that the total power consumption diﬀers from the CPU
power consumption by a simple constant oﬀset. The power consumption
of IT equipment can also be measured at the aggregated levels of rack,
PDU, cluster, or whole data center.
In this thesis we evaluate the utility of multiple actuators that can be used
to control power-performance tradeoﬀs. The most important of these actuators
are briefly described below. A comprehensive list of data center sensors and
actuators is presented in Paper I, while Papers II, III, and IV evaluate the
power-performance tradeoﬀs for a subset of them.
Dynamic voltage frequency scaling (DVFS). DVFS changes the operating frequency and voltage of CPUs to adjust the performance capabilities
and power consumption of a physical server [QM11]. The performance
capabilities are determined by the CPU frequency, while the power consumption of a CPU depends on both the frequency and the voltage (with
voltage having a bigger impact). Each CPU frequency has an appropriate
voltage level, and a change of CPU frequency causes a simultaneous change
in voltage. For multi-core processors with a single voltage regulator, the
appropriate voltage is that required to support the highest CPU frequency
of any core at the given time. When we discuss scaling the CPU frequency
in this thesis, we implicitly refer to changing both the frequency and the
voltage of the CPU.
Running average power limit (RAPL). RAPL [Dav+10] makes it possible to monitor and control the power consumption of CPU sockets and
DRAM. RAPL uses a software power model that estimates energy usage
based on hardware performance counters and I/O models. Control is
exerted by setting a limit on the average power consumption over a userdefined period. The eﬀectiveness of RAPL at controlling server power
consumption and its influence on the performance of hosted applications
was evaluated by Zhang and Hoﬀmann [ZH15], who showed that RAPL
achieves good stability, high accuracy, and has a low settling time (defined
as the time needed for the power consumption to reach and stay close to
the desired power budget). However, RAPL can have issues with high
maximum overshoot (the actual power consumption can initially exceed
the given power limit) and eﬃciency at low power limits.
16

CPU pinning. CPU pinning defines the set of CPU cores that each thread
(virtual machine) can run on. Pinning can be used to limit the number of
CPU cores used by applications in order to reduce power consumption or
increase the isolation between co-located applications. By consolidating
virtual CPUs on a limited number of physical CPU cores, CPU pinning
allows some unused parts of the CPU to enter sleep mode and thereby
reduces power consumption. Isolation can be achieved by pinning diﬀerent
applications to diﬀerent CPU cores (and possibly separate NUMA nodes)
to avoid contention for shared resources (e.g., memory bandwidth or last
level cache). Podzimek et al. analyzed the eﬀect of CPU pinning on
performance interference and energy eﬃciency for co-located workloads
and found that the best setting depends on the CPU load [Pod+15].
Control groups (cgroups). Using cgroups, one can allocate an arbitrary
amount of resources (e.g., CPU time, system memory, or network bandwidth) to a collection of processes, including virtual machines. For example,
cgroups could be used to define quotas of CPU scheduling time to increase
isolation between co-located applications. This makes it possible to throttle applications that do not need resources at a particular point in time
or that have lower priority, giving extra CPU time to other applications
with greater demands. In our work we mainly use the Linux Completely
Fair Scheduler (CFS) parameters: a CPU quota/period pair that enforces
hard limits on CPU time and CPU shares that serve as soft constraints
resulting in prioritization relative to other co-located applications.
Vertical scaling. Vertical scaling changes the amount of resources assigned to
an application instance. It enables fine-grained adjustment of the number
of virtual CPUs and the RAM size of an instance. The main limitation of
vertical scaling is the lack of support for several hypervisor actions during
virtual machine runtime, e.g., virtual CPU scaling in KVM. Moreover
vertical scaling does not permit upscaling above the capacity of the hosting
server.
Horizontal scaling. Horizontal scaling changes the number of application
instances running concurrently. It is not constrained by the host server’s
capacity because new instances can be deployed on other physical machines.
The main limitation of horizontal scaling, especially when virtual machines
are used for application deployment, is that it takes a relatively long time
to spawn a new instance because of the need to start an operating system
as well as the application itself. Horizontal scaling is also relatively
coarse-grained because it requires the deployment or destruction of an
entire virtual machine or container to change an application’s computing
capabilities.
Initial placement. Initial placement is the process of deploying application
instances on servers. Initial placement is used for newly admitted services
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and for scale outs—deploying new instances of already running services
due to horizontal scaling controller decisions. The placement process has
two phases: first, a server on which the instance will run, called the host,
is chosen; second, the instance is deployed on the host. Initial placement
techniques for virtual machine are described in detail in Paper I.
Migration. Migration moves application instance from one host to another.
This action is useful for data center maintenance actions that require
physical machines to be restarted or powered down. Migrations can also
be used to optimize the placement of application instances, for example in
the server consolidation approach (see Section 3.1). Like initial placement,
migration involves two steps: choosing the new host and the actual transfer
of the application instance. When applications are deployed inside virtual
machines, live virtual migration enables data center operators to transfer
virtual machines between servers without interrupting services that the
virtual machines provide. Virtual machine migration techniques are
discussed in more detail in Paper I. For an in-depth comparison of various
approaches to live migration, we recommend [Svä+15].
Application level throttling. Some applications may be implemented in
a way that enables them to adapt their execution to the limited amount of
available resources, e.g., applications with optional content as discussed in
Section 2.3. By adjusting the percentage of requests served with optional
content, one can control both the computational resource needs of an
application and its performance. In Paper IV, we propose a method for
using application level throttling to manage power-performance tradeoﬀs.
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Chapter 3

Power-Performance
Tradeoﬀ Management
Strategies
Building on the preceding chapter’s descriptions of the various components
of data center infrastructures, this chapter focuses on ways of improving the
power eﬃciency of the components with the greatest power consumption: the
servers. We compare three management strategies: server consolidation, server
throttling, and power budgeting. For each strategy, we briefly outline the core
concepts, specify the technologies and data center actuators that enable its
implementation, review relevant research, and discuss the associated challenges
and limitations. Table 3.1 compares the three strategies with respect to their
optimization goals and constraints, and the actuators they typically rely on.
The sections below discuss each strategy in detail.
Other researchers have presented ways of classifying techniques for improving
data center power eﬃciency. Orgerie et al. [OAL14] consider three levels at
which various techniques can be applied, namely the node (e.g., DVFS and sleep
state), infrastructure (e.g., workload consolidation and task scheduling), and
virtualized environment (e.g., virtual machine migration) levels. This chapter
discusses more general approaches that combine techniques implemented at
multiple levels to achieve a common goal. Ge et al. [GSW13] distinguish between
four general power-saving strategies: energy proportional computing, dynamic
provisioning, virtualization, and power capping and shifting. The classification
proposed in this thesis is similar, diﬀering mainly in that dynamic provisioning
and virtualization are grouped into a single category: server consolidation.
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Table 3.1: A comparison of power-performance tradeoﬀ management strategies
for cloud computing data centers, showing their typical goals and constraints of
optimization as well as commonly used actuators.
Strategy

Optimization goal

Constraints

Actuators

Server
consolidation

Minimize
power/energy consumption of a cluster

Application performance requirements

VM placement and
migration, suspending servers

Server
throttling

Minimize
power/energy consumption of a server

Application performance requirements

DVFS, CPU pinning

Power
budgeting

Minimize operational
costs (electricity +
QoS)

Maximum power
consumption

DVFS,
RAPL,
power shifting

3.1

Server Consolidation

In principle, server consolidation aims to reduce the number of servers used to
host a workload by co-locating applications. This allows some servers to be put
into power saving mode or powered down while the rest run at high utilization
levels, which is more energy eﬃcient than operating at lower utilization. However,
server consolidation has several limitations. First, server consolidation in a data
center with dynamic workloads involves migrating virtual machines between
servers to reconsolidate the workload onto a minimal subset of servers. Virtual
machine migrations are costly—they increase the power consumption of the
servers involved in the operation [Hua+11; Jeo+13; Liu+11], negatively impact
application performance during the migration time [Liu+11; Voo+09], and
increase the utilization of physical resources during the migration [Jeo+13].
Second, powering down physical servers may be impossible because hosted
applications may need the resources of a whole cluster to work properly (e.g.,
memory in the case of Google search [Lo+14]).
The server consolidation approach relies on several data center actuators.
Virtual machine migration can be used to fit all the running virtual machines
onto a minimal number of servers. The empty servers can then be powered
down to eliminate their idle power consumption, or used for other processing
tasks. Virtual machine placement algorithms are also needed to determine the
location of newly spawned virtual machines and fit them onto already powered
up servers. Finally, techniques such as CPU pinning or cgroups may be used to
isolate co-located virtual machines and improve their performance.
The goal of server consolidation, to run the whole workload on the smallest
possible number of servers, is conceptually straightforward but complex to
achieve. The problem of identifying the virtual machine placement that minimizes the number of hosts can be modeled as a (vector) bin packing problem,
which is known to be NP-hard [CGJ97]. Therefore many heuristic algorithms
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have been proposed that tackle the problem in a greedy way by fitting virtual
machines sequentially, starting with the largest, which is intuitively the hardest
to fit. Notable algorithms of this type include First Fit Decreasing (FFD) and
Best Fit Decreasing (BFD) [Mus+15]. The FFD algorithm was analyzed rigorously and shown to provide solutions that are not worse than 11/9 OPT + 6/9,
where OPT is the optimal solution [Dós07]. Beloglazov and Buyya proposed
a solution that combines a Modified Best Fit Decreasing (MBFD) algorithm with
utilization thresholds to achieve high utilization of data center infrastructure
and low performance degradation [BB10]. When dealing with multi-dimensional
problems such as those that occur when CPU, memory, storage, and network
utilization are all considered, optimization becomes even more complex. In the
CACTOS project [Öst+14], we proposed several placement and replacement
algorithms, including methods based on constraint programming [Krz+15].
There are still several open challenges in server consolidation that remain
to be solved by researchers. Notably, resource fragmentation and stranding
phenomena that limit resource utilization must be addressed [VKW14]. Fragmentation occurs when the available resources are spread among several servers
but no individual server has enough free resources to host a new service. On
the other hand, resources are stranded when there are suﬃcient free resources
of one type on a single server but not enough of some other resource (e.g.,
when there is ample available memory but no free CPU cores). Jennings and
Stadler [JS15] have also shown that predictable performance remains an issue for
applications hosted in data centers because of factors such as resource contention
and infrastructural heterogeneity, and that virtualization can exacerbate this
issue. Mann, on the other hand, suggests further investigation of co-location interference and noisy neighbor eﬀects [Man15]. Finally, most researchers working
in this area have focused on optimizing the placement of independent virtual
machines, but it should be noted that real applications have many connected
and interdependent components.

3.2

Server Throttling

Server throttling involves reducing the power consumption of an individual
server at the cost of computational performance. It is used when the server is
at a low utilization level, and can therefore be used in conjunction with server
consolidation to some extent.
Many techniques (actuators) have been used to throttle the power consumption of data center servers, including Dynamic Frequency Scaling [Gan+09b],
DVFS [Kan+14], idle states [MGW09], and CPU pinning [Pod+15]. However, these techniques have indirect eﬀects on both performance and power
consumption, making simultaneous control of both parameters a complex task.
The limitations of server throttling are connected to the lack of energy
proportionality in data center servers and the diﬃculty of ensuring adequate
performance. General application-agnostic solutions using idle states and DVFS
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cannot provide satisfactory power savings with acceptable performance degradation [Kan+14]. Moreover, Lo et al. showed that controlling the performance
of latency-critical workloads based on CPU utilization monitoring alone is
ineﬀective, and proposed a feedback-based system that observes the application
response time and compares it to a target value [Lo+14]. They also concluded
that p-state power management—changing the frequency and voltage of CPU
cores during operation—is insuﬃciently fine-grained.
The most important challenges concerning server throttling that require
investigation are those relating to power-performance tradeoﬀs. There is still
a lack of models describing the relationship between server configurations and
application performance that can be used to optimize multiple co-located applications. Moreover, Mann points out that it is important to investigate
how server throttling techniques interact with virtual machine placement algorithms [Man15].

3.3

Power Budgeting

Power budgeting involves minimizing the capital and operational expenditures
of data canter operators by planning and controlling power usage at all stages
of a data center’s lifetime. This approach exploits knowledge of typical server
utilization patterns, the properties of power delivery infrastructures, the billing
models of electricity providers, and the ability of modern servers to throttle
their power consumption. The main diﬀerence between power budgeting and
the two previous approaches is that it treats power consumption as a constraint
rather than a parameter to minimize.
As noted in Section 2.2, the power delivery infrastructure is one of the most
expensive components of a data center, its cost depends on its peak delivery
capacity, and it is underutilized most of the time. Based on these observations,
a power budgeting approach has been proposed [FWB07; LWW08]. In this
approach, data centers are designed with power delivery infrastructures whose
capacity is lower than their theoretical maximum consumption. Instead of being
prepared to handle a theoretical maximum peak power consumption, the power
delivery infrastructure can handle only a high data center power consumption,
where the consumption limit is chosen to be suﬃcient in most cases. This
substantially reduces the cost of constructing the infrastructure. Moreover, by
using power budgeting, the data center operators can control the total peak
power consumption, which has a big impact on the electricity bill.
A power budgeting approach typically utilizes two techniques: power capping and power shifting. Power shifting is used to distribute a total power
consumption limit over a group of controlled servers. Then, on each individual
server, power capping is used to enforce the local power quota. For example,
the power budgeting controller may decide to assign higher power limits to
servers hosting high priority services. To achieve that without exceeding the
whole cluster’s power budget, the power consumption of other servers must
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be reduced. Therefore, power capping would be used to throttle the power
consumption of severs hosting low-priority services.
Many actuators such as DVFS and CPU pinning can be used for power
capping, but they have a major drawback in that they do not limit power
consumption directly. More recently, RAPL has been introduced to directly
control the power consumption of servers. RAPL ensures that the power
consumption limit is enforced, which reduces the complexity of control compared
to alternative actuators that indirectly aﬀect both power and performance.
Researchers have examined the problem of power budgeting at various
levels of data center infrastructure, including the single server [Coc+11; HM14;
Kom+13; LWW08; Liu+16; ZH16], rack [Ran+06; WCF10], cluster [WW11],
and whole data center [FF05; Wan+12; Wu+16] levels. Further analysis of
recent research concerning power budgeting is provided in related work sections
of Papers III–VI.
The main current challenges for the power budgeting approach generally
arise from the relationship between the power budget assigned to a server
and the performance of hosted applications. The main limitation of power
budgeting using RAPL is that power limits are set for whole CPU sockets and
not individually for each application. This particularly aﬀects multi-tier services
that are spread over multiple servers.
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Chapter 4

Application Performance
Aware Power Budgeting
Application performance aware power budgeting is the main focus of this
thesis. Most of the contributions made in this work, namely those presented in
Papers III–VI, relate to this topic. Therefore, this chapter introduces the main
concepts and challenges of application performance aware power budgeting, and
discusses ways in which it could be achieved.

4.1

Application Performance

Application performance degradation is an inevitable consequence of throttling the power consumption of highly utilized servers. The actual degree of
performance degradation varies between applications and also depends on the
application performance metric that is used. Moreover, diﬀerent applications
may be valued diﬀerently by the data center operator. Therefore, operators may
decide to prioritize one group of applications over another when the available
power is insuﬃcient to run them all at full speed. In practice, application
prioritization can be implemented at one of three granularity levels: server,
application, and partial application QoS degradation.
Traditionally, the ranking of applications is determined by the data center
operator using static priorities assigned to applications. To facilitate management, servers are also diﬀerentiated into priority groups, and the application
placement mechanism assigns applications with high priorities to high priority
servers. Then, when a power budgeting incident occurs, power is directed
towards servers with higher priorities first. Lower priority servers are only
allocated power after high priority servers have been allocated suﬃcient power
to ensure that the high priority applications achieve the target performance
level.
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Alternatively, applications with diﬀerent priorities can be mixed on individual
servers. In such cases, prioritization techniques provided by an operating system
scheduler, such as CPU quotas or CPU shares in Linux CFS, can be used to
rank hosted applications in order to minimize the performance degradation
of the most important ones. As before, applications with the highest priority
will be allocated whatever resources they need first, before any resources are
assigned to applications with lower priority.
The third approach, which is even more fine-grained, involves degrading the
QoS of all hosted applications to some extent, unlike the other two approaches
in which the performance of high priority applications will never be degraded
before throttling all applications from lower priority groups. This last approach
was adopted in the research presented here.
To make power budgeting techniques such as power capping or power shifting
aware of application performance, an application performance model is needed to
capture the relationship between the power budget and application performance.
Such a model could have suﬃcient predictive capabilities to provide reliable
estimates of an application’s performance under a modified power budget.
Alternatively, one may use a reactive model that identifies actions that can be
taken to improve (or degrade) an application’s performance. Either type of
model could be used to optimize the configuration of data center infrastructures,
including applications and servers.
Below, we describe the application-performance-aware management and
modeling approaches used in this thesis, as well as other alternatives that
have been presented in the literature. Management approaches diﬀer in the
inputs they use to control power-performance tradeoﬀs and the way in which
changes are enacted. Additionally, modeling approaches vary in their complexity
and the coverage of internal relationships between the hardware and software
components aﬀected by power budgeting.

Management Approaches
Management approaches are defined in large part by the inputs that they use
for decision making. Several inputs can be used to manage a controlled system,
including direct feedback from applications, application-specific models captured
oﬄine, application-agnostic feedback from hardware, or a combination of these
inputs. Table 4.1 summarizes the diﬀerences between management approaches
using three basic inputs. Below, we describe each approach in detail.
Application Performance Feedback
An intuitive and straight-forward way of achieving application performance
awareness is to expose application performance metrics to a power budgeting
controller during the application’s runtime. Then, based on the observed metrics,
the controller can make on-line adjustments of the application’s assigned power
consumption limit.
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Table 4.1: A comparison of inputs used for decision making, showing their
requirements, advantages, and limitations
Input

Requirements

Advantages

Limitations

Application
performance
feedback
(online)

Application performance metrics constantly exposed

Robust to new application mixes and
workload levels

Not applicable to
some
application
types

Application
models
(oﬄine)

Benchmarking
applications beforehand

Applicable to all
types of application
without any modifications

Prediction quality
aﬀected by interference
due
to
co-located applications

Hardware
performance
counters
(online)

Hardware and software support for
monitoring performance counters at
the process level

Non-intrusive monitoring applicable
to all application
types

Hard to distinguish
between ideal and
slightly
degraded
application performance

Control theoretical approaches can be used to model the relationship between
the performance metric and the power limit, and to control the performance
metric in a predictable manner. The advantage of using feedback is that it
is robust to variation in the application’s behavior and can sustain a desired
state in the presence of external noise such as interference due to co-located
applications.
The main limitations of the feedback approach stem from the need for
constant exposure of application performance metrics. First, it might be
impossible to provide performance metrics for certain application types on
a continuous basis. For example, some batch jobs cannot provide reliable
progress information until completed. Second, some application owners might
be afraid to expose performance metrics during runtime for fear of revealing
business-critical information. Third, this approach requires a high level of trust
between the infrastructure provider and the application owner. The application
owner could potentially abuse their performance feedback to obtain a higher
priority by pretending to be adversely aﬀected by power budget reductions even
when their application is not actually suﬀering any performance degradation.
We employ the application performance feedback approach in Paper IV,
which describes the use of a cascade controller to manage a power-performance
tradeoﬀ for an application with optional content.
Application Models
The second approach uses power-performance models as an input to predict application performance under a given power budget. It requires power-performance
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models for hosted applications to be captured oﬄine in advance, during a benchmarking phase, and used for optimization during the application’s runtime.
Application models are applicable to all kinds of applications, irrespective of
the chosen performance metric. During benchmarking, at the end of each run,
the application itself (or a script initiating the application’s execution) must
produce a measured value of the performance metric, which is then associated
with the power budget used during that run. By repeating runs at various
power budget levels, one can approximate the relationship between the power
budget and application performance. This relationship can then be modeled
more accurately by fitting an appropriate function to the measured data points.
Models created in this way can be used to predict performance under power
budgets that were not examined during the benchmarking phase.
Power-performance models are usually generated separately for each application running in isolation. This reduces the number of configurations that must
be evaluated in the benchmarking phase. However, it could reduce the quality
of subsequent predictions, which may be significantly aﬀected by interference
due to the co-location of applications at runtime.
Moreover, most application models depend on the workload level. This
means that during the benchmarking phase, applications should be tested at
a range of workload levels corresponding to the range expected at runtime.
Therefore, this approach incurs a high modeling overhead.
We employ the application model approach in Paper III, in which we propose
ALPACA models. This approach is also applied to power shifting in Paper V,
and in large-scale simulations in Paper VI.
Hardware Performance Counters
The third approach involves hardware performance counters—a set of specialpurpose registers that can be used to analyze the performance of a whole
computer system or selected processes. This approach requires that both
the hardware and the operating system support the collection of hardware
performance counter data at the appropriate level (process, container, or virtual
machine).
An advantage of using hardware performance counters is that their monitoring is non-intrusive and requires no modification of applications. Moreover, it
can be applied to any type of application.
The limitations of this approach stem from its hardware and operating
system dependence (not all processor models and operating systems support
the collection of performance counters at all levels of granularity), as well as
the diﬃculty of translating the counters’ output into application performance
metrics.
We conducted an initial investigation into the applicability of hardware
performance counters, focusing on the Top-Down method [Yas14], while working
on a possible extension of Paper III. Unfortunately, the results obtained were
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not good enough to warrant further use of this approach to manage powerperformance tradeoﬀs in a runtime environment.
Hybrid Approaches
Some of the approaches described above could potentially be combined to avoid
the limitations of single input approaches. For example, one could try to create
a hardware performance counter profile of an application oﬄine, during the
benchmarking phase, capturing the relationship between the output of hardware
performance counters and selected application performance metrics. Later,
during the runtime phase, the monitored output of the hardware performance
counters could be compared to the profiles to make on-line inferences about
current application performance without needing to expose application metrics.

Modeling Approaches
Modeling the performance of applications, and that of computer systems in
general, is an important and widely studied problem [Jai91]. Several diﬀerent
approaches have been proposed for analytical modeling [Tay18], including
queuing theory [Har13] and Petri nets [Mol82].
The relationship between a server’s power budget and the performance of
a hosted application is indirect: the power budget aﬀects the performance of
computing resources (because it governs variables such as the CPU voltage
and frequency), and the performance of computing resources influences that
of hosted applications. Therefore, this relationship can be modeled in two
ways: by constructing a complex model that links power-resource and resourceapplication performance models, or by constructing a simple model that tries
to directly capture the compound relationship between power and application
performance.
Linking Power-Resources and Resources-Performance Relationships
This complex strategy can be regarded as a white-box approach in which a causeeﬀect chain of phenomena occurring within the server is modeled, as shown in
Figure 4.1.
server
Pbudget

Power-Resource
Model

Rserver

Resource-Performance
Model

papp

Figure 4.1: The complex approach: modeling the relationship between the
server power budget and application performance by linking a power-resource
model to a resource-performance model.
The first model has to capture the influence of the server power budget,
server
Pbudget
, on the amount and performance of computational resources, Rserver ,
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Figure 4.2: Relationship between the RAPL power budget and the CPU frequency, showing both actual measurements and fitted
linear and
quadratic
models.

such as CPU, memory, network performance, and so on. While working on
Paper VI, we investigated the relationship between the RAPL power budget
and the CPU frequency. This relationship was modeled to enable the simulation
of hardware performance and its influence on application execution time using
existing CloudSim capabilities.
Figure 4.2 shows the relationship between the RAPL power budget given to
a package (a CPU socket and the associated DRAM) and the CPU frequency
set by the RAPL controller. The operational range of RAPL for a fully utilized
server (12 cores at 100% CPU utilization) is between 18 and 36 W, which
corresponds to CPU frequencies between 180 MHz and 2.4 GHz. The blue
and red lines show, respectively, linear and quadratic regression models of
the relationship between the CPU frequency and the power budget over the
RAPL operational range. Although the linear model has a high adjusted R2 of
0.97, indicating a good fit, it systematically over- and under-predicts the CPU
frequency at diﬀerent points along the curve. The quadratic model explains
the variation of the CPU frequency better (its adjusted R2 is 0.99), and its
residuals are smaller and more evenly spread along the curve.
To complete the complex approach depicted in Figure 4.1, we require a second
model that captures the dependence of application performance, papp , on the
amount of computational resources and their performance, Rserver . The default
CloudSim model used in Paper V assumes that the relationship between CPU
frequency and application execution time is linear. However, this approach did
not yield acceptably precise execution time predictions. Instead, we found that
the relationship between CPU frequency and application performance is not
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so simple, and may require some kind of black-box modeling to be adequately
described.
Direct Power-Performance Relation
When models translating the amount and performance of computational resources into application performance are unavailable for the hosted applications
or not readily generated, one can instead capture a model of the direct relationserver
ship between the server power budget, Pbudget
, and application performance,
papp . A method using a simple model of this kind, as depicted in Figure 4.3,
can be regarded as a black-box approach because it conceals the internal details
of the phenomena governing computational resources in power-limited servers.
Power-Performance
Model

server
Pbudget

papp

Figure 4.3: The direct approach to modeling the relationship between the server
power budget and application performance.

Performance [%]
0
40 80

We have modeled the performance of various application types using this
approach and used the resulting models to incorporate application performance
awareness into power budgeting techniques. Figure 4.4 shows the output of
direct power-performance models generated for several applications; for details,
see Paper III.

Sock Shop
SysBench
Web Search
Media Wiki
0

2

4
6
8
Application Power Budget [W]

10

Figure 4.4: Illustrative direct power-performance models. The application power
budget is the dynamic component of the RAPL power budget (excluding the
power consumption of an idle CPU socket). The application performance is
normalized for all applications. From Paper III.

4.2

Application Cost

To evaluate the severity of performance degradation across all applications hosted
in a data center, a cost model for quantifying the value of the degradation
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Figure 4.5: The ALPACA application QoS violation model, showing performance
thresholds (target and unusable) and costs for various performance degradation
functions ( linear,
quadratic, and
exponential).
is needed. Such a model can also be used to find the optimal power budget
allocation that minimizes overall costs.
In Paper III, we introduced an application cost model that translates any
numerical performance metric into a cost. The model assumes that two thresholds can be defined for every application: a target performance level that must
be maintained to keep users satisfied with the QoS, and an unusable performance level below which the application cannot be considered to be fulfilling
its function at all. For example, the end-to-end target response time of a web
server should be below 2–3 seconds, giving a delay in page loading that users
can tolerate. We assume that delivering performance at the higher level than
the target will have no benefit to the service provider. However, when the
performance is worse than the target, the application’s utility is reduced. At
some point, an application’s performance may become unacceptable—meaning
that its performance is so heavily degraded that its results are unusable. In the
case of a web server, its performance becomes unacceptable, for example, when
processing a request takes so long that the response arrives after the user has
already decided to abandon the service.
Our approach assumes that the infrastructure provider is responsible for the
performance degradation of hosted applications. Therefore, when the application
performance is below the target, a QoS violation penalty is imposed. To the
best of our knowledge, such direct compensation systems are not used in the
industry, but it is still important for infrastructure providers to be seen as
reliable and credible by their users and such models are relevant to be used
inside data center organizations regardless if the models are exposed to their
customers. Our model can be used to capture the cost of reduced reliability by
representing it in terms of direct financial compensation. It should be noted
that our work focuses on the technical aspects of the solution; business and
liability models are outside the scope of this thesis.
Figure 4.5 shows the relationship between application performance papp and
application cost. Each application has a defined target performance constraint
app
papp
target and a threshold at which the application becomes unusable punusable .
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A violation of a performance constraint results in a penalty. The actual QoS
violation cost depends on the level of performance degradation papp
degr , and the
application’s importance is specified by the maximum penalty λapp .
The QoS violation cost of an application with a performance degradation
papp
degr is then defined as follows:
⎧
⎪
if papp ≥ papp
target ,
⎨0,
app
cq = λapp ,
if papp ≤ papp
unusable ,
⎪
⎩ app app
λ pdegr , otherwise.

No costs are incurred when the application’s performance is better than or equal
to the target threshold (corresponding to the ideal area in Figure 4.5). When
the application’s performance is below the unusable threshold, the maximum
cost is imposed (corresponding to the unacceptable area in the figure). For
application performance levels between the two thresholds (the acceptable area),
the penalty value depends on the chosen performance degradation function.
To capture a wide spectrum of applications, our model supports flexible
definition of the performance degradation function. The impact of performance
degradation will not necessarily be linearly proportional to the change in
application performance. For example, the consequences of the response time
increasing from 3 to 4 seconds might be more severe than that of a slow down
from 9 to 10 seconds. Therefore, the relationship between an application’s
performance degradation and its actual performance papp can be defined in
various ways, e.g.:
⎧ papp −papp
target
⎪
,
linear,
app
⎪
−papp
⎪
target
⎨%punusable
&2
app
papp
−p
app
target
pdegr =
,
quadratic,
app
papp
⎪
unusable
% −ptarget
&
⎪
app
⎪
papp
target −p
⎩
A exp papp
− A, exponential,
−papp
unusable

target

1
exp(1)−1 .

where A =
For all the functions, performance degradation increases from 0 (indicating
performance at or above the target threshold) to 1 (indicating performance at
or below the unusable threshold).

4.3

Electricity Cost

Electricity cost is one of the main operating costs of data centers. Data center
operators have to pay not only for the electricity consumed over the billing
period (usually a month), but also for the readiness of the utility provider to
supply the declared maximum power that can be consumed by the facility. The
exact formula for calculating the electricity bill value varies among countries
and even among utility providers. Here, we propose a general electricity cost
model that can support a variety of situations.
The proposed complete electricity cost model depends on two main variables:
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Total energy consumption, i.e. the aggregated power consumption over the
billing period:
'
E = P dc dt.
Peak power consumption, i.e. the maximum power consumption over the
billing period:
P P = max P dc .
To calculate the actual electricity cost, each of these variables is multiplied
by a corresponding unit cost parameter to determine its contribution to the
total electricity cost. Finally, the contributions due to total energy and peak
power consumption are summed:
cE = ϵE + πP P,
where ϵ is the unit cost per kW h of energy consumed and π is the unit cost per
W of peak power consumption.
The complete electricity cost model is used in Paper VI.

Simplified Electricity Cost Model
For optimization problems that do not account for the time dimension and thus
make momentary decisions, the electricity cost model can be simplified to an
equation that depends on a single variable (the momentary power consumption)
and a single unit cost parameter. The simplified electricity cost model is:
cE = κP dc ,
where κ is the unit cost per W of momentary power consumption.
The simplified electricity cost model is used in Papers III and V.

4.4

Optimization Scopes

Solutions to the problem of power budgeting can have various scopes. Some may
be very selective and try to optimize only applications co-located on a single
server during high workload periods, while others may tackle the problem by
proposing a general power-budget-aware scheduler for entire data centers. Here
we analyze the potential for optimization within the time and space scopes,
and try to position the power budgeting approaches presented here in this
two-dimensional space.
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Time Scope
The most severe power budgeting issues occur during high-workload periods
when the available power budget is too small to handle all the application
requests. Although many application workloads are periodic and predictable,
unpredictable workload spikes occur from time to time in practice. Therefore,
it is natural to manage power budgeting issues reactively, using some kind
of emergency system that kicks in when the power consumption becomes
dangerously close to the power limit.
On the other hand, the probability of power budgeting incidents can be
reduced through proactive optimization of data center infrastructures during
normal operation. Actions such as application placement can be used by
a general scheduler at the cluster level to avoid co-locating applications that
are likely to consume a lot of power at the same time.
Finally, since power budgeting is something introduced primarily to reduce
the capital expenditures of data center owners, an appropriate time to plan and
evaluate applicable strategies is when planning the data center’s capacity. The
frequency of power budgeting incidents will depend primarily on decisions made
during the planning phase. If the power delivery infrastructure design is aggressive and the data center’s power limit is close to its usual power consumption
range, it will make more sense to include power budgeting awareness in the
general scheduling logic. However, if the design is conservative, power budgeting
incidents should be rare and can be handled reactively by an emergency system.
The Power Budgeting Controller as an Emergency System
Power budgeting incidents happen when the total power consumption reaches
a predefined budget limit. If such incidents are rare, it makes sense to handle
them using a specialized mechanism that first identifies that an incident is
happening and then reacts accordingly. Such an approach is used in Facebook’s
Dynamo [Wu+16] system, where the power budget controller becomes active
only when the power consumption reaches a so-called capping threshold, typically
set to 99% of the power limit. The power capping techniques are kept active until
the workload (and thus the power consumption) falls to a safe level (typically
set to a value below the activation threshold to avoid oscillations).
These kinds of controllers are reactive in nature and operate only when
power becomes a scarce resource in the data center as a whole or in a smaller
component such as a rack or cluster. This approach does not require the ability
to predict application workload levels, but might benefit from incorporating
models describing applications’ power-performance tradeoﬀs that could be used
to evaluate the impact of potential configurations before they are implemented.
Power-Performance Aware General Schedulers
In the general scheduler approach, all data center infrastructure optimization
decisions, especially those relating to placement and scheduling, should account
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for power-performance tradeoﬀs. Therefore, the scheduler requires considerable
knowledge about the hosted applications and their behavior, including temporal
workload level forecasts.
This approach makes it possible to address problems proactively and could
potentially enable the use of a wider range of actuators than a reactive approach.
On the other hand, there is also an argument against including such mechanisms
in a general scheduler. Existing data center schedulers are already very complex
systems that must consider multiple constraint types and optimization goals.
Therefore, many data center operators might be reluctant to add additional
features to their general schedulers that will only be needed in extreme cases.
Data Center Capacity Planning
When designing a new data center, the investor has to decide what level of peak
power consumption the data center’s power delivery infrastructure should be
able to sustain. Because of the dynamic nature of cloud computing workloads
and the overall costs of power delivery infrastructure, this decision is nontrivial. A conservative approach of delivering the theoretical maximum power
consumption will increase the cost of the infrastructure, while an aggressive
approach of underprovisioning power delivery infrastructure may make it diﬃcult
to ensure a high QoS during high workload periods.
Power budgeting strategies must also be considered when upgrading hardware
to a newer generation, which usually increases infrastructure density and peak
power consumption.

Space Scope
Cloud data center infrastructures are very complex and are therefore organized
in a hierarchical way to facilitate their management. Additionally, powerperformance tradeoﬀs in data center infrastructures can be managed using
various techniques that are implemented at multiple infrastructure levels. Figure 4.6 shows various power budgeting approaches that can be applied at
diﬀerent levels of the data center infrastructure and their interactions. These
approaches range from total power budget selection at the top level to cluster
power shifting, server power capping, and graceful application degradation.
Below, we describe each approach explaining its inputs and outputs, as well as
some possible optimization methods.
Power Budget Selection
Power budget selection is the process of choosing an optimal limit on the total
power consumption of a given part of the infrastructure. This approach is best
implemented at the level of the whole data center, at which the infrastructure
owner is billed for electricity.
Figure 4.7 visualizes the problem of power budget selection. The physical limit on power consumption that the infrastructure can sustain is P limit .
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Figure 4.7: The data center power budget selection problem, showing key
parameters and the consequences of possible decisions. At time t1 , the operator
must decide whether the power consumption should be throttled to the level
specified by the power budget ( ) or left unconstrained ( ).
37

However, to reduce electricity costs, the data center operator may decide to
operate with a lower power budget P budget . At some point in time, t1 in this
example, the increasing power consumption approaches the previously defined
power budget, P budget . At this moment, the data center operator must decide
whether to increase the power budget and risk increasing their electricity costs
or enforce it and risk application performance degradation.
When selecting the operating power budget, the following factors should be
considered:
• the maximum power consumption achieved in the current billing period
(time t0 in Figure 4.7), because exceeding this threshold will increase the
peak power component of the electricity bill,
• the electricity pricing scheme, to quantify the costs of increased energy
consumption and peak power cost,
• the total cost of penalties for application QoS violations, to quantify the
costs of performance degradation due to limiting the power budget,
• the time left until the end of the billing period, to evaluate the possibility
of another high workload occurring within the same period.
An output of the power budget controller, the selected power budget, is
forwarded to the power shifting controller, which will decide how to divide it
over the whole infrastructure.
Power Shifting
The power shifting approach allows power limits to be adjusted during the
execution time. To make sense, this approach requires multiple servers; it can
therefore be implemented at the rack, PDU, cluster, or even whole data center
levels. It is also possible to incorporate multiple power shifting controllers into
a hierarchical setup at several diﬀerent levels.
The inputs of a power shifting controller should be:
• the power budget set by the power budget controller (or a higher level
controller in a hierarchical setup),
• the utilization of server power budgets (or lower level components in
a hierarchical setup),
• the performance of hosted applications (or an aggregated performance
metric in a hierarchical setup).
The principal output of a power shifting controller is a new server power
budget distribution (or a new power distribution for lower level components
in a hierarchical setup). It should also provide aggregated feedback on QoS
violations to the power budget controller.
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Power Capping
Power capping involves imposing a limit on the power consumption of hardware
components and is usually implemented at the level of a single server. Technologies commonly used for power capping include DVFS, CPU pinning [Coc+11],
forced idleness [Gan+09a], and RAPL.
To minimize operational costs, a power capping controller should take the
following factors into consideration:
• the server power budget decided by the power shifting controller,
• the performance of hosted applications,
• application QoS violation costs,
• electricity costs.
The power capping controller first decides whether it should utilize all of the
available power budget or allow the power shifting controller to redistribute some
of it to other servers. It then prioritizes the hosted applications to minimize
total operational costs. It also provides feedback to the power shifting controller
to facilitate the performance-awareness of higher level components.
Graceful Degradation
The graceful degradation approach facilitates the adaptation of application
execution to the availability of resources and the power budget level. As an
input, the graceful degradation controller receives power budgets for applications
from the server power capping controller. It then internally tailors the way
in which the application performs its tasks based on the available power, e.g.,
by reducing the percentage of requests served with optional content. Finally,
the graceful degradation controller gives the server power capping controller
feedback on the current degradation level and the potential for improvement in
the event of an increase in the power budget.

Table 4.2: A summary of application performance aware optimization solutions
proposed in this thesis
Approach
Solution
Method
Graceful degradation
Power capping
Power shifting

Power-Aware Brownout
ALPACA
Power Shepherd

Feedback control
Convex optimization
Convex optimization

Table 4.2 summarizes the approaches for managing power-performance
tradeoﬀs presented in this thesis. In terms of the space-scope, we have examined
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solutions acting at three diﬀerent infrastructure levels. For the application level,
we have proposed the Power-Aware Brownout controller (Paper IV). Paper III
introduces ALPACA, a power capping framework operating at the server level.
Finally, Paper V presents an investigation into power shifting at the cluster level.
We also used two diﬀerent methods to manage power-performance tradeoﬀs.
Power-Aware Brownout is a cascade controller designed using control theoretical
principles. Both the server- and cluster-level approaches use convex optimizers
to minimize operational costs.
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Chapter 5

Summary of Contributions
This thesis consists of six papers. The relationships between these papers
are visualized in Figure 5.1. The initial two papers are more exploratory in
terms of both the types of actuators that are examined and the range of server
utilization levels that are analyzed, while Papers III–VI focus on narrower
ranges of actuators and utilization levels. The ordering of the first three papers
reflects a top-down approach in terms of the range of actuators that are utilized.
Paper I has the broadest scope, covering the entire hierarchy of actuators (and
the associated sensors) that are available in data centers. Paper II focuses on
the subset of actuators used for server throttling and analyzes their powerperformance tradeoﬀs over the full spectrum of server utilization levels. The
remaining papers concentrate on situations in which power becomes a bottleneck
in a data center, necessitating server throttling. However, they diﬀer in their
optimization scopes. Paper III focuses on the power capping of a single server
with a given power budget and prioritization of co-located applications. Paper IV
tackles the very specific case of applications with optional content that can adapt
their computational needs to the availability of resources. Paper V extends
the scope of optimization to a multi-server scenario, adding cluster-level power
shifting but retaining an externally determined cluster power budget. Finally,
Paper VI examines the problem of selecting an appropriate data-center-level
power budget and presents a simulation framework for evaluating and comparing
power budgeting strategies at multiple infrastructure levels.
The following sections describe the contributions presented in each paper
and those made specifically by the author of this thesis. Erik Elmroth, PerOlov Östberg (except for Paper IV), and Ahmed Ali-Eldin (except for Papers I
and IV) played advisory roles in all of the studies described in these papers. Their
contributions include discussions on problem formulation, methods, experiments,
and presentation of results. They also provided feedback on the papers’ content
during the writing process.
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All available

Paper I
Focus on actuators aﬀecting
power consumption

Range of actuators

Paper II
Focus on power as
a scarce resource
Extend to
multiple servers

Selected subset

Paper III

Paper IV

Paper V

Extend with
an applicationlevel actuator

Paper VI

Extend to adjust data
center power budget

Single server

Whole data center

Scope of optimization
Figure 5.1: Scope of the included papers, showing the range of actuators
considered in each case (from all available to selected subsets), the scope of the
optimization in the space dimension (which ranges from single servers to the
whole data center), and the relationships between the papers.
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5.1

Paper I

J. Krzywda, P-O. Östberg, and E. Elmroth. A Sensor-Actuator Model for
Data Center Optimization. Technical Report UMINF 15.20, Umeå University,
Sweden, 2015.
This report is an extended version of a paper that appeared under the same
title in Proceedings of the 2015 IEEE International Conference on Cloud and
Autonomic Computing (ICCAC), pp. 192–195, 2015.

Paper Contributions
In Paper I [KÖE15], we focus on RO1 by addressing the topic of data center
automation and proposing a sensor-actuator model for autonomic data center
configuration optimization that is based on the MAPE-K loop for autonomic
systems. The model characterizes various data center events (e.g., the arrival of
a new virtual machine or a hardware failure), relates these events to a known set
of actions that can be used to optimize data center operations (actuators), and
identifies the data needed for this type of optimization and the timescales over
which these data should be recorded. The paper then proposes taxonomies for
selected aspects of data center configuration, elements of data center actuators,
and classes of monitoring sensors. To support the analysis, the paper also
characterizes and discusses the relationships between data center events, sensors,
and actuators, and presents results from testbed experiments designed to
illustrate selected tradeoﬀs.
On the basis of the analysis and experiments described above, data center events are classified into three distinct groups: planned, predicted, and
unpredicted events. Each group is characterized. The paper also analyzes
the spectrum of actuators available in data centers and the applicability and
suitability of diﬀerent actions for handling specific events. Finally, we discuss
the types of data that should be monitored by sensors, and how frequently
monitoring should be performed to facilitate detection and prediction of data
center events.

Author’s Contributions
The author of this thesis helped delineate the paper’s scope and proposed
taxonomies of events, sensors, and actuators. He also conducted testbed experiments analyzing selected actuators, and wrote the paper with feedback from
the other co-authors.
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5.2

Paper II

J. Krzywda, A. Ali-Eldin, T. E. Carlson, P-O. Östberg, and E. Elmroth. PowerPerformance Tradeoﬀs in Data Center Servers: DVFS, CPU Pinning, Horizontal,
and Vertical Scaling. Future Generation Computer Systems, Elsevier, Vol. 81,
pp. 114–128, 2018.

Paper Contributions
In Paper II [Krz+18a], we narrow our focus to a subset of data center actuators
that aﬀect power consumption. To address RO1, we perform an in-depth analysis of four actuators that can be used to throttle servers: DVFS, CPU pinning,
horizontal and vertical scaling. We also address RO2 by modeling the eﬀect of
CPU pinning on server power consumption.
This paper shows that the impact of DVFS on the power consumption of
underloaded servers is limited by the CPU idle states, and that for some request
arrival patterns (e.g., bursty arrival patterns), reducing the CPU frequency of
underloaded servers actually increases power consumption. Another notable
finding is that consolidation of virtual CPUs using CPU pinning reduces power
consumption at the cost of performance degradation. However, the application
performance degradation due to consolidation of virtual CPUs can be limited
by choosing an appropriate CPU pinning scheme. Moreover, we show that
combining horizontal and vertical scaling with consolidation of virtual CPUs can
reduce power consumption at high resource utilization levels. While the ability
of horizontal and vertical scaling to improve response times and throughput is
limited when physical servers are highly loaded, we show that it can be increased
by CPU pinning. Finally, we observe that the load balancing strategy has a big
impact on the tail response time of horizontally scaled applications.
These findings show that the power budget of data centers and the performance of hosted applications can be manipulated by adjusting the configuration
of physical servers (DVFS), virtual machines (by implementing horizontal and
vertical scaling), and the mapping between the two (CPU pinning). Based on
these findings, we present a set of recommendations for using these actuators in
ways that account for power-performance tradeoﬀs.

Author’s Contributions
Based on his own observations from Paper I and discussions with others, the
author identified the set of actuators to be evaluated (thereby defining the
paper’s scope) and developed the methodology for comparing their impacts
on application performance and server power consumption. The author also
designed and conducted the testbed experiments with feedback from others,
and heavily extended scripts developed by others to suit the study’s purposes.
In addition, the author performed a statistical analysis of the results and wrote
the entire paper, incorporating feedback provided by the other authors.
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5.3

Paper III

J. Krzywda, A. Ali-Eldin, E. Wadbro, P-O. Östberg, and E. Elmroth. ALPACA:
Application Performance Aware Server Power Capping. Proceedings of the
15th IEEE International Conference on Autonomic Computing (ICAC 2018),
pp. 41–50, 2018.

Paper Contributions
Paper III [Krz+18b] builds on the findings of Paper II and proposes a solution
for managing applications hosted on a server with a limited power budget. We
extend our work on RO1 by analyzing RAPL technology and cgroups, address
RO2 by proposing application power-performance models, and tackle RO3 by
proposing a framework that minimizes application performance degradation
under power constraints.
In this paper, we investigate ways of dividing the server power budget between
the hosted applications and of co-locating applications on servers with limited
power budgets so as to minimize application performance degradation. We
propose the ALPACA framework, which has three main components: a model,
an optimizer, and a controller. The application power-performance model
captures the relationship between the power budget and application performance.
The optimizer chooses the best combination of power budget levels for each
application. The controller enforces the optimal application power budgets
using RAPL, CPU quotas, and shares, and by suspending applications where
appropriate.
We evaluate the proposed solution on a real testbed using four well-established
cloud computing applications: MediaWiki, SysBench, Web Search from CloudSuite, and the Sock Shop microservice benchmark. ALPACA was found to
reduce data centers’ operational costs over the whole range of power budgets
by reducing unnecessarily high power consumption when it provides no performance gain, and by switching oﬀ the most costly applications when power is
scarce. Overall, ALPACA reduced operational costs by up to 20%.

Author’s Contributions
The author was primarily responsible for formulating the problem addressed
in this paper, and developed the methodology used to solve the problem with
the assistance of the co-authors’ feedback. He implemented all the components
of the ALPACA framework, namely the automated capture of application
models, the testbed controller, and the simulator. The author also contributed
to the optimizer’s development by helping with the formal formulation of
the optimization problem and extending the MATLAB implementation of the
optimization function. In addition, he designed and conducted all the testbed
and simulation experiments, and analyzed their results. Finally, he wrote the
entire paper with feedback from the other authors.
45

5.4

Paper IV

A. V. Papadopoulos, J. Krzywda, E. Elmroth, and M. Maggio. Power-Aware
Cloud Brownout: Response Time and Power Consumption Control. Proceedings
of the 2017 IEEE 56th Annual Conference on Decision and Control (CDC),
pp. 2686–2691, 2017.

Paper Contributions
Paper IV [Pap+17] explores the possibility of combining power capping with
brownout—an established application-level technique for response time control.
We propose a novel application of the brownout concept, which reduces the
resource consumption of an application by deactivating its optional functions in
response to power budget shortages. The paper presents a design for a cascaded
controller that ensures running applications adhere to a power budget by varying
their response time set points to adjust the load they receive. The proposed
solution is evaluated using a brownout simulator and a model of the RUBiS
application captured on a testbed.
This work addresses RO1 by investigating the scope for managing powerperformance tradeoﬀs by adjusting the percentage of requests served with
optional content. It also addresses RO2 by extending the ALPACA application
power-performance models to the brownout use case. Finally, it addresses
RO3 via the implementation of a cascade controller for managing application
response times and server power consumption.

Author’s Contributions
The author of this thesis and Alessandro V. Papadopoulos were considered
equal contributors and hence joint first authors.
Based on his own experiences of optimizing various application types during
the work on Paper III, the author developed the idea of using applications
with optional computation tasks to extend the operational interval of power
capping, and of using a brownout controller to minimize the cost of performance
degradation (the main contributor to the problem formulation and scope of
paper). He extended ALPACA’s modeling component to capture the powerperformance tradeoﬀs for applications with optional content, using RUBiS
as a showcase application. He also helped write the paper by drafting the
sections dealing with power capping (Section 2.2) and application benchmarking
(Section 4.1).
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5.5

Paper V

J. Krzywda, A. Ali-Eldin, E. Wadbro, P-O. Östberg, and E. Elmroth. Power
Shepherd: Application Performance Aware Power Shifting. Submitted, 2019.

Paper Contributions
In Paper V, we tackle the problem of application performance aware power shifting between multiple servers. First, we investigate the potential for extending
the ALPACA optimizer, proposed in Paper III for managing applications colocated on a single server, to handle multiple servers. The necessary extensions
were implemented, but the scalability of the multi-server ALPACA optimizer
proved to be unsatisfactory. We therefore changed our approach and developed
an alternative hierarchical solution: Power Shepherd.
Power Shepherd consists of a cluster level controller for power shifting and
a server level controller for power capping. This solution reduces the operational
costs of data center clusters by directing power to servers where it is most
needed. We implemented a prototype solution, evaluated it in a real testbed,
assessed its scalability, and discussed its applicability and limitations.
This work addresses RO1 by focusing on the power shifting approach and
evaluating its usefulness. Moreover, we implemented a monitoring framework
that allows us to collect metrics from multiple servers in real time. RO2
is addressed by quantifying the influence of power shifting on data centers’
operating costs when facing workload levels that are unevenly distributed
between servers. Finally, RO3 is addressed by the design and implementation
of a cluster-level controller for power shifting and by extending the server
controller from Paper III to cooperate in a multi-server environment.

Author’s Contributions
The author of this thesis developed the overall idea of applying application
performance awareness to power shifting. He was the main contributor to the
problem’s formulation, delineated the paper’s scope, and proposed methodology
with feedback from the co-authors. While working on the project, he implemented the cluster controller and extended the ALPACA controller. To facilitate
experimentation, he implemented a testbed monitoring system (for details, see
Section 5.8). He conducted experiments and analyzed their results. Finally, he
wrote the entire paper, incorporating feedback from the other co-authors.
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5.6

Paper VI

J. Krzywda, V. Meyer, M. G. Xavier, A. Ali-Eldin, P-O. Östberg, C. A. F. De
Rose, and E. Elmroth. Modeling and Simulation of QoS-Aware Power Budgeting
in Cloud Data Centers. Submitted, 2019.

Paper Contributions
Paper VI covers the whole spectrum of optimization scopes: from single server
power capping to adjusting the power budget of a whole data center. This
paper describes the extension of CloudSim, giving it the ability to simulate
the power capping of servers equipped with Running Average Power Limit
(RAPL) systems, power shifting between servers, and application performance
degradation due to limited power budgets. We propose an optimization model to
minimize data centers’ operational costs by accounting for both QoS violations
and monthly electricity costs, the latter of which depend on both the total
energy consumed over the period and the peak power consumption.
This work addresses RO1 by analyzing the actuator for adjusting the power
budget of the whole data center. RO2 was also addressed in this work by porting
our application power-performance models into CloudSim and validating them.
Finally, in relation to RO3, we combined three controllers into a global system
for power budgeting over a whole data center.

Author’s Contributions
The author was one of the originators of the overall idea of extending CloudSim
to include RAPL capabilities. He delineated the paper’s scope during discussions
with other co-authors. He extended CloudSim with RAPL capabilities and
application performance models with the help of other co-authors. He also
participated in the design, implementation, and analysis of the experiments.
Finally, he proposed the initial structure of the paper, which was subsequently
refined in collaboration with other authors, and contributed significantly to the
writing process.
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5.7

Limitations

As noted in the introduction section, data center infrastructures are very
complex, and this complexity is compounded when considering research problems
relating to the optimization of infrastructure configurations. Therefore, to study
specific phenomena, one must limit the scope of one’s research and make certain
assumptions.
In the work presented here, we chose to exclude some dimensions that were
expected to complicate the problem so severely as to make progress unlikely.
These choices may limit the direct applicability of some results presented here in
certain real-world scenarios. Overcoming these limitations may require further
investigations and extensions of the presented work. Here we summarize the
most important limitations of our work (at least in our view), many of which
reveal potentially interesting directions for future research.

Time Awareness
All the controllers and optimizers utilized in this thesis make decisions based
only on the system’s current state. They do not consider the history of previous
states or any kinds of predictions.
However, accounting for the time dimension could be very beneficial for
power budget management. First, including the history of states could help
to avoid oscillations in configuration decisions. For example, the benefit of
turning an application on and oﬀ multiple times over a short period because
of changes in other application may be insignificant. Moreover, in the case
of a long-running batch job, it may be sensible to let the application finish
processing if its time-to-completion is small, even if that makes the system’s
configuration briefly non-optimal.
However, embedding the notion of history and changes over time into optimization problems significantly increases their complexity. Also, the prediction
of application workload levels and execution times is a research topic in its own
right.

Multi-Component Applications
In our work on power budgeting, we only considered assigning power budgets to
whole applications. Most of the applications we examined in our experiments
are monolithic: SysBench is a single binary, and MediaWiki was deployed on
a single virtual machine. Even when we used the microservice architecture for
Sock Shop, we treated all the containers as a single unit by assigning identical
parameters to all of them.
In reality, applications can consist of several components, each of which
could be optimized independently to achieve the best possible configuration.
However, such an approach would require a detailed understanding of the inter49

dependencies between application components, including dynamic identification
of components that are performance bottlenecks in specific situations.

5.8

Software Artifacts

As noted in the research methodology section (Section 1.2), this work used
a constructive research method, which typically results in the production of
artifacts. Below, we describe the software artifacts that we created to evaluate
the ideas presented in this thesis. To increase the reproducibility of our research
results and facilitate their extension or further evaluation, all of these artifacts
have been open sourced.1

The ALPACA Modeling and Optimization Framework2
The first artifact is a framework we implemented while working on Paper III.
The ALPACA framework has three components:
Modeller, which facilitates the capture of application power-performance
models. These models describe the relationship between the power budget
allocated to an application and its performance. We have automated the
process of benchmarking applications and finding a function that describes
the relationship as accurately as reasonably possible.
Optimizer, which minimizes a data center’s operating costs for a given server
power budget based on the application power-performance models generated with Modeller. The costs include costs due to Quality of Service
violations and electricity costs.
Controller, which enforces the application power budgets determined by the
optimizer. The controller uses various technologies available in modern
servers, including RAPL for power capping and Linux CFS parameters.

Power-Performance Tradeoﬀ Monitoring Systems
To facilitate the development and conduct of multi-server testbed experiments
for Paper V, we designed and set up a monitoring framework using Prometheus 3
to collect metrics and Grafana 4 to display the metrics in real time while the
experiments were in progress.
This framework was based on Swarmprom, a starter kit for Docker Swarm
monitoring developed by Stefan Pordan.5
Our monitoring system uses the following exporters:
1 http://www8.cs.umu.se/wp/jakub/reproduce/
2 https://git.cs.umu.se/jakub/alpaca-power-capping/
3 https://prometheus.io/
4 https://grafana.com/
5 https://github.com/stefanprodan/swarmprom
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snmp-exporter, which collects power metrics from the intelligent PDU and
exposes them to Prometheus.
node-exporter, which is used together with cron (a time-based job scheduler)
to expose application workload and performance metrics.
During our experiments, we monitored the following metrics:
• at the server level:
– RAPL power budget (per socket),
– RAPL power consumption (per socket),
– total power consumption (from the intelligent PDU),
• at the application level:
– application state (running or not),
– workload level,
– CPU pinning,
– CPU quota, CPU period, and CPU shares,
– application-specific performance metrics.
By default, Prometheus does not provide persistent storage of collected
metrics. Therefore, data stored by a standard Prometheus installation should be
regarded as an ephemeral sliding window of recent results. To store experimental
results for further analysis, we exported monitoring data in JSON format using
the Prometheus HTTP API and transformed them into CSV format using jq.6

Power Shepherd Optimizer and Controllers7
Power Shepherd is a power shifting system that is described and evaluated in
Paper V. It consists of two controllers:
Cluster controller, which allocates power budgets to servers according to the
oﬀers generated by server controllers. Each oﬀer predicts the Quality of
Service violation costs of applications hosted on a particular server for
a given power budget. Based on the oﬀers, the cluster controller, tries to
reduce the power budget of servers that will suﬀer less and to shift power
towards servers that will benefit the most.
Server controller, which prioritizes applications co-located on a server to minimize their performance degradation. Based on the power-performance
models of hosted applications it predicts server operating costs for increased and reduced server power budgets, and exposes them to the cluster
controller.
6 https://stedolan.github.io/jq/
7 https://git.cs.umu.se/jakub/power-shepherd
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Controllers of both types continuously communicate with each other, iteratively adjust each server’s power budget, and thereby minimize overall data
center operating costs.
We used the Spring Framework8 as a skeleton for the controllers. To facilitate
sharing data among controllers, we used the Apache Cassandra database.9

CloudSim Power Budgeting Extension10
Paper VI proposes a framework for simulating power budgeting in cloud data
centers. We implemented the proposed framework as an extension to an existing
simulator—CloudSim [Cal+11].
CloudSim is a well established and popular cloud infrastructure simulator
and has been upgraded with multiple features such as power models [BB12],
DVFS modeling [Gué+13], and ACPI Global/Sleep states [Xav+17]. As a basis
for our extension, we used the DVFS modeling version. Details of our extension
are presented in Section 4 of Paper VI.

5.9

Connection to Research Objectives

This section recalls the main research objectives of this thesis, which were
introduced in Section 1.1, and explains how each paper contributed towards
achieving them.
The research objectives were:
RO1 To assess the usefulness of various metrics (sensors) and software configuration techniques (actuators) for controlling data center infrastructures.
RO2 To quantify and model the influence of actuators on server power consumption and application performance.
RO3 To develop controllers that optimize the configuration of data center
components to achieve a predefined power-performance goal.
Table 5.1 summarizes the contributions of each paper towards achieving
each research objective.

8 https://spring.io/
9 http://cassandra.apache.org/
10 https://git.cs.umu.se/jakub/cloudsim-powerbudgeting
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Table 5.1: Summary of individual papers’ contributions towards the research
objectives
RO1: Assess sensors and
actuators
Paper I

Paper II

Model powerRO2:
performance tradeoﬀs

Created taxonomies for
selected aspects of data
center configuration, elements of data center actuators, and classes of monitoring sensors.

—

RO3: Develop
controllers
—

Analyzed applicability of
DVFS, CPU pinning, and
horizontal and vertical
scaling at various levels of
server utilization.

Modeled the relationship
between the number of
utilized CPU cores and
server power consumption
with and without CPU
pinning.

Paper III

RAPL for power capping and cgroups (CPU
quota/period and CPU
shares) for application
performance isolation.

Proposed the ALPACA
application
powerperformance model and
captured instances for
multiple cloud applications.

A single server controller
to minimize momentary
data center operating
costs.

Paper IV

Application-level actuator
(percentage of requests
served with optional content), and the use of response time and power
consumption as metrics.

Captured an ALPACA
model for an application
with optional content (the
RUBiS benchmark).

A cascade controller to simultaneously manage application response time
and power consumption.

Paper V

Power shifting to distribute the available
power budget among
servers.

Quantified tradeoﬀs between operational costs
and power budget violations in clusters with unbalanced workloads.

A distributed system with
a single power shifting
controller and multiple
server power capping controllers to minimize momentary data center operational costs.

Paper VI

Adjusting power budget
of the whole data center.

Modeled
application
power-performance
tradeoﬀs in CloudSim,
simulated and validated
against testbed runs.

A system comprising
a power budget selection controller, a power
shifting controller, and
multiple server power
capping controllers to
minimize data center
operational costs over
a billing period.
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[Gué+13]

Tom Guérout, Thierry Monteil, Georges Da Costa, Rodrigo N.
Calheiros, Rajkumar Buyya, and Mihai Alexandru. “Energy-aware
simulation with DVFS”. In: Simulation Modelling Practice and
Theory 39 (2013). Special Issue on Energy eﬃciency in grids and
clouds, pp. 76–91. issn: 1569-190X. doi: 10.1016/j.simpat.2013.
04.007.

[Har13]

Mor Harchol-Balter. Performance Modeling and Design of Computer Systems: Queueing Theory in Action. Cambridge University
Press, 2013. doi: 10.1017/CBO9781139226424.

[HKH09]

Jan Holmström, Mikko Ketokivi, and Ari-Pekka Hameri. “Bridging
Practice and Theory: A Design Science Approach”. In: Decision
Sciences 40.1 (2009), pp. 65–87. doi: 10.1111/j.1540- 5915.
2008.00221.x.

[HM14]

Henry Hoﬀmann and Martina Maggio. “PCP: A Generalized
Approach to Optimizing Performance Under Power Constraints
through Resource Management”. In: 11th International Conference
on Autonomic Computing (ICAC 14). Philadelphia, PA: USENIX
Association, June 2014, pp. 241–247. isbn: 978-1-931971-11-9. url:
http : / / www . usenix . org / conference / icac14 / technical sessions/presentation/hoffman.

[Hua+11]

Qiang Huang, Fengqian Gao, Rui Wang, and Zhengwei Qi. “Power
Consumption of Virtual Machine Live Migration in Clouds”. In:
2011 Third International Conference on Communications and
Mobile Computing (CMC). Mar. 2011, pp. 122–125. doi: 10.1109/
CMC.2011.62.

[Jai91]

Raj Jain. The Art of Computer Systems Performance Analysis:
Techniques For Experimental Design, Measurement, Simulation,
and Modeling. USA: Wiley, Apr. 1991. isbn: 978-0-471-50336-1.

58

[Jeo+13]

Jinkyu Jeong, Sung-Hun Kim, Hwanju Kim, Joonwon Lee, and
Euiseong Seo. “Analysis of virtual machine live-migration as
a method for power-capping”. In: The Journal of Supercomputing
66.3 (2013), pp. 1629–1655. issn: 1573-0484. doi: 10.1007/s11227013-0956-1.

[JS15]

Brendan Jennings and Rolf Stadler. “Resource Management in
Clouds: Survey and Research Challenges”. In: Journal of Network
and Systems Management 23.3 (July 2015), pp. 567–619. issn:
1573-7705. doi: 10.1007/s10922-014-9307-7.

[Kan+14]

Svilen Kanev, Kim Hazelwood, Gu-Yeon Wei, and David Brooks.
“Tradeoﬀs between Power Management and Tail Latency in Warehouse-Scale Applications”. In: 2014 IEEE International Symposium on Workload Characterization (IISWC). Oct. 2014, pp. 31–40.
doi: 10.1109/IISWC.2014.6983037.
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