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Abstract

Traditionally, the deglopment of computg systens has beerfocusedon performance
improvemendg driven by the demand of applications from consumer, scientific and business
domains However,the everincreasing energy consumptia@h computing systembas started to
limit further performance growth due toverwhelming electricity bills and carbon dioxide
footprints. Therefore the goal of the computer system design has been shifted to power and energy
efficiency. To identify open challenges in the area and facilitate futureraeéwaentst is essential
to synthesizeand classifythe research on power and enegffjcient designconducted to datdn
this work we discusscauses angbroblems of high powef energy consumptignand present a
taxonomy of energyefficient design of computing systemscovering the hardware, operating
system, virtualization and data center lev¥li&e survey various key works the areaand map
them toour taxonomy taguide future design and development effofitsis chapteris concluded
with adiscussiorof advancementislentified in energyefficient computingand our vision on future
research directions.
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1 Introduction

The primary focus of designers alompuing systemsand the industryhas beeron the
improvement ofthe system performanceAccording to this objective the performance has been
steadily growing driven by merefficient system design and increasing density of the components
described by Moore's lajd]. Althoughthe performance per watt ratio has been constantly rising,
the total power draw by compng systens ishardly decreasingOppositely, it has been increasing
everyyear that can be illustrated bye estimated average power use across three classes of servers
presented in Table [B]. If this trendcontinues the cost of the energy consumed by a server during
its lifetime will exceed the hardwamst[3]. The problems evenworsefor largescale compute
infrastructures, such as clusters and dateecenlt was estimated that in 2006 IT infrastructures in
the US consumed about 61 billion kWh thetotal electricity cost about 4.5 billion dollafd]. The
estimatedenergy consumptiois more than doubl from what was consumealy IT in 2000.
Moreover, under current efficiency trentfe energy consumption tends to double again by 2011,
resulting in 7.4 billion dollars annually.

Table 1. Estimated average power consumption per serve\8/ddsit) from 2000 to 20042].

Server class 2000 2001 2002 2003 2004 2005 2006
Volume 186 193 200 207 213 219 225
Mid-range 424 457 491 524 574 625 675
High-end 5,534 5,832 6,130 6,428 6,973 7,651 8,163

The energy consumption is not onfjeterminedoy theefficiency of thephysical resources,
but it is also dependent on tlhesource management system deployed inirtfrastructure and
efficiency of applicationsunning in the systenilrhis interconnection of #henergy consumption
and different levels of computing systems can be seen from Figuredgyeefficiency impacts end
users in terms of resource usagests which are typically determined by the Total Cost of
Ownership (TCO) incurretly aresource prower. Higher power consumption results not only in
boosted electricity bills, but also in additional requiremen&sdooling system and power delivery
infrastructure, i.e. Uninterruptible Power Supplies (UPS), étolvistribution Units (PDU), etc
With the growth of computer components densitiie cooling problem becomes crucial, as more
heat has to be dissipated for a square meter. The problem is especially importanamoibladie
servers. These form factors are the most difficult to cool becaudsghoflensity othe componenis
andthuslack of space for the air flow. Blade servgise the advantage of more computational
power in less rack space. For example, 60 blade servers can be installed into a standard 42U rack
[5]. However, such system requires more than 4,000 W to supply the resources and cooling system
compared to theasne rack filled by 1U servers consumiagp00 W. Moreoverthe peak power
consumptiontends to limit further performance impements due to constraints of power
distribution facilities. For exampléo power a server radk a typical data centelt is necessary to
provideabout 60 Amp$6]. Even if the cooling psblem can be addressed for the future systems, it
is likely that delivering current in such data centers will reach the power delivery limits.

Apart from the overwhelming operating costs and the Total CoAtauisition (TCA),
another rising concerns the environmental impact in terms of carbon dioxide O
emissiongaused by high energy consumptiofherefore,the reduction ofpower and energy
consumption has become a fistler objective irthe design of modern comgag systens. The
roots ofenerg-efficient computing, or @enlT, practicescan be traced badk 1992, when the
U.S. environmentalprotection Agency launched Energy Star, a voluntary labelling program which
is designed to identify and promote enegdffcient productsn orderto redice the greenhouse gas
emissionsComputers and monitors were the first labelled products. This has led to the widespread

4



adoption ofthe sleep mode in electronic devicest that time the term "green computing” was
introducel to refer to energgfficient personal computer§?]. At the same timethe Swedish
confederation oprofessionakemployees has developed the TCébtification prograni a series of

end user and environmental requirements for IT mgentincluding video adapters, monitors,
keyboards, computers, peripherals, IT systems and even mobile phatess.this program has
beenextended to include requirements on ergonomics, magnetic and electrical field emission levels,
energy consumptiomoise level and use of hazardous compoundsandware The Energy Star
program was revised in October 2006 to include stricter efficiency requirements for computer
equipment, along with a tiered ranking system for approved products.
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Figure 1.Energy consumptioat differentlevels in computing systems

There are a number of industry initiatives migat the development of standardized
methods and techniquésr redudion of theenergy consumption in computer environmeiitsey
include Climate Savers Computing Initiative (CSCI), Green Computing Impact Organization, Inc.
(GCIO), Green Electronics Councilhe Green Grid, International Professional Practice Partnership
(IP3), with membership of companies such as AMD, Dell, HBM, Intel, Microsoft, Sun
Microsystems and VMware.

Energyefficient resource management has been first introduced in the context of battery
feed mobile devices, where energy consumption has to be reduced in order to ithpluattery
lifetime. Althoughtechniques developed for mobile devices can be applied or adapted for servers
and data centers, this kind of systems requires specific methods. In this chapter we will discuss
ways to reduce power and energy consumption in cangpaystemsas well as reent research
works thatdeal with power and energy efficienalythe hardware and firmware, Operating System
(0S), virtualization, and data center lev@lee main objective of thigork is to give an overview
of the recentesearcladvancements ianergyefficient computingidentify common characteristics
and classify thepproachesOn the other hand, the aim is to show the level of developmengin th



area and discuss open research challeagésdirection for future workThe reminder of this
chapter isorganized as follows: in the next Section power and energy models are introduced; in
Section 3 we discuss problems caused by high power and energy consumption; in Settians 4
present the taxonomy and survey of the research in eeffigent design bcomputingsystems,
followed by a conclusion and future work directions in Section 9.

2 Power and EnergyModels

To understand power and energy management mechantsimsessential to clearly
distinguish thebackgroundterms. Electric current is the flo of electric chargemeasuredin
Amperes (Amps). Amperes define the amount of electric charge transferred by a circuit per second.
Power and energy can be defined in terms of work dhatstem performs. Power the rate at
which the system performs theow, while energy is the total amount of work performed over a
period of time. Power and energy are measured in watts (W) anchouamtt(\Wh) respectively.

Work is done atherate of one watt when one Ampere is transferred through a potential difference
of one volt. A kilowatt-hour (kWh) is the amount of energy equivalent to a power of 1 kilowatt
(1000 watts) running for 1 houformally, power and energy can be defined as in (1) and (2).

P-, 1)

E=P-T, (2

where P is power, T is a period of timeWV is the total work performed in that period of time, and

E is energy. The difference between power and enisrggry important, because reductiontioé

power consumption does not always reduce the consumed energy. For exhaewer
consumption can be decreaseddweringthe CPU performance. However, in this casgrogram

may require longer time to congté its execution consuming the same amount of energy. On one
hand, reduction othe peak power consumption will result in decreasedsoofsthe infrastructure
provisioning, such as costs associated with capacities of UPS, PDU, power generators, cooling
system, and power distribution equipment. On the other hand, decreased energy consumption will
lead to reduction athe electricity bills. The energy consumption can be reduced temporarily using
Dynamic Power Management (DPM) techniques permanently appipg Static Power
Management (SPM). DPM utilizes knowledgé the reattime resource usage and application
workloadsto optimizethe energyconsumptionHowever, it does not necessarily decrethsgpeak

power consumption. In contrast, SPM includies usag of highly efficient hardware equipment,

such as CPUs, disk storage, network devices, UPS and power supplies. These structural changes
usually reduce bottheenergy and peak power consumption.

2.1 Static and Dynamic Power Consumption

The main power comsnption in Complementary Met&@xide-Semiconductor (CMOS)
circuits comprises static and dynamic powine gatic power consumption, or leakage power, is
caused by leakage currents that are present in any active circuit, independently of clock rates and
usage scenarios. This static power is mainly determinedhbytype oftransistos and process
technology. Reduction dhe static power requires improvement thie low-level systemdesign;
therefore, it is not in the focus of this chapter. More details tapossible ways to improvihe
energy efficiency at this level can be found in the survey by Venkatachalam andi@franz

Dynamic power consumption is created by circuit activity (i.e. transistoctss@i changes
of values in registers, etc.) and depends mainly on a specific usage scenario, clock rates, and 1/0



activity. The sources othe dynamic power consumption are shoircuit current and switched
capacitance. Shedircuit current causes only415% of the total power consumption and so far no
way has been found to reduce this value without compromigiegperformance. Switched
capacitance is the primary sourcelo dynamic poweconsumptiontherefore the dynamic power
consumption can be fieed as in (3).

Pyramic= - C- V2 f, (3)

dynamic

wherea is the switching activity,C is the physical capacitanc/ is the supply voltage, and is

the clock frequency. The values of switching activity and capacitance are determitiee |oy-

level system design. Whereas combined reductighexsupply voltage and clock frequency lies in

the roots ofthe widely adopted DPM technique called DynarMoltage and Frequency Scaling
(DVFES). The main idea of this technique is to intentionally deeale CPU performance, when it

is not fully utilized, by decreasiniipe voltage and frequenayf the CPUthat in ideal case should
result in cubic reduction dhe dynamic power consumption. DVFS is supported by most modern
CPUs including mobile, desktop and server systems. We will discuss this technique in detail in
Section5.2.1

2.2 Sources ofPower Consumption

According to datgrovidedby Intel Labg5] the main part of power consumed by a seiwver
drawn bythe CPU, followed by the memory and lesslue tothe power supplyinefficiency
(Figure2). The data show that the CPU no longer dominates power consuanbgti@ server. This
resulted from continuous improvement thie CPU power efficiency and application of power
saving techniquege.g. DVFS) that enable active loywower modes. In these modes a CPU
consumes a fraction of the total power, while preservimgability to execute programs. As a
result, current desktop and server CPUs can consuméhkas80% of their peak power at low
activity modes leading to dynamic power range of more than 70% of the peak [@jwér
contrast, dynamic power ranges of all other server's components are much narrower: less than 50%
for DRAM, 25% for disk drives, 15% for network switches, and negligible for other components
[10]. Thereason is that only the CPU supports active-fmwer modes, whereas other components
can only be completely or partially switched off. However, the performance overhead of transition
between active and inactive modes is substantial. For example, aigiesknda spurdown, deep
sleep mode consumes almost no power, but a transition to active mode incurs a latency that is 1,000
times higher than regulaccess latencyPower inefficiency of the server's components in the idle
state leads to a narrow overdiynamic power range @d0%. This means that even if a server is
completely idle, it will still consumenore than 70%f its peak power.

Another reason for reduction of the fraction of power consumed by the CPU relatively to the
whole system is adoptiorf multi-core architectureddulti-core processors are much more efficient
than conventional. For example, servers built with recent @uaeal Intel Xeon processor can
deliver 1.8 teraflops at peak performance, using less than 10 kW of power. To compare wit
Pentium processors in 1998 would consume about 800 kW to achieve the same perfimance

Adoption of multicore CPUs along witlthe increasing use of virtualization technologies
and datantensive apptations resulted in growing amount of memory in serndarsontrast to the
CPU, DRAM has narrower dynamic power range and power consumption by memory chips is
increasing. Memory is packaged in dual-lil memory modules (DIMMs)and power
consumption byhese modules varies from 5 W to 21 W per DIMM, for DDR3 and Fully Buffered
DIMM (FB-DIMM) memory technologie$5]. Power consumption by a server with eight 1 GB
DIMMs is about 80 W. Modern large serversremtly use 32 or 64 DIMMs that leads to power
consumption by memory higher than by CPUs. Most of the power management techniques are
focused on the CPU; however, constantly increasing frequency and capacity of memorgistips
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the cooling requirementspart from the problem of high energy consumptidihese facts make
memory one of the most important server components thattbabe efficiently managed. New
techniques and approaches ttee reduction ofthe memory power consumption have to be
developed irorder to addresthis problem.

CPU quadcore

Memory

NIC (4W x 1) (8W x 8)

Fan (10W x 1)

Motherboard .

PSU Efficiency

PCI Slots Loss

(25Wx 2) Disk (12W x 1)

Figure2. Power consumption by server's componé§sits

Power supplies transforaternating currentXC) into direct current DC) to feed server's
componentsThis transfomation leads to significant power losses dughminefficiency of the
current technology. The efficiency of power supplies depend ther load. They achieve the
highest efficiency at loads within the range of Z%. However, most data centers createad of
10-15% wasing the majority of the consumed electricapd leading to average power losse®f
80%[5]. As a result, power supplies consume at least 2% of all U.S. electricity production. More
efficient power supply design can save more than a half of the energy consumption.

The problem of low average utilization applies to disk stmaggpecially when diskare
attached to servers in a data cenkéowever, this can be addressed by movingdisis to an
external centralized storage array. Nevertheless, intelligent policies have to be used to efficiently
manage a storage system containing thousands of disks. This creates another direction for the
research work aimed at optimization of resoupmyer and energy usage in server farms and data
centers.

2.3 Modeling Power Consumption

To develop new policies for DPMnd understand theimpact it is necessary to create a
model of dynamic power consumptioBuch a modehas tobe able tgoredict the actual value of
the power consumption based on some -tinme system characterissicOne of the ways to
accomplish this is to utilize power monitoring capabilities that are -ipuithodern computer
servers. This instrument provides the ability to mongower usage of a server in real time and
collect accurate statistics abdbe power usage. Based on this data it is possible to degpasver
consumption model for a particular system. However, this approach is complex and requires
collection of the stigstical data for each target system.

Fan et al[10] have found a strong relationship betwéemCPU utilization and total power
consumption bya server The idea behind the proposed model is thajpowerconsumption by a
server grows linearly with the growth of CPU utilization from the value of power consumption in
the idle state up to the power consumed when the server is fully utilized. This relationship can be
expressed as in (4).

P(U) = Fiiile +( I:gusy_ I:i)dlg * U (4)



where P is the estimated power consumptioR,, is the power consumption by an idle server,
R.s, IS thepower consumed by the server when it is fully utilized, and current CPU utilization.
The authorhavealso proposed an empirical rbnear modelgivenin (5).

P(u) = Fi)dle +( Pbusy_ Rdle) (2u- Lrj), (5)

where r is a calibration parameter that minimizes the square emdr l@s to be obtained
experimentallyFor each class of machines of interest a set of calibration experiments must be
performed to fine tune the model.

Extensive experiments on several thousands of nodes under different types of workloads
(Figure3) haveshown that the derived models accurately prethetpower consumption by server
systems with the error below 5% for the linear model and 1% for the empirical nidakel.
calibration parameter has been set to 1.4 for the presemtesllts.These precise results can be
explained by the fact that CPU is the main power consumer in sanarin contrast to CPU, other
system components have narrow dynamic power saogéheir activities correlate witthe CPU
activity (e.g. I/0, merary). For example, current server processors can reduce power consumption
up to 70% by switching to lowowerperformance modd9]. However,dynamic power rangeof
other componentaremuch narrower: lesthan 50% for DRAM, 25% for disk drives, and 15% for
network switches.

Pbusy'

Pl

System Power

Measured Power -
Pigtet(Ppusy-Pige)t
PigietPpysy=Piqie)(2u-u’) ———

O 1 1 1 1
0 0.2 0.4 0.6 0.8 |

CPU Utilization
Figure3. Power consumption to CPU utilization relationsHif].

This accurate and simple power model enables easy predictibapmwver consumption by
a server supplied with CPU utilization data and power consumption values at idle and maximum
CPU utilization statesTherefore, it is especially important thiwe increasing number of server
manufactures publish actual power consumpfigaores for their systems at different utilization
levels [11]. This is driven by the adoption of the ASHRAE Thern@ilideline [12] that
recommendgroviding power rating for minimum, typical and fulltilization.



Dhiman et al[13] have found that although regression models based on just CPU utilization
are able to provide reasonable prediction accuracyCPUintensive workloads, they tend to be
considerably inaccurate for prediction of power consumption caused bgriOmemonyintensive
applications.The authors have proposed a power modeling methodology based on Gaussian
Mixture Models that predictpower consumption by a physical machine running multiple VM
instances.To perform predictions, in addition to CPU utilizatiometmodelrelies onrun-time
workload characteristics, such as the number of Instructions Per Cycle (IPC) and the number of
Memory accesses Per Cycle (MPQhe proposed approach requires a training phaperteive
the relationship between the metrics of the workloadthe@gower consumptioriThe authors have
evaluated the proposed model via experimental studies involving diffgqees of the workload.

The obtained experimental results have shown that the model predicts the power consumption with
high accuracy (<10% prediction error), which is consistent over all the tested worKldeals.
proposed model outperforms regression ety a factor of 5 for particular types of the workload,
which proves the importance of architectural metrics like IPC and MPC as comglitmeDPU
utilization for predicton of the power consumption

3 Problems ofHigh Power and Energy
Consumption

The anergy consumptiolyy computing facilities rises various monetary, environmental and
system performanceoncernsA recent study oithe power consumption of server farfg§ shows
that in 2005 the electricity useby servers worldwide including their associated cooling and
auxiliary equipment cosedUS$7.2bn. The study also indicates ttetelectricity consumption in
that year had doubled as compared with consumption in 2000. Clearly, thexsvammental
i ssues with the generation of electricity. T
Itanium 2 processor reaches to nearly 1 billion. If this rate continues, the heat (per square
centimetrg produced by future processors woulkiceed that of the surface of tigun [14],
resulting in poor system performandée scope oenergyefficient designis not limited to main
computing components (e.g., processors, storage devices amaliaation facilities), but it can
expand into a much larger range of resources associated with computing facilities including
auxiliary equipments, water used for cooling and even physical/floor space that these resources
occupy.

While recent advances tmardware technologigacluding low-power processors, solid state
drives and energgfficient monitorshave alleviatedthe energy consumption issue to a certain
degree a series of software approaches hsigeificanty contributed to the improvement afiergy
efficiency. These two approaches (hardware and software) should be seen as complementary rather
than competitive. User awareness is anothermegiigible factor that should be taken into account
when discussin@reenIT. User awareness and behavioigeneral considerably affect computing
workload and resource usage patterns; this in turn has a direct relationshithevithergy
consumption of not only core computing resources, but also auxiliary equipment, such as
cooling/air conditioning systemg$:or example, a computer program developed without paying
much attentionto its energy efficiency may lead to excessive energy consumption and it may
contribute to more heat emission resulting in increastgei@nergy consumption for cooling.

Traditionally, power and energgfficient resource management techniques hbgen
applied to mobile device# was dictated by the fact that such devices are usually baievgred
and it is essential to consider power and energy management to improve theie lifétiwever,
due to continuous growth of power and energy consumption by servers and data centers, the focus
of power and energy management techniques has been switched to these systems. Even though the
problems caused by high power and energy consumptieninéerconnected, they have their
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specifics and have toe considered separately. The difference is thafpeak power consumption
determines the cost of the infrastructure required to maintain the system'’s operation, thieereas
energy consumption accots for electricity bills. Let us discuss each of these problems in detail.

3.1 High Power Consumption

The main reason dhe power inefficiency in data centers is low average utilizatiothef
resourcesWe have used data provided as a part of the Cadoject, a monitoring infrastructure
for PlanetLab. We have used the data of the CPU utilization by more than a thousand servers
located at more than 500 places around the world. The data have been collecfeckeaatutes
during the period from thdOth to 19th of May 2010. The distribution of the data over the
mentioned 10 days along with the characteristics of the distribution are presentedrév¥Fighe
data confirm thebservatiormadeby Barroso and HolzI€9]: the average CPU utilization is below
50%. The mean value of the CPU utilization is 36.44% with @6%6i denceinterval: (36.40%,
36.47%). The main rurime reasons of underutilization in data centers are variability of the
workload and sttistical effects. Modern service applications cannot be kepfully utilized
servers as even nosignificant workload fluctuation will lead to performance degradation and
failing to providethe expected QoS. On the other hand, servers in avintwalized data center are
unlikely to be completely idle because of background tasks (e.g. incremental backups), or
distributed data bases or file systems. Data distribution helps to tackibdtzadting problem and
improves fauktolerance. Furthermore, despthe fact that the resources have to be provisioned to
handle theoretical peak loads, it is very unlikely that all the servers of asleagedata centers will
be fully utilized simultaneously.

Anderson-Darling Normality Test
A-Squared  290412.05
P-Value < 0.005
Mean 36.436
StDev 36.767
Variance 1351.839
Skewness 0.745091
1 e— Kurtosis -0.995180
N 4270388
e T P T AT v e I o e AE
0 14 28 42 56 70 84 98 Minimum 0.000
CPU utilization 1st Quartile 5.000
Median 21.000
| 3rd Quartile 64.000
_| I Maximum 100.000
95% Confidence Interval for Mean
36.401 36.471
. 95% Confid Interval for Medi
95% Confidence Intervals o -onidence Interval for Median
21.000 21.000
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Figure4. The CPU utilization of more than 1000 Plandtlrendes over a period of 10 days.

Systems where average utilization of resources less than 50% represent huge inefficiency, as
most of the time only a half of the resources are actually inAlfeugh the resourcesn average

! http://comon.cs.princeton.edu/
2 http://www.planetlab.org/
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are utilized by less tharD5%0o, the infrastructure has to be built to hartikpeak loadwhichrarely
ocaurs in practice. In such systems the cost of guavisioned capacity is very significant and
includes expenses on additional capacity of the cooling system, PDU, gengratzes,delivery
facilities, UPS, etc. The less average resource utilization in a data center, the more expensive it
becomes as a part of the Total Cost of Ownership (TCO), as it has to support peak loads and meet
the requirements tthe peak power consumpin. For example, if a data center operates at 85% of
its peak capacity on average, the cost of building the data ¢enterms of thebuilding cost per
Watt of theaveragepower consumptionill still exceed the electricity cost for ten years of
operaion [10]. Moreover, peak power consumption can constrain further growth of power density,
as power requirements already reach 60 Amps for a servef6hacK this tendency continues,
further performance improvements can be bounddtidyyower delivery capabilities.

Another problem of high power consumption and increasing density of server's components
(i.,e. 1U, blade servers) ihe heat dissipgon. Much of the electrical power consumed by the
computing resources gets turned into heat. The amount of heat produced by an integrated circuit
depends on how efficient the component's design is, and the voltage and frequehah dhe
component opates. The heat generated by the resources has to be dissipated to keep them within
their safe thermal state. Overheating of the components can lead to decreased lifetime and high
errorpronenessMoreover, pwer is required to feed the cooling system ofi@naFor each watt of
power consumed by computing resources an additio®atdd1 W is required for the cooling
system[6]. For example, to dissipate 1 W consumed kiigh-PerformanceComputing (HPC)
system at the Lawrence Livermore National Laboratoy (LLNL), 0.7 W of additional power is
needed for the cooling systdmb5]. This fact justifieghe significant concern about efficiepand
reattime adaptation of cooling system operatibtoreover modern highdensty servers, such as
1U and blade servers, further complicate cooling because of the lack of space for airflow within the
packages.

3.2High Energy Consumption

Consideringthe power consumption, the main problemtige minimization of the peak
power required to feed completely utilized systenin contrastthe energy consumption is defined
by theaverage power consumption over a period of time. Therdfwactual energgonsumption
by a data center does not affect the cost of the infrastructure. On the ottieit areflected in the
electricity cost consumed by the system during the period of operation, which is the main
component of a data center's operating costghErmore, in most data centers 50% of consumed
energy never reaches the computing resources: it is consuntieeldmpling facilities or dissipated
in conversions within the UPS and PDU systems. Wt current tendency of continuously
growing energy cesumption and costs associated with it, the pointvaperating costs exceed the
cost of computing resources themselves in few years can be reached soon. Theigefooejat to
develop and apply energgfficient resource management strategies in cieviéers.

Except for high operating costs, another problem caused by growing energy consumption is
high carbon dioxide QO,) emissions, which contributeo the global warmingAccording to
Gartner [16] in 2007 the Information and Communications Technology (ICT) industry was
responsible for about 2% of glob@I0, emissions that is equivalent tioe aviation. According to
the estimation by the U.S. Environmental Protection Agency (EPA), current efficiendg tiesad
to theincrease of annu& O, emissions from 42.8 million metric tons (MMTCO2) in 2007 to 67.9
MMTCOZ2 in 2011. Intense media coverage has raised the awareness of people around the climate
change and greenhouse effect. More and more customersostamsider the "green” aspect in
selecting products and services. Besides the environmental concern, businesses have begun to face
risks caused by being n@mvironmentally friendly. Reduction @O, footprints is an important
problem that has to be addsed in order to facilitate further advancements in cangpsystems.
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4 Taxonomy of Power / Energy Management in
Computing Systems

Large volume of research work has been done in the area of power and-effiergyt
resource management in compgtsystems.As power and energy management techniques are
closely connected, from this point we will refer to them as power management. Asishiéigare
5, from the high level power management techniques can be divided into static and dynamic. From
the hardwee point of view, Static Power Management (SPM) contains all the optimization methods
that are applied d@he design time at the circuit, logic, architectural and system I¢t&]|s Circuit
level optimizaions are focused on the reduction of switching activity power of individual-logic
gates and transistor level combinational circuitsthsyapplication of a complex gate design and
transistor sizing. Optimizations titelogic levelareaimed athe switching activity power of logie
level combinational and sequential circukgchitecture level methods includke analysis of the
system design and subsequent incorporation of power optimization techniques in it. In other words,
this kind of optimization refrs to the process of efficient mappiof a highlevel problem
specificationonto a registetransfer level design. Apart frothe optimization of the hardwaskevel
system design, it is extremely important carefully consider the implementation of psotipanare
supposed taun in the system. Even with perfectly designed hardwaver goftwaredesigncan
lead to dramatic performance and power losses. However, it is impractical or impossible to analyse
power consumption caused by large programs at plesator level, as not only the process of
compilation or codeeneration but also the order of instructions can have an impact on power
consumption. Therefore, indirect estimation methods can be applied. For example, it has been
shown that faster code alstoalways implies lower energy consumptifi]. Nevertheless,
methods for guaranteed synthesiziofgoptimal algorithms are not available, and this is a very
difficult problem.

Power Management Techniques

Static Power Management (SPM) Dynamic Power Management (DPM)
[ | \ [ | \
Hardware Level Software Level Hardware Level Software Level
[ } | [ | |
Circuit Level Logic Level Architectural Level Single Server Multiple Servers, Data

‘ \ ‘ Centers and Clouds

OS Level Virtualization Level

Figureb. High level taxonomyf power and energy management.

This chapterfocuses on DPM techniques that include methods and strategies fiimeun
adaptation of a system's behavior according to current resource requirements or any other dynamic
characteristic othesystem's stat@.he major assumption enabling DPM is that systems experience
variable workloads duringhe operation time allowinghe dynamic adjustment of power states
according to current performance requirements. The second agsumghat the workload can be
predicted to a certain degree. As shown on Figui@PM techniques can be distinguished by the
level at which they are applied: hardware or software. Hardware dpigisfor different hardware
componentsbut usually can & classified as Dynamic Performance Scaling (DPS), such as DVFS,
and partial or complete Dynamic Component Deactivation (DCD) during periods of inadtity.
contrast, software DPM techniques utilize interface tioe system's power management and
accordirg to their policies apply hardware DPM. The introduction of the Advanced Power
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Management (APM)and its successor, the Advanced Configuration and Power Interface fACPI)
havedrastically simplified the software power management and resulted in broadcrestudies

in this area. The problem of power efficient resource management has been investigated in different
contexts of device specific management, OS level management of virtualized awidturedized

servers, followed by multiplaode system, sudiis homogeneous and heterogeneous clusters, data
centers and Clouds.

DVFS creates a broad dynamic power range for the CPU enabling extremebpwey
active modesThis flexibility has lead tahe wide adoption of this technique and appearance of
many polcies that scale CPU performance according to current requirements, while trying to
minimize performance degradatiph9]. Subsequently, these techniques have been extrapolated on
multiple-server systesproviding coordinated performance scaling across {f28mHowever, due
to narrowoverall dynamic power range of servers in a data center, it has been found beneficial to
consolidate workladto a limited number of servers and switch off or put to sle@pérnate state
idle nodeq21].

Another technology that can improve the utilization of resoyanes thus reducthe power
consumption iirtualization of computer resourceéirtualization technology allows one to create
several Virtual Machines (VMs) on a physical server and, therefore, rédte@mount of hardware
in use and improve the utilization of resourcése concept originatedith the IBM mainframe
operating systems of the 1960s, but was commercialized feco®patible computers only in the
1990s. Several commercial companies and @oemce projects now offer software packages to
enable a transition to virtual computing.dhCorporation and AMD have also built proprietary
virtualization enhancements to the x86 instruction set into each of their CPU product lines, in order
to facilitate virtualized computingdmong the benefits of virtualization are improved fault and
perfomance isolation between applications sharing the sammgputer nodéa VM is viewed as a
dedicated resource to the customer); the ability to relativellyeasve VMs from one physical
host to another using live or dffie migration; and support for hawdre and software
heterogeneityThe ability to reallocate VMs in rutime enables dynamic consolidation of the
workload, as VMs can be moved to a minimal number of physical nodes, while idle nodes can be
switched to power saving modes.

Terminal serversdve also been used @®reenlIT practices When using terminal servers,
users connect to a central server; all of the computing is done at the server level but the end user
experiences dedicated computing resourdeis usually combined with thin clienta/hich use up
to 1/8 the amount of energy of a normal workstation, resulting in a decreabe ehergy
consumptionand costs There has been an increasethe usage oterminal services with thin
clients to create virtual lalatories. Examples of termal server software include Terminal
Services for Windows, the Aqua Connect Terminal Server for Mac, and the Linux Terminal Server
Project (LTSP) for the Linux operating systehin clients possiblyare going to gain a new wave
of popularity withthe adgtion of the Software as &ervice (SaaSinodel, which is onef the kinds
of Cloud computing [22], or Virtual Desktop Infrastructures (VDI) heavily promoted by
virtualization software vendots

Traditionally, an organization purchases its own computing resources and dealheavith
maintenance and upgradef the outdated hardwasend softwareresulting in additional expenses.

The recently emerged Cloud computing paradid¥] leverages virtualization technology and
provides the ability to provision resourcesaemand ora pay-asyou-go basis. Organizations can
outsource their computation needs to the Cloud, thereby eliminating the necessity to maintain own
computing infrastructureCloud computing naturally leads to powedficiency by providing he
following characteristics:

3 Advanced power managemehttp:/en.wikipedia.org/wiki/Advanced_power_management

* Advanced Configuration & Power Interfadwtp://www.acpi.info/

®VMware View (VMware VDI) Enterprise Virtual Desktop Magementhttp://www.vmware.com/products/view/
Citrix XenDesktop Desktop Virtualizatiohttp://www.citrix.com/virtualization/desktop/xendesktop.html
Sun VirtualDesktop Infrastructure Softwarkettp://www.sun.com/software/vdi/
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Economy of scale due to elimination of redundancies.

Improved utilization of the resources.

Location independendeVMs can be moved ta place where energy is cheaper.
Scaling up and dowinresource usage can be adjusted to current requirements.
Efficient resource management by the Cloud provider.

One of the important requirements for a Cloud computing environment is providingereliabl
QoS. It can be defined in terms of Service Level Agreements (SLA) that describe such
characteristics as minimal throughput, maximal response time or latency delivered by the deployed
system. Although modern virtualization technologies can ensure perfoemsolation between
VMs sharing the same physical computing node, due to aggressive consolidation and variability of
the workload some VMs may not get the required amount of resource when requested. This leads to
performance loss in terms of increasedesponse time, time outs or failures in the worst case.
Therefore, Cloud providers have to deal wiitle powerperformance tradeff T minimization of
the power consumption, while meetitige QoS requirements.

The following sections detail different leved$ the presented taxonomyn Section5 we
will discuss power optimization techniques that can be applied at the hardwareWevelill
consider thapproacheproposed for power management ataperating systerevel in Sectiorb,
followed bythe distission of modern virtualization technologies and their impagoweraware
resource managemeint Section7 andthe recent approaches appliedtted data center level in
Section8.

5 Hardware and Firmware Level

As shownin Figure 5, DPM techniques apgdi at the hardware and firmware level can be
broadly divided intotwo categories:Dynamic Component Deactivation (DCD) and Dynamic
Performance Scaling (DPS)CD techniques are built upon the idealwd clock gating of parts of
an electronic component @omplete disabling during periods of inactivity.

‘ Hardware DPM ‘

‘ Dynamic Component Deactivation (DCD) ‘ ‘ Dynamic Performance Scaling (DPS) ‘
I ]
[ \ [ \
‘ Predictive ‘ ‘ Stochastic ‘ ‘ Resource throttling ‘ ‘ DVFS ‘
[
[ |
‘ Static ‘ ‘ Adaptive ‘ ‘ Static ‘ ‘ Adaptive ‘ ‘ Interval-Based ‘ ‘ Intertask ‘ ‘ Intratask ‘
I
I I |
‘ Fixed Timeout ‘ ‘ Predictive Shutdown ‘ ‘ Predictive Wakeup ‘

Figure 5. DPM techniques applied at the hardware and firmware.level

The problem could be easily solved if transifiobetweenpower stateswould cause
negligible power angherformance overheadiowever, transitions to loyower states usually lead
to additional poweconsumption and delays causedtbg re-initialization of the components. For
example, if entering a loywower state requires shdbwn of the power supply, tgning to the
active state will cause a delay consigtof: turning on ad stabilizing the power supply and clock;
re-initialization of the system; and restog the context[23]. In the case of nenegligble
transitions, efficient power management turns into a difficult-lome optimization problem. A
transition to lowpower state is worthwhile only if the period of inactivity is longer than the
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aggregated delay of tratisns from and intathe active stée, and saved power is higher than
required to reinitialize the component.

5.1 Dynamic Component Deactivation (DCD)

Computer components that do not support performance scaling aodlgde deactivated
require techniques that will leveratiee workloadvariability and disable the component when it is
idle. The problem is trivial in the case @hegligible transition overhead. However, in reality such
transitions lead not only to delays, which can degrade performance of the system, but to additional
powe draw. Therefore, to achieve efficiengytrarsition has to be done only if the idle perigd
long enough to cover the transition overhead. In mostwedd systems there ia limited or no
knowledge abouthe future workload. Thereforea prediction ¢ an effective transition has to be
done according to historical datasmmesystem modelA large volume of research has been done
to develop efficient methods to solve this problgtf] [24]. As shown in Figure 5, the proposed
DCD techniques can be divided irpeedictive andstochastic.

Predictive techniqueare based on the correlation between the past history ofyhiEm
behaviorandits near future. The efficiency of sud¢hachniquess highly dependent on the actual
correlation between past and future events and quality of tuning for a particular type of the
workload. A non-ideal prediction can result ian overprediction or undepredidion. An over-
prediction means that the actual idle period is shorter than the predicted leadipgrtormance
penalty. On the other handn underprediction means that the actual idle period is longer the
predicted. This case does not have any inflteesn theperformancehowever, it results imeduced
energy savingsPredictive techniques can Warther split into static and adaptiyevhich are
discussedbelow,

Static techniques utilize some threshold for a-tieaé execution parameter to make
predictions of idle periods. The simplest policy is called fixed timeout. The idea is to define the
length of time after which a period of inactivity can be treated as long enough to do a transition to a
low-power stateActivation of the component is initiatezhce the first request to a component is
received. The policy has two advantages: it can be applied to any workload type, anandver
underpredictions can be controlled by adjusting the value of the timeout threshold. However,
disadvantages are obviouke policy requiresadjustment of the threshold value for each workload
it always leads to a performance loss the activation and the energy consumedfrom the
beginning of an idle period to the timeout is wasieao ways to overcome the drawbackstiod
fixed timeout policy have been proposed: predictive shutdown and predictive wakedptive
shutdown policies address the problenth&fmissed opportunity to save energy within the timeout.
These policies utilize the assumption that previous gsraf inactivity are highly correlated with
the nearest future. According tioe analysis of the historical information they predict the length of
the next idle period before it actually starts. These policies are highly dependent on the actual
workload aml strength of the correlation between past and future events. Histeegl predictors
have been shown to be more efficiaartd less safdghan timeouts[25]. Predictive wakeup
techniques aim to elimatethe performance penalty otne activation.The transition to the active
state is predicted based on the past history and performed before an actual usef2@jqidess
technique increaseke energyconsumption, but reduces performance losses on wakeups.

All the static techniques are inefficient in cases when the system workload is unknown or
can vary over time. To address this problem adapredictivetechniques have been introduced.
The baic idea is to dynamically adjust the parameters, which are fixed for the static techniques,
according to the quality of prediction that thegveprovided in the pastFor examplethe timeout
value can be increased if for the last sevtalrvalsthe value has lead to ow@rediction.Another
way to provideheadaptation is to maintain a list of possible values of the parameter of interest and
assign weights to the values according to their efficiency at previous intervals. The actual value is
obtainedas a weighted average over all the values in theltiggeneral, adaptive techniques are
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more efficient than static when the type of the workload is unknown a pBeveral adaptive
techniques are discussed in the paper by Douglis [&74l.

Another way to deal with nedeterministic system behavior is to formulate the problem as a
stochastioptimization whichrequiresbuilding of an appropriate probabilistic model of the system.
For instance, insuch a model system requests and power state transitions are represented as
stochastic processesd can be modelled as Markov proces#¢sany moment, a request arrives
with some probability and device power state transition occurs with another pritityabbtained
by solving the stochastic optimization problelinis important to note, that the resultsbtained
using the stochastic approacite expected values, and there is no guarantee that the solution will
be optimal for a particular cagdoreower, constructing a stochastic model of the system in practice
may not be straightforwardf the model is not accurate, the policies using this model may not
provide an efficiensystemcontrol

5.2 Dynamic Performance Scaling (DPS)

Dynamic Performance &ting (DPS)includesdifferent techniques that can be applied to
computer components supporting dynamic adjustment of their performance proportiorthly to
power consumptioninstead of complete deactivatgynsome components, such as CPU, allow
gradualreductiors or increass of the clock frequency along witthe adjustment of the supply
voltage in cases when the resource is not utilized for the full capacity. This idea lies in the roots of
the widely adopted Dynamic Voltage and Frequency Scaling (DYdeBpique.

5.2.1Dynamic Voltage and Frequency Scaling (DVFS)

Althoughthe CPU frequency can be adjusted separatsedguency scaling by itself is rarely
worthwhile as a way to conserve switching power. Saving the most power requires dynamic voltage
scding too, because of the®\tomponent and the fact that modern CPUs are strongly optimized for
low voltagestates. Dynamic voltage scalingusuallyused in conjunction with frequency scaling,
as the frequency that a chip may run at is related to thatomgnvoltage. The efficiency of some
electrical components, such as voltage regulators, decreasea teitfperaturancrease so the
power used may increase with temperature. Since increasing power usaisat)e temperature,
increases in voltage orelquency mayaisethe system power demamgen faster than the CMOS
formula indicates, and vieeersa. DVFS reduces the number of instructions a processor can issue in
a given amount of time, thus reducitige performance. This, in turn, increases runeifior
program segments which are sufficiently GBaund. Hence, it creates challenges of providing
optimal energy / performance control, which have been extensively investigated by scientists in
recent years. Some of thesearch workwill be reviewed irnthe followingsections

Although the application of DVFS may seem to be straightforwarthwedd systems raise
manycomplexities that have to be considered. First of all, due to complex architectures of modern
CPUs (i.e. pipelining, multievel cache, te.), the prediction of the required CPU clock frequency
t hat wi || me et applicati onos Apother foroblemasniatein r e g
contrast to the theory, power consumption by a CPU may not be quadratic to its supply voltage. For
exanple, in[8] it is shown that some architectures may include several supply voltages that power
different parts of the chip, and even if one of them can be reduced, overall power consumption will
be dominated by the larger supply voltagdoreover, execution time of the program running on the
CPU may not be inversely proportional to the clock frequency, and DVFS may result-in non
linearities inthe execution timg28]. For example, if the program is memory or I/O bounded, CPU
speed will not have a dramatic effect on the execution timaghermore, slowing down the CPU
may lead to changes in the order in which tasks are schdd@liléd summary, DVFS can provide
substantial energgavings;however, it has to bappliedcarefully, as the result may significantly
varyfor different hardware and software systarohitectures
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Approaches that appB®VFS to reduce energy consumption by a system can be divided into
intervatbased, intertask and intratagR8]. Intervatbased algorithms are similar to adaptive
predictive DCD approaches in that thegaoautilize knowledge of the past periodstbé CPU
activity [29] [30]. Depending on the utilization of the CPU during previous intervals, theycpredi
the utilization in the near future aagpropriatelyadjust thevoltageand clock frequencyVierman
et al.[31] and Andrew et al[32] haveconducted analytical studies of speed scaling algorithms in
processor sharing systems. They have proved that no online gmepgytional speed scaling
algorithm can be better thancempetitive comparing to the offline optimal algorithm. Moreover,
they have found that sophistication in the design of speed scaling algorithms does not provide
significant performance improvementsowever, it dramatically improves robustness to errors in
estimation of workload parametersitertask approaches instead of nefy on coarse graed
information onthe CPU utilization distinguish different tasks running in the system and assign
themdifferent speesi[33] [34]. The problem is easy to solve if the workload is known a priori or
constant over all the period of a task execution. However, the problem becormesiabwhen
the workload is irregularln contrast to intertask, intratask approaches leverage finaedra
information abouthe structureof programsand adjust the processor frequency and voltage within
the tasks[35 [36]. Such policies can be implented by splittinga program execution into
timeslots and assigning different CPU speedsaith ofthem. Another way is to implement them at
the compiler levelThis kind of approaches utilizeso mpi | er e khowl @d ogr amb
to make inferenceabout possible periods for the clock frequency reduction.

5.3 Advanced Configuration and Power Interface

Many DPM algorithms, such as timeechdsed as well as other predictive and stochastic
policies, can be implementedtime hardware as a part ahelectronic circuit. Howeveg hardware
implementatiorhighly complicateghe modification and reconfiguration of the polici@herefore,
there are strong reasons to shift the implementation to the softwarelte®@PB6 b address this
problem Intel, Mcrosoft and Toshibahave published the first version of thédvanced
Configuration and Power Interface (ACPI) specificatioran open standard definirg unified
operating systeraentric device configuration and power management interfimceontrast to
previous BIOS central, firmwarkased and platform specific power management systems, ACPI
describes platforandependent interfacesfor hardware discovery, configuration, power
management and monitoring.

ACPI is an attempt tanify and improvethe existingpower and configuration standards for
hardware devicesThe standard bring®DPM into the operating system contr@nd requiresan
ACPI-compatible operating systetn take overthe systemand hae the exclusive control of all
aspects othe power managemérand device configuration responsibilitieBhe main goa of
ACPI are to enable all compng) systems to implement dynamic power management capabilities,
and simplify and accelerate the development of pang@naged systemi.is important to note that
ACPI does not put any constraints on particular power management policies, but provides the
interface that can be used by software developers to leverage flexibility in adjustment of the
systembs power states.

ACPI defines a number of power statbsat canbe appliedn the system in ruftime. The
most importanstates in the context of DPMeaC-states andP-states C-states are the CPU power
states O-C3 thatdenotethe operating state, halt, stagpock and sleep mode accordingly. Whihe
processor opetes, it can be in one of several powperformance stateg’{state). Each of these
states designatesparticular combination dDVFS settings. Pstates are implementatiatependent,
but PO is always the highesérformance state, withy o P, being succssively lowerperformance
states, up to an implementatispecific limit ofn no greater than 16.-8tates have become known
as SpeedStep in Intel processors, PowerNow! or Cool'n'Quiet in AMD processbiBowerSaver
in VIA processorsACPI is widely usal by operating systesnmiddleware and software on top of
them to managpowerconsumption according to thapecificpolicies.
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6 Operating SystemL evel

In this section we will discussresearch workghat deal with powerefficient resource
managemendt the operating system level. Thaxonomy of thecharacteristics used to classify the
works is presentedn Figure6. To highlight the most important characteristics of Waaks they
aresummarizedn Table2 (full table is given in Appendix A).

No

—{ Application adaptation }—4{

—{ Adapted applications

—{ Single resource

—{ System resources }—
% Multiple resources ‘

—{ Arbitrary
—{ Target systems }——{ Mobile systems
—{ Servers

Minimize power / energy
consumption

Goal | Minimize performance
\ loss

Operating system level %

% Meet power budget

—{ DVFS ‘
—{ Power saving techniques }——{ Resource throttling ‘
—{ DCD ‘

—{ Arbitrary
—{ Workload }——{ Real-time applications

—{ HPC-applications

Figure6. Operating system level taxonomy

Table2. Operating system levedsearch works

Project name System Target Goal Power—_savmg
resources systems techniques
The Ondemand CPU Arbitrary  Minimize power DVFS
Governor, Pallipadi consumption, minimize
and Starikovskiy19] performance loss
ECOsystem, Zeng et CPU, memory, Mobile Achieve target battery Resource
al.[37] [38] disk storage, systems lifetime throttling
network
interface
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System Target Power-saving

Project name Goal

resources systems techniques

Nemesis OS, CPU, memory, Mobile Achiewe target battery Resource
Neugebauer and disk storage, systems lifetime throttling
McAuley [39] network

interface
GRACE, Sachs etal. CPU, network Mobile Minimize energy DVFS,
[40] [4]] interface systems consumption, satisfy resource

performance requirement: throttling
Linux/RK, Rajkumar CPU Reat Minimize energy DVES
et al.[42] time consumption, satisfy
systems performance requirement:

Coda and Odyssey, CPU, network Mobile Minimize energy Resource
Flinn and interface systems consumption by throttling
Satyanarayanafé3] applicationdegradation
PowerNap, Meisner et Systemwide Server Minimize power DCD
al.[44] systems consumption, minimize

performance loss

6.1 The Ondemand Governor (Linux Kernel)

Pallipadi and Starikovskiy19] have developed an-kernel realtime power manager for
Linux OS called the ondemand governor. The manager continuously monitors the CPU utilization
multiple times per second and sets a clock frequency and supply voltage pair that corresponds t
current performance requirements keeping the CPU approximately 80% busy to handle fast changes
in the workload. The goal of the ondemand governor is to keep the performance loss due to reduced
frequency to the minimum. Modern CPU frequency scaling tdogres provides extremely low
latency allowing dynamic adjustment of the power consumption matching the variable workload
with almost negligible performance overhead. For example, Enhanced Intel Speedstep Technology
enables frequency switching with thedaty as low as 10 ms. To accommodate to different
requirements of diverse systems, the ondemand governor can be tuned via specification of the rate
at which the CPU utilization is checked and upper utilization threshold, which is set to 80% by
default.

The ondemand governor effectively handles multiprocessor SMP systems, as well as multi
core and multthreading CPU architectures. The governor manages each CPU individually and can
manage different cores in the CPU separately if this is supported by thegahardn cases if
different processor cores in a CPU are dependent on each other in terms of frequency, they are
managed together as a single entity. In order to support this design, the ondemand governor will set
the frequency to all of the cores basedlahighest utilization among the cores in the group.

There are a number of improvements that are currently under investigation, including
parallel calculation ofhe utilization and adedicated work queudhe original governor samples the
utilization of all of the processors in the system in a centralized way that can become a significant
overhead with increase of the number of CPUs. To overcome this problem the authors have
proposed a parallel sampling independently for each CPU. Another improventecdrthiacrease
performance for multiprocessor systems is to have dedicated kernel threads for the governor and do
sampling and changing of frequencies in the context of a particular kernel thread.
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6.2 ECOsystem

Zeng et al[37] [38] have proposed and developed ECOsystenframework for managing
energy as a firstlass OS resourcaimed at battery powered devicdsh e a ufunttamentalo
assumption ighat applications play an important role in energy distribution opportunities that can
be leveraged only at the application level. ECOsyspeavides an interface to define a target
battery | ifeti me auwsdd toadetprininectree tamdumh snérgy phatiwdl be t i e ¢
allocated to applicatiaateach time frame

The authors split Ofvel energy management intwvd dimensions. Along the first
dimension, there are a variety of the system devices (e.g. CPU, memory, disk storage, network
interfacg that can consume energy concurrentllye other dimension spans applications that share
the system devices and cause the energy consumptoaddress the problem of accounting the
energy usage by both devices and applications, the authors have iettaduew measurement unit
called currentcy. One unit of currentcy represents the right to consume a certain amount of energy
during a fixed period of timéWhen the user sethe target battery lifetime and priorits¢éhe
applications, ECOsystem transf@nthese data int@n appropriate amount of currentcy and
determines how much currentcy should be allocated to each applieatach time frameThe
length of the timeframe has been empirically determined as 1 second that is sufficient to achieve
smoothenergy allocationAn application expends the alloedtamount of currentcy by utilizing the
CPU, performing disk and memory accesses and consuming other system resources. An application
can accumulate currentcy up to a specified lilMhen an expendituref an application exceeds the
allocated amount of currentcy, none of the associated processes are scheduled or otherwise
serviced.

The system has been implemented as a modified Linux kernel and has been experimentally
evaluated. Theobtainedresults showthat the proposed model can b#ectively used to meet
different energy goals, such as achieving a target battery lifetime and proportional energy
distribution among competirgpplications

6.3 Nemesis OS

Neugebauer and/icAuley [39] have developed the resowwmentric Nemesis O$ an
operating system for battery powered devices that strive to provide a consistent QoS for time
sensitive application, such as multimedia applicatidtemesis providesrie grainedcontrol and
accounting for energy usage over all system resources: CPU, memory, disk and network bandwidth.

To implement peprocess resource usage accounting, the OS has been vertically structured:
mo s t of the syst e md&ksand device drivecsrae jmplemerted incleeél st a
shared libraries that execute in the applicafiggrecesss This design allows accurate and easy
accountingor theenergy consumptiocaused by individual applications

The goal ofNemesiss to addres the problem obattery lifetimemanagementlo achieve
the target battery lifetime specified by the user, the system relies on the cooperation with
applicationslf the current energy consumption rate exceeds the threshold that can fi@éidgdo
meeg the userbds expectations, the system charg
usage.The applications should interpret the charges as feedback signals and adapt their behavior.
The applications are supposed to limit their resource usegmrdingto the data provided by the
OS.However, not all application may support the adaptation. In this case the user can prioritise the
applications leading to shut down of the lpwority tasks.Nemesis currentlgupportsa number of
platforms includghg Intel 486, Pentium, éhtium Pro and Bntium Il based PCs, DEC Alpha
workstations and evaluation boardad StrongARM SAL10 based network computers.
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6.4 The lllinois GRACE project

Sachs et al[40] [41] have developedhe lllinois GRACE project (Global Resource
Adaptation through CoopEratian)They have proposé saving energy through coordinated
adaptationat multiple system layeraccording to changes itihe applicatiors demandfor system
resourcesThe authors have proposed three levels of adaptation: globappkcation and internal
adaptationThe dobal adaptation takes into accountthk applications runningn the systenand
all thesystem layers. This level of adaptation respstsignificant changes in the system, such as
application entry or exifThe per-application adaptation considers each applicatiosolationand
is invoked every time frame adapting Hles y st em r esour ces to Thehe ap
internal adaptation focuses on different system ressuseparately that are possiklyared by
multiple applications and adaptee statsof the resource®\ll the adaptation levels are coordinated
in order to ensuradaptatiordecisiors that are effective across all levels.

The framework supports adaptations of the CPU performance (DVSF), applications (frame
rate and dithering), and soft CPU scaling (CPU time allocatibhg. second generation of the
framework (GRACE2) focuses on a hierarchical adaptation for mobile multimegstems
Moreover, it leverages the adaptation tbé application behavior depending dhe resource
constraints GRACE-2 apart from the CPU adaptation enforces network bandwewmitistraints and
minimizes network transmission energyne approacihas beenimplemented as a part of the Linux
kernel and requires applications to be abldirtot their resource usage in rtime on order to
leverage the peapplication adaptation techue. There is onlya limited support for legacy
applications.

The experimental results show thiae applicationadaptation provides significant benefits
overthe global adaptation when the network bandwidth is constrateergy savings in a system
with the CPU andnetworkadaptatios whenaddingthe application adaptatioreach32% (22%on
averag®e When boththe CPU and application adaptat®are added to a system withe global
adaptationthe energy savings have been found to be more than additive.

6.5 Linux/RK

Rajkumar et al[42] have proposed several algorithms for application of D\fF®attime
systems and have implemented a prototype as a modified Linux Kelm@lix/Resource Kernel
(Linux/RK). The objective is to minimizeghe energy consumption, while maintainintpe
performance isolatiobetweenapplications. The authors have proposed four alternative DVFS
algorithms that are automatically selected by the system when appropriate.

Systen€Clock Frequency Assignment (S@$ock) is suitable for systemsherethe overhead
of voltageand frequency scaling is too high to perform at every context swachkingle clock
frequency is selected at the admission of an application and kept consilamtsehbf applications
running in the system changdriority-Monotonic Clock Frequency Assignment (FBlock) is
suitable for systems with low voltageandfrequencyscaling overheadllowing adjustment of the
voltage and frequency settings at eachtednswitch.Eachapplication isassigned its ownonstant
clock frequencywhich is enabledwhen the applicatioms allocated a&CPU timeframe Optimal
Clock Frequency Assignment (G@tock) usesa nonlinear optimisation modeto determinean
optimal frewency for eachapplication thatminimizes the energy consumptiorDue to high
computational complexity this technique is suitable only for offline usage. Dynami€CIB&k
(DPM-Clock) suitssystems wheréhe average execution time of applicationis significantly less
than the worst caseThe authors have conducted experimental studies to evaluate the proposed
algorithms. The results show thaysClock, PMClock and DPMClock provide up to 50% energy
savings.
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6.6 Coda and Odyssey

Flinn and Styanarayanaf43] have explored the problem of managing limited computing
resources and battery lifetime in mobile systems, as well as addréssuagiability of the network
connectivity. They have developed twostams, Coda and Odyssey that implement adaptation
across multiple system levels. Coda implements applicatamsparent adaptation in the context of
a distributed file system, which does not require any modificatfdegacy applications to rum i
the sytem.

Odyssey is responsible for initiation and managing of application adaptations. This kind of
adaptation allows adjustment of the resource consumption by the cibst aitput data quality,
which is mostly suitable for multimedia applications. Foaraple, video data can be processed or
transferred over network in lower resolution or sound quality can be reduced in cases of constrained
resources.

Odyssey introduces a term fidelity that defines the degree to which the output data
corresponds to the iginal quality. Each application can specify acceptable levels of fidelity that
can be requested by Odyssey wiiamresource usage has to be limited. When Odyssey notifies an
application about change of the resource availability, the application haadjost its fidelity to
match the requested levE&lor energyawareadaptation it is essential that reductions in fidelity lead
to energy savings that are both significant and predictdlble.evaluation results show that this
approach allowshe extensionof the battery lifetime up to 30% limitation of such a system is
that all the necessary applications have to be modified in order to support the proposed approach.

6.7 PowerNap

Meisner et al[44] have proposed an approach for power conservation in server systems
based on fast transitions between active and low power states. The goal is to minimize power
consumption by a servevhile it isin an idle state. Instead of addressing the problem of anfiev
energyproportional computing as proposed by Barroso and Hffi#Jéhe authors require only two
power states (sleep and fully active) for each system component. The other requirements are fast
transitons between the power states and very low power consumption in the sleep mode.

To investigate the problem, the authors have collected fine grained utilization traces of
several servers serving different worklsadccording to the data, the majority of édperiods are
shorter than lexondwith the mean length in the order of hundreds of milliseconds. Whereas, busy
periods are even shorter falling bellow 100 ms for some workloads. The main idea of the proposed
approach is to leverage short idle period$ ttaur due to the workloadariability. To estimate the
characteristics of the hardware able to implement the technique, the authors have constructed a
gueueing model based on characteristics of the collected utilization traces. They have found that if
the transition time is less than 1 ms, it becomes negligible and power savings vary lineatiye with
utilization for all workloads. However, with the growth of the transition time, power savings
decrease and the performance penalty becomes higher. Whiartsidon time reaches 100 ms,
the relative response time for low utilization can grow up to 3.5 times relatively to a system without
power management, which is cleauiyaccepable for realworld systems.

The authors have concluded that if the trangitime is less than 10 ms, power savings are
approximately linear to the utilization and significantly outperform the effect from DVFS for low
utilization (less than 40%). However, the problem is that the requirement for the transition time
beingless thanl0 ms cannot be satisfied bye current level of technology. According to the data
provided by the authors, modern servers can ensure the transition time of 300 ms, which is anyway
far from the requested 10 ms. The proposed approach is simildre tiixed timeout DCD
technique, but adapted to fine grained management. Therefore, all the disadvantages of the fixed
time-out technique are inherited by the proposed apprdach;onstant performance penalty on
wake up and the overhead in cases wlamidle period is shorter then the transition time to and
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from a low power state. The authors have reported that if the stated requirements are satisfied, the
average server power consumption can be reduced by 74%.

7 Virtual i1zation Level

The \virtualization le\el enableshe abstraction of an OS and applications running on it from
the hardware. Physical resources can be split into a number of logical slices called Virtual Machines
(VMs). Each VM can accommodate an individual OS creating for the user a viewesliGated
physical resource and ensuring performance and failure isolation betweershékisga single
physical machineThe \rtualization layer lies between the hardware and OS and; therefore,
Virtual Machine Monitor (VMM) takes control over resounceiltiplexing and has to be involved
in the systemb6bs power manageme nThereiare two wayeof t o
how a VMM can patrticipate in the power management:

1. A VMM can act as a poweaware OS without distinction between VMs: monitte overall
systembs performance and appr oprtothetsgstem app
components.

2. Another way is tdeverageOS 6 s speci f i ¢ policesand appéicat@igvelme n t
knowledge, andgnap power management calls from diffdr&ivis on actuakchanges irthe
hardwaré power state or enforce systemde power limitsin a coordinated manner.

We will discuss these techniques in detail in the following sections.
7.1 Virtualization TechnologyVendors

In Section 7.1 we wildiscusshreeof the most populavirtualizationtechnology solutions
the Xen hypervisdt, VMware solutiondand KVM®. Both of thesesystemssupport the first
describedway to perform power management, howevagither allowsc o or di nat i on o
specific callsfor power state changeSection7.2 discussesn approach proposed by Stoess et al.
[45] that utilizes both systerwide power control and finegrained applicatiorspecific power
managemenperformedoy gues operating system

Otherimportantcapabilities supportedy the mentionedvirtualization solutionsare offline
andlive migratiors of VM s. They enabletransferring VMsfrom one physical host to anothand
thushave facilitated the development different technique$or virtual machines consolidation and
load balancinghatwill be discussedn Section8.

7.1.1 Xen

The Xen hypervisor israopen sourcevirtualization technology developed collaboratively
by the Xen community and enginedrem over 20innovative data center solution vend{4$).
Xen is licensed under the GNU General Public License (GPL2) and available at no charge in both
source and object formatXenés support f or paotwwhat ism@vnidadgbg me n t
the Li nuxos ondemand gover no Xen dupmrisA CP & Bstatesn Se
implemented inthe cpufreq driver[47]. The system periodically measarthe CPU utilization,
determines an appropriateskate and issugplatformdependent command to make a changéen
hardwaré power state. SimilarlyttheLi nux 6s power management subs:s
governors:

8 http://www.xen.org/
" http://ww.vmware.com/
8 http://mww.linuxkvm.org
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Ondemand chooses the best$Rate according tourrent resource requirements.
Userspacé sets the CPU frequensypecified by the user.

Performancéd sets the highest available clock frequency.

Powersavd sets the lowest clock frequency.

Apart from Rstates, Xen also incorporates the support fatales (CPU sleeping states)
[47]. When a physical CPU does not have any task assigned, it is switcheestata.GVhen a new
request comes, the CPU is switched back to the active Atatssue is tadetermine which tate
to enter: deeper -Gtates provide higher energy saving by the cost of higher transition latency. At
this moment, by default Xen puts the CPU into the firstt&e, which provides the least transition
delay. However, the user capegify a C-state to enterAs the CPU wakes uppon receivinga
load, it always gets an inevitable performance penalty. The policy is a fixed timeout DCD implying
all its disadvantages described in Section 5.1.

Besides Pand Cstates, Xen also supportgtdar and live migration o¥Ms, which can be
leverage by powerawaredynamicVM consolidation algorithms. Migration is used to transfer a
VM between physical host®Rkegular migrationmoves aVM from one host to another by
suspeding, copyingthe V M 6 rmenory contents, and then resumitite VM on the destination
host Live migration allows transferring a VM without suspension and from the user side the
migration should bénconspicuousTo perform a live migration, both hosts must be running Xen
and the ddmation host must have sufficient resources (e.g. memory capacity) to accommodate the
VM after thetransmissionXen starts a new VM instance that forms a container for the VM to be
migrated. Xen cyclically copies memory pages to the destination hosinwausly refreshing the
pages that have been updated on the source. When it notices that the number of modified pages is
not shrinking anymore, it stops the source instance and copies the remaining memory pages. Once it
is completed, the new VM instance started. To minimize the migration overhead, the hosts are
usually connected to a Network Attached Storage (NAS) or similar storage solution, which
eliminates the necessity to copy disk contents. The developers argue that the final phase of a live
migraion, when both instances asaspendedtypically takes approximately 50 mSiven sucha
low overhead, the live migration technology has facildatee development of various energy
conservation dynamic VM consolidation approaches proposed by researcherd thevorld.

7.1.2 VMware

VMware ESX Server and VMWare ESXi are enterpteseel virtualization solutions
offered by VMware, In. Similarly to Xen, VMware supports helvel power management via
DVFS. The system monitsithe CPU utilization and coni nuousl y applies app
states[48]. VMware VMotion and VMware Distributed Resource Scheduler (DRS) are two other
servicesthat operatén conjunction with ESX Server and ESK9]. VMware VMotion enables
live migration if VMs betweerphysical nodesA migration can be initiated manually by system
administrators or programmaticalyMware DRS monitors theesource usage i pool of servers
and uses VMotion tocontinuously rebalance VMs according ttee current workload and load
balancing policy

VMware DRScontains a subsystem callgtlware Distributed Power Management (DPM)
to reduce power consumption by a pool of servers by dynamically sagtctif spare servefg9]

[50]. Servers are powered baaken therds a rising demand fothe resource capacity. VMware
DPM utilizes live migration to reallocadMs keepingthe minimal number of servers powered on.
VMware ESX Server and ViMare ESXi are free for use, whereas other components afarél
Infrastructure have a commercial license.
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7.1.3KVM

KVM is a virtualization platform, which is implemented asnadule of the Linux kernel
[51]. Under this model Linux works as a hypervisor, and all the VMs are regular processes
scheduled by the Linux scheduler. This approach reduces the complexity of the hypervisor
implementabn, as scheduling and memory management are handled by the Linux kernel.

KVM supports the 8 (hibernate)and S3 (sleep / stand by)ower states S4 does not
require any specific support from KVMn hibernatiorthe guest OS dumps memory state to a hard
disk and initiates powering off the computer. The hypervisor translates this signal into termination
of the appropriate process. @re next bootthe OS reads the saved memory state from the disk,
resumes from the hibernation and reinitializes all thea#svDuring the S3 state memory is kept
powered, and thus the content does need to be saved to a disk. However, the guest OS must save
states of the devices, as they should be restored on resume. During the next boot, the BIOS should
recognize the S3 staéad not initialize the devices, but jump directly to the restoration of the saved
devicestates. Therefore, the BIOS is modified in order to support such behaviour.

7.2 Energy Management for HypervisorBased Virtual
Machines

Stoess et a[45] haveproposed a framework for energy managemenirinalized servers
Typically, energyaware OSes assume full knowledge and full control otiee underlying
hardware, implying deviceor application level accoting for the energy usage. However, in
virtualized systems, a hardware resource is shared among multiple VMs. In such an environment,
device control and accounting information are distributed across the whole system, making it
infeasible for an OS to taka full control over the hardwar@his results in inability oenergy
awareOSes to invoke their policias the systemThe authors have proposed mechanisms for fine
grained guest Ofvel energy accounting and allocatidro encompass the diverse demands
energy management, the authlbbasepropossto use the notion of energy as the base abstraction in
the system, an approach similar to the currentcy model insiEE€dndescribed in Section 6.2

The prototypical implementation comprises two-sybtemsa hostlevel resource manager
and anenergyawareOS. The hostlevel manager enforces/stemwide power limits acrossvVM
instances.The power limits carbe dictated bya battery or power generator, or by thermal
constraints imposed bgeliability requirenents and the cooling system capacityThe manager
determines power limstfor each VM and device type, which cannot be exceeded to meet the
defined power constraintsThe complementaryenergyaware OS is capable of fine grained
applicationspecific energymanagementTo enable applicatiespecific energy management, the
framework supports accounting and control not only for physical but also of virtual deMigs.
enables guest resource management subsystems to leverage their apppeaifonknowledg.

Experimental results presented by the authors show that the prototype is capable of
enforcing power limits for energgware and energynaware guest OSes. Three areas are
considered to be prevalent for future work: devices with multiple power stategspors with
support for hardwarassisted virtualization, and muttore architectures.

8 Data Center Level

In this chapter recently proposed approadhesdeal with power managemeat thedata
centerlevel arediscussed The characteristics used ttassify the approaches are presented
Figure7.

% http://mww.linuxkvm.org/page/PowerManagement

26


http://www.linux-kvm.org/page/PowerManagement

Usuallyanapproachs based ormonsolidation otheworkloadacross physical nodés data
centers. The workload can be represented by incoming requests for online services or web
applications, or vidal machines. The goal is to allocate requests / virtual macturties mininal
amount of physical resources and turn off or put in sleep / hibernatetstadée resources. The
problem ofthe allocation is twofold: firstly, it is necessary to allocaw requests; secondly, the
performance of existing applications / VMs should be continuously monitored and if required the
allocation should be adapted to achieve the best possible-pewermancdradeoff regarding to
specified QoS.

Table 3 illustrates the most significant characteristics of the revievesgarch workgfull
table is given in Appendix B).

—{ Yes

. o

—{ Single resource

—{ Virtualization }—
—{ System resources }—
—{ Target systems }—

% Multiple resources

—{ Homogeneous

—{ Heterogeneous

Minimize power / energy
consumption

Minimize performance
Data center level }——{ Goal } Igss

—{ Meet power budget

—{ DVFS

—{ Power saving techniques }——{ Resource throttling
—{ DCD

—{ Workload consolidation
—{ Arbitrary

—{ Workload }——{ Real-time applications

—{ HPC-applications

Figure7. Data centelevel taxonomy

Table3. Data center levakesearch works

. Virtua - System Power-saving
Project name L Goal )
lization  resources techniques

Load Balancing and No CPU, disk Minimize power Server power
Unbalancing for Power storage, consumgpbn, minimize switching
and Performance in network performance loss
ClusterBased System, interface
Pinheiro et al[21]
ManagingEnergy and No CPU Minimize power Workload
ServerResources in consumption, minimize consdidation,
HostingCenters, Chase el performance loss server power

27



. Virtua - System Power-saving
Project name L Goal )
lization  resources techniques

al.[52] switching
Enegy-Efficient Server  No CPU Minimize energy DVFS, server
Clusters, Elnozahy et al. consumption, satisfy  power switching
[20] performance

requirements
Enegy-Aware No CPU, disk Minimize energy Workload
Consolidation for Cloud storage consumption, satisfy  consolidation,
Computing, Srikantaiah e performance server power
al.[53] requirements switching
Optimal Power Allocation No CPU Allocate the available DVFS
in Server Farms, Gandhi power budget to
al.[54] minimize mean

response time
EnvironmentConscious  No CPU Minimize energy DVFS, leveraging
Scheduling of HPC consumption and CO geographical
Applications Garg et b emissions, maximize distribution of data
[59] profit centers
VirtualPower: Yes CPU Minimize energy DFVS, soft scaling,
Coordinated Power consumption, satisfy VM consolidation,
Management in performance server power
Virtualized Enterprise requirements switching
Systems, Nathupnd
Schwan56]
Coordinated Multlevel Yes CPU Minimize power DVFS, VM
Power Management for consumption, minimize consolidation,
the Data Center, performance lossyhile server power
Raghavendra et dI57] meeting power budget switching
Power and Performance Yes CPU Minimize power DVFS, VM
Management of consumption, minimize consolidation,
Virtualized Computing performance loss serverpower
Environments via switching
Lookahead Control, Kusic
et al.[58]
Resource Allocation usin¢ Yes CPU Maximize resource Resource throttling
Virtual Clusters Stillwell utilization, satisfy
et al.[59] performance

requirements
Multi-Tiered OnRDemand Yes CPU, Maximize resource Resource throttling
Resource Scheduling for memory utilization, satisfy
VM-Based Data Cente performance
Song et al[60] requirements
Shares and Ultilities baset Yes CPU Minimize power DFVS, soft scaling

Power Consolidation in
Virtualized Server
Environments, Cardosa e

consumption, minimize
performance loss
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Virtua - System Power-saving

Project name L Goal )
lization  resources techniques

al.[61]
pMapper: Power and Yes CPU Minimize power DVFS, VM
Migration Cost Aware consumption, minimize consolidation,
Application Placement in performance loss server power
Virtualized Systems, switching
Verma et al[62]
Resource pool Yes CPU, Maximize resource VM consolidation,
management: Reactive memory utilization, satisfy server power
versts proactive Gmach performance switching
et al.[63] requirements
GreenCloud: Energy Yes CPU Minimize energy Leveraing
Efficient and SLAbased consumption, satisfy  heterogeneity o
Managemenof Cloud performance Cloud data centers
Resources, Buyya et al. requirements DVFS
[64] [65]

8.1 Implications of Cloud Computing

Cloud computing has become a very promising paradigm for both consumers and providers
in various areas including science, engineering @oidto mentionbusiness. ACloud typically
consistsof multiple resources possibly distributed and heterogenedtiugh the notion of a
Cloud has existed in one form or another for some time now (its roots can be traced back to the
mainframe erg66]), recent advances in virtualization technologies and the business trend of
reducing the TCO in particular have made it much more appealing compared to when it was first
introduced. There are many benefits from the adoption and deploymer€lamids, suchas
scalability and reliability; howeve€louds in essence aim to deliver more economical solutions to
both parties (consumers and providers). By economical we mean that consumers only need to pay
per their use and providers can capitalize poorly utiliesdurces. Frothepr ovi der 6 s per
the maximization of their profit is a high priority. In this regard, the minimization of energy
consumption plays a crucial role. Recursively, energy consumption can be much reduced by
increasingthe resource ulization. Moreover, Cloud applications require movement of large data
sets between the infrastructure and consumers, thus it is essential to consider both compute and
network aspects of energy efficienf§7]. Energy usage in larggcale compumg systems like
Clouds also yields many other concerns including carbon emissions and system reliability.

Reduction in energy consumption by more effectively dealing with resource provisioning
(avoidance of resourcender/over provisioningjnay be obtainedl6g]. Large profitdriven Cloud
service providergypically develop and implementetter power managemensince they are
interested irtaking all necessary means to reduce energy costs to maximize their profit.

8.2 Non-Virtualized Systems

8.2.1 Load Managementfor Power and Performance in Clusters

Pinheiro et al[21] haveproposé a technique for maging a cluster of physical machines
with the objectiveof minimizing the power consumptignwhile providingthe required QoSThe
authors claim that they present a new direction of research as all previous works deal with power
efficiency in mobile systemor load balancing in clusters. The main technique to minimize power
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consumption ighe load concentration, or unbalancing, while switching idle computing nodes off.
The approach requires dealing witihe powerperformance tradeff, as performance of
apdications can be degraded duehieworkload consolidation. The authors ukethroughput and
execution time of applicati@as constraints for ensurirtje QoS. The nodes are assumed to be
homogeneous. The algorithm periodically monitors the loaddsomieswhich nodes should be

turned on or off to minimizeéhe power consumption by the system, while providing expected
performance. To estimate the performance the authors apply a notion of demand for resources,
where resources include CPU, disk and nektworterface. This notion is used to predict
performance degradation and throughput due to workload migration based on historical data.
However, the demand estimation is stati¢the prediction does not consider possible demand
changes over time. Moreovelye to sharing afheresource by several applications, the estimation

of theresource demand for each application can be complex when the total demand exceeds 100%
of the available resource capacity. For tl@ason throughput degradation is not estinthte the
experimental study. To determine the time to add or remove a node the authors introduce a total
demand threshold that is set statically for each resource. This threshold is also supposed to solve the
problem ofthe latency caused byrede additio, but may lead to performance degradation in the
case of fast demand growth.

The actual load balancing is not handled by the system and has to be managed by the
applications. The algorithm is executed a master nodthat creates a single point of fare and
might become a performance bottleneck in a large system. In addition, it is claimed that
reconfiguration operations are timmensuming and the implementation of the algorithm adds or
removes only one node at a time that may also be a reason forredgtion in largescale
environments.

The authordavealso investigatethe cooperation between applications and OS in terms of
power management decisions. They found that it can help to achieve more efficient control.
However, the requirement for suchoperation leads to loss of the approach generality. Generality
is also reduceds the system has to be configured for each applicafiois. problemcan be
eliminated by application of virtualization technolody evaluate the approacHet authordrave
conducted several experimental studies with different types of workloadsappébations and
compute intensive application¥he approach can be applied to makirvice mixedvorkload
environments with fixed SLA.

8.2.2 Managing Energy and Server Resources inHosting Centers

Chase et al.52] havestudiedthe problem of managing resources in Internet hosting centers.
Resources are shared among multiple service applications with specified tBefroughput and
latency. The authors have developed an OS for an Internet hosting center (Muse) that is a
supplement for operating systems of individual servers and supposed to manage and coordinate
interactions between the data center's components. The manctahst from previous work is that
the objective is not just to schedule resources efficiently, but also minimize the consumption of
electrical power byhe system components. In this work this approach is applied to data centers in
order to reduceoperaing coss (power consumption by computing resources and cooling system);
carbon dioxide emissionsind thus the impact on the environment; thermal vulnerability of the
system due to cooling failures or high service load; and-pra@risioning in capacity lanning.

Muse addresses these problems by automatically scalingthagower demand (and therefore
waste heat) when appropriate. Such a control over resource usage optimizes {0 breiteeen
service quality and price, allowing the support of flegiBILA negotiatedetweenconsimers and a
resource provider.

The main challenge is to determine resource demand of each application at its current
request load level, and to allocate resources in the most efficient way. To deal with this problem the
authos applyan economic framework: the system allocatesources in a wayat maximizes the
"profit" by balancing the cost of each resource unit against the estimated atilibe "revenue”
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that is gained from allocating that resource unit to a servieeices "bid" for the resources in

terms of volume and quality. This enables negotiation of the SLA accordthg @dvailable budget

and current QoS requirements, i.e. balancing cost of resource usage (energy cost) and benefit gained
due to usage of thisesource. This enables a data center to imptbeenergy efficiency under
fluctuating workload, dynamically match load and power consumption, and respaefuljly to

resource shortages.

The system maintains an active set of servers selected to squasteefor each service.
Network switches are dynamically reconfigured to change the active set when necessary. Energy
consumption is reduces by switching idle servers to power saving states (e.g. sleep, hibernation).
The system is targeteat theweb workoad whichleads to "noise” in the load data. The authors
address this problem by applg of the statistical "flipflop" filter, which reduces the number of
unproductive reallocations and leads to more stable and efficient control.

This work has created foundation for the numereous studies in power efficient resource
allocation at the data center level, however, the proposed approach has several weaknesses. The
system deals only with CPU management, but does not take into account other system resources,
such as memory, disk storage and network interface. It utilizes Advanced Power Management
(APM), which is an outdated standard for IAv@ised systems, while currently adopted by industry
standard is ACPI. The thermal factor is not considered as weledstency due to switching
physical nodes on / off. The authors have pointed out that the management algorithm is stable, but
it turns out to be relatively expensive during significant changeth i workload. Moreover,
heterogeneity of the software dmuration requirements is not handled, which can be addressed by
applying the virtualization technology

8.2.3 Energy-Efficient Server Clusters

Elnozahyet al.[20] have exploredhe problenof powerefficient resource management in a
singleservice environment for wedpplications with fixed SLA (igponse time) and auto lcad
balancing running on a homogeneous clustére motivation for the work ishe reduction of
operating cost and improvanent of the errorproneness due to overheating. Two power
management mechanisms are applied: switching physical nodesdooff (vary on vary off,
VOVO) and DVFS ofthe CPU, whereas other system resources are not considered as they
"consume a smaller frdon of the total system power consumption”.

The authorshave propose five policies for resource management: Independent Voltage
Scaling (IVS), Coordinated Voltage Scaling (CVS), ‘&g VaryOff (VOVO), Combined Policy
(VOVO-IVS) and Coordinated CombiddPolicy (VOVO-CVS). The last mentioned policy is stated
to be the most advanced and is provided \aittetailed description and mathematical model for
determining CPU frequency threshald$e thresholdslefine when it is appropriate to turn on an
additional physical node or turn off an idle node. The main idea of the policy is to estimate total
CPU frequency required to provide expected response time, determine the optimal number of
physical nodes and set the proportional frequency on all the nodes.

The experimental results show that the proposed IVS policy can provide up to 29% energy
savings and is competitive with more complex schemes for some workloads. VOVO policy can
produce saving up to 42%, whereas coordinated voltage scaling policy in conjwittiorOVO
(VOVO-CVS) results in 18% higher savings that are obtained using VOVO sepakitelgver,
the proposed approach is limited in the following factors. The transition time for starting up an
additional node is not considered. Only a single apdicas assumed to be run on the cluster and
the load-balancing is supposed to be done by an external sydtemreover, he algorithm is
centralized that creates a single point of failure and reduces the s&hility The workload
data is not approriated, whiclcanlead to irefficient decisions due to fluctuatiomsthe demand
No other system resources except for CPU are considered in resource management decisions.
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8.2.4 Energy-Aware Consolidation for Cloud Computing

Srikantaiah et al.[53] have investigated the problem of dynamic consolidation of
applications serving small stateless requests in data centers to mithenez@ergy consumption.

First of all, the authors have explored the imipEfdhe workload consolidation othe energyper
transaction metric depending on both CPU and disk utilizations. The obtained experimental results
show thatthe consolidation influences the relationship between energy consumption and utilization
of resouces in a notirivial manner. The authors have found thia¢ energy consumption per
transaction results in "UShaped curve. When the utilization is low, due to high fracticheitlle

state, the resource is not efficiently used leading to a more expeinsierms ofthe energy
performancemetric On the other hand, high resource utilization results in increased cache miss
rate, context switches and scheduling conflicts. Therefbeegnergy consumptiobecomeshigh

due tothe performance degradation carconsequeht longer execution time. For the described
experimental setup the optimal pantf utilization are at 70% and 50% for CPU and disk
utilizations respectively.

According to the obtained results, the authors stated that the gdlé ehergyaware
consolidation is to keep servers well utilized, while avoidimgperformance degradation due to
high utilization. They modeled the problem as a rrdiltiensional bin packing problem, in which
servers are represented by bins with each resource (@kUnpeemory and network) considered as
a dimension of the bin. The bin size along each dimension is defined igtdreninedoptimal
utilization level. The applications with known resource utilizations are represented by objects with
an appropriate sizeieach dimensiofifhe mnimization of the number of bins is stated as leading
to the minimization oftheenergy consumption due to switching off idle nodes. However, the model
does not describe performance of applicaitmt can be degraded due ttte consolidation.
Moreover,the energy consumption may depend on a particular set of application combined on a
computer node.

The authors have proposed a heuristic for the defined bin packing problem. The heuristic is
based on idea of minimization of the suntteé Euclidean distances of the current allocations to the
optimal point at each server. As a request to execute a new application is received, the application is
allocated to a server using the proposed heuristic. If the capacity of active serveiiéed, falhew
server is switched on, and #tle applications are reallocated using the same heuristic in an arbitrary
order. According to the experimental results, the energy used by the proposed heuristic is about
5.4% higher than optimal. The proposegmached is suitable for heterogeneous environments,
however, it has several shortcomings. First of all, resource requirements of applications are assumed
to be known a priory and constant. Moreover, migratiostafefull applications between nodes
incurs performance and energy overhead, which are not considered by the authors. Switching
servers on / off also leads to significant costs that must be considered forwantdasystem.
Another problem with the approach is the requirement of an experinstntyl to obtain optimal
points of the resource utilizations for each server. Furthermore, the decision about kkeping
upperthresholdof the resourceutilization at the optimal point is not justified as thglization
above the thresholcansymmetricély provide the same energertransaction level.

8.2.5 Optimal Power Allocation in Server Farms

Gandhi et al[54] have studiedhe problem of allocating an available power budget among
servers in a vtualized heterogeneous server farm to minimize mean responsefotintéPC
applicatonsThe aut hors have investigated how serve
the server6s power consumption. T h estatahRVWS® con
(P-states) and DVFS+DFS (coarse grainestd&es combined with fine grainedstates) for CPU
intensive workloads. The results show linear petedrequency relationship for DFS and DVFS
techniques and cubic square relationship for DVFS+DFS.
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Given the poweto-frequency relationship, the authors consider the problem of finding the
opti mal power allocation as a problem of dete
with ensuring minimization of the mean response tifieeinvestigatelie effect of different factors
on the mean response timie authors have introduces queuing theoretic modéhat allows
prediction of the mean response time as a functiahepowerto-frequency relationship, arrival
rate, peak power budget, etc. Timedel also allows determining the optimal power allocation for
every possible configuration of the above factors.

The approach has beerperimentallyevaluated against different types of workloatise
results show thaan efficient power allocation casignificantly vary for different workloads. To
gain the best performance constrained by a power budget, it is not always optimal to run a small
number of servers at their maximum speed. Oppositely, depending on the workload it can be more
efficient to runmore servers but at lower performance levElse experimental results shothat
efficient power allocation casubstantiallymprove server farm performanceup to a factor of 5
and by a factor of 1.4 on average.

8.2.6 Environment-Conscious Scheduling oHPC Applications

Garg et al[55] have investigated the problem of energy and, €fficient scheduling of
HPC applications in geographically distributed Cloud data cenfthesaim is to pyvide HPC users
with the ability to leverage highnd computing resources supplied by Cloud computing
environments omlemand and in a paasyou-go basisThe authors have addressed the problem in
the context of a Cloud resource provider and presentedstiesirfor energiyefficient meta
scheduling of applications across heterogeneous resource sites. Apart from reducing the
maintenance costs, which results in higher profit for a resource provider, the proposed approach
decreases carbon dioxide footprintsieTproposed scheduling algorithms take into account energy
cost, carbon emission rate, workload and CPU power efficiency, which change across different data
centers depending on their location, design and resource management system.

The authors have proped five scheduling policies, two of which minimize carbon dioxide
emissions, two maximize the profit of resource providers, and the last one is @ljedtive
policy that minimizes C@emissions and maximizes the profit. The mahjective policy findgor
each application a data center, which provides the least carbon dioxide emissions, among data
centers able to complete an application by its deadline. Then among all the apptletdi@enter
pairs, the policy chooses one, which results in the malqomofit. These steps are repeated until all
the applications are schedul@he energy consumption is also redilibg applying DVFS for all
the CPUs in data centers.

The proposed heuristics have been evaluated using simulations of different scenarios. Th
experimental results have shown that the eneagyric policies allow the reduction of energy costs
by 33% on averageThe proposed muklbbjective algorithm can be effectively applied when
limitations of carbon dioxide emissions are desirable by resouroviders or forced by
governments. This algorithm leads to reduced carbon emission rate, while maintains a high level of
the profit.

8.3 Virtualized Systems

8.3.1 VirtualPower: Coordinated Power Management

Nathuj and Schwan[56] have investigated the problem of power efficient resource
management in largecale virtualized data centers. This is the first time when power management
techniques have been explored in the context of virtualized sysféme authorsavepointed out
the following benefits of virtualization: improved fault and performance isolation between
applicationssharing the same resource; ability to relatively easy move VMs between physical hosts
applying live or offline migrationsupport for hardware and software heterogeneity, which they
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investigated in their previous wofk9]. Besideghe hardware scaling and VMs consolidation, the
authors apply a new power managementnggrein the context of virtualized systemalled "soft
resource scaling”. The idea is to emulate hardware scaling by providing a VM less time for utilizing
the resource usintpe VMM's scheduling capabilityi Sof t 6 scal ing i s useful
is not supported or provides/ery small power benefit.fie authors have found that combination of
"hard" and"soft" scaling may provide higher power savings due to usually limited number of
hardware scaling states.

The goals of the proposed approack snpport for isolated and independent operation of
guest VMs, and control and coordination of diverse power management policies applied by the
VMs to resources. The system intercepts guest VMs' ACPI calls to perform changes in power states,
map them on &ft' states and uses as hints for actual changdeimardwaré power state. In this
way the system supports guest VM's system level or application level specific power management
policies, while maintaining isolation between multiple VMs sharing theegahysical node.

The authors propose to split resource management into local and global pétitieslocal
level the system coordinates and leverages power management policies of guest VMs at each
physical machineAn example of such a policy is the-demand governor integrated into the Linux
kernel. At this levelthe QoS is maintained as decisions about changes in power states are issued
externally, by guest OS specific policies. However, the drawback of aschution is thatthe
power managementay be inefficient due ta legacy or non poweaware guest OS. Moreover,
power management decisions are usually done with some slack and the aggregated slack will grow
with the number of VMs leading to undeptimal management. The authors have describeeral
local policies aimed ahe minimization of power consumption under QoS constraarid at power
capping. The dobal policies are responsible for managing multiple physical machinesissnd
knowledgeof rack or bladelevel characteristics and raggments. These policies consolidate VMs
using migration in order to offload resources and place them into power saving State
experiments conducted by the authors show that usage of the proposed system leads to efficient
coordination of VM and appkationspecific power management policiesdreduces thg@ower
consumption up to 34% with little or no performance penalties. However, the authors do not
provide a detailed description of the global policies useditigihe analysis of the approach.

8.3.2 Coordinated Multi -level Power Management

Raghavendra et a|57] haveinvestigate the problem of power management for a data
center environment by combining and coordinating five diverse power maaagewiicies.The
authors argue that althoughcentralized solution cabe implementedto hande all aspects of
power management, it is more likely for a business environment that different solutions from
multiple vendors will be applied. In this casasitnecessary to solve the problem of coordination
between individual controllers to provide correct, stable and efficient control. The authors classify
existing solutions by a number of characteristics includhmobjective function, performance
constrants, hardware / software and local / global types of polidibee.range of solutions that fall
into this taxonomy can be very wide. Therefore, instead of trying to address the wholes space, the
authors focus on five individual solutions and propdise appropriate power management
controllers. Thg haveexploral the problem in terms of control theory and apply feedback control
loop to coordinatéhe controllers' actions.

The efficiency controller optimizes average power consumption by individual serviérs.
controller monitors the utilization of resources, based on the past history predicts future demand and
appropriately adjustthe P-state of the CPUThe server manager implements power capping at the
server level. It monitors power consumption by iveeand reducethe P-state ifthe power budget
is violated. The enclosure manager and the group manager implement power capping at the
enclosure and data center level respectivEhey monitor individual power consumptions across a
collection of maching and dynamically Hprovision power across systems to maintéi@group
power budgetThe power budgets can be provided by system designers based on thermal or power
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delivery constraints, or by high level power managers. The VM controller reduces power
consumption across multiple physical nodes by dynamically consolidating VMs and switching idle
servers off The authors provide integer programming model for the problem of optimization of VM
allocation. However,the proposed model does not providepmtedion from unproductive
migrations due to workload fluctuatioasd does not showolw SLA can be guaranteed in cases of
fast changes in the workloadurthermorethe transition time foreactivating serveras well as the
ability to handle multiplessystenresourcespart from the CPldre not considered.

The authorshave provided experimental results, which show the ability of the system to
reduce the power consumption under different workloads. The auth@ge pointed out an
interesting outcome of the expwent: the actual power savings can vary depending on the
workload, but "the benefits from coordination are qualitatively similar for all classes of workloads".
In summarythe authorfiave presentetthe systenior coordination ofdifferent power manageme
policies. However, the propossgistemis not able toensuremeeting QoS requiremenas well as
variable SLA from different applications. Therefore, the solution is suitable for enterprise
environments, but not for Cloud computing providers, where nmmet@ble QoS and a
comprehensive support for Slakeessential.

8.3.3 Power and Performance Management via Lookahead Control

Kusic et al.[58] have explored the problem of power and performance efficisoiuree
management in virtualized computing systems. The problem is narrowed to dynamic provisioning
of VMs for multi-tiered webapplications according to current workload (humber of incoming
requests). SLA for each applicatiare defined athe request pocessing rate. The clients pay for
the provided service and receive refund in case of violated SLA as a penalty to the resource
provider. The objective is to maximize resource provider's profit by minimizing both power
consumption and SLA violation. Thegiiem is stated as a sequential optimization and addressed
usingLimited LookaheadControl (LLC). Decision variables to be optimized are the following: the
number of VMs to provision to each service; the CPU share allocated to each VM; the number of
serves to switch on or off; and a fraction of incoming workload to distribute across the servers
hosting the service.

The workload is assumed to be quickly changing, which means that resource allocations
must be adapted over short time perio@s"in order of texs seconds to a few minutes". Such
requirement makes essential high performance¢hefoptimization controller. The authors also
incorporated in the model time delays and incurred costs for switching hosts and VMs on / off.
Switching hosts on / off as wedk resizing and dynamic consolidation of VMs via offline migration
are applied as power saving mechanisms. However, DVFS is not performed due to low power
reduction effect aargued by the authors.

The authors have appligcalman filter to estimate theumber of future requests, which is
used to predict future system state and perform necessary reallocations. Thehavtorsvided
amathematical model for the optimization problem. The utility function isaiglre and includes
risks of "excessive swihing caused by workload variability" as well as transient power
consumption and opportunity costs. However, the proposed model requires sirrudatoh
learning for the application specific adjustments: processing rate of VMs with different CPU shares
must be known a priori for each application. This fact kgenerality of the approach. Moreover,
due to complexity of the model the optimization controller execution time reaches 30 minutes even
for a small experimental setyf5 host¥ which is not suable for largescalereatworld systems.

The authors haveppled neural networks to improvéhe performance however,the provided
experimental results are only for 10 hostsd thus are not enough to prdakie applicability ofsuch
atechniqueThe exgrimental results show that a server cluster managed using LLC saves 26% in
the power consumption costs over a 24 hour period when compared to an uncontrolled system.
Power savings are achieved with 1.6% SLA violations of the total number of requests.
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8.3.4 Resource Allocation using Virtual Clusters

Stillwell et al.[59] have studiedhe problem of resource allocation for HR@plications in
virtualized homogeneous cluster$he objective is to maximizeesource utilization, while
optimizing usefcentric metric that encompasses both performance and faiwigshis referred to
asthe yield The idea is to design a scheduler focusing on aaesgric metricThe yield of a job is
fa fractiiomumfadhisevmealxl e compute rate that 1is
job consumes computational resources at its peak rate.

To formally define the basic resource allocation problem, the authorsakaumed thain
applicationrequires only one VMnstance;thea p p | i ccamputational power and memory
requirements are static and known a pridhe authors have defined a Mixed Integer Programming
Model that describes the problem. However, the solution of the model requires an exponential time
and thus can be obtained only for small instanceshe problem The authors have proposed
several heuristics to solve the problem and watald them experimentally across different
workloads.The results show that that the mudéipacity bin packing algithm that sorts tasks in
descending order by their largest resource requireroetgerforms or equals to all the other
evaluated algorithms in terms of minimum and average yield, as well as failure rate.

Subsequently, the authors have relaxed the statean@sions and considered the cases of
parallel applications and dynamic workloads. The researchers have defined a Mixed Integer
Programming Model for the first case and adapted the previously designed heuristics to fit into the
model. The secondaseallows migration of application® address the variability of the worklgad
but the cost of migration is simplified and considered as a number of bytes required to transfer over
network.To limit the overhead due to VM migration, the authors fix the amouoytek that can be
reallocated abne time The authorshave provided a Mixed Integer Programmindylodel for the
definedproblem however, no heuristics have been proposed to solvesagje problem instances
Limitations of the proposed approach are that other system resources except for CPU are
considered n t he optimization and that the applica:
priori, which is not typical in practice

8.3.5 Multi-Tiered On-Demand Resource Scheduling

Song et al[60] havestudied the problem afficientresourceallocationin multi-application
virtualizeddata centersThe objective is to improve the utilization of resource leading to reduced
energy consumipan. To ensurghe QoS theresources are allocated to applications proportionally
according tothe applicatiors @riorities. Each applicatioman be deployedusing several VMs
instantiated on different physical nodés.resource management decisiamdy CPU and RAM
utilizations are taken into accounin cases of limited resources, the performanca lofv-priority
application is intentionally degraded and the resources are allocated to critical appliddt®ns.
authorshavepropose scheduling at threlevels: the applicatiotevel scheduler dispatches requests
among application's VMs; the loelvel scheduler allocates resources to VMs running on a
physical node according to their priorities; the gleleakl scheduler controls the resource "flow"
amag applicationsRat her than apply VM migration to i
authors pranstantiate VMs on a group of physical nodes and allocate fractions of total amount of
resources assigned to an application to different VMs.

The authordiavepreseneda linear programmingnodel for the resource allocation problem
and heuristic for this model. Theyave provided the experimental results for three different
applications running on a cluster: a wegtplication, a database and a virtualizeficefapplication
showing that the approach allowatisfaction of thedefined SLA.One of the limitations ofhie
proposed approachis that it requires machingearning to obtain the utility functions for
applications.Moreover, t does not utilize VM migrgon to adapt the allocatiom runtime. The
approach is suitable for enterprise environments, wherécappn can have explicitly defined
priorities.
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8.3.6 Shares and Utilities based Power Consolidation

Cardosa et al[61] have investigatedhe problem of poweefficient VM allocation in
virtualized enterprise computing environmeritfiey leverage min, max and shares parameters,
which are supported by the most modern VM managers. Min and max allowse¢heo specify
minimum and maximum of CPU time that can be allocated to a VM. Shares parameter determines
proportions, in which CPU time will be allocated to VMs sharing the same resource. Such approach
suits only enterprise environments, as it does nppartstrict SLA and requires the knowledge of
theapplicatiorsopriorities.

The authors provide a mathematical formulation of the optimization problem. The objective
function to be optimized includdabe power consumption and utility gained from execntiof a
VM, which is assumed to be known a priori. The authors provide several heuristics for the defined
model and experimental resulfs.basic strategy is to pack all the VMs at their maximum resource
requirements in a firdit manner and leave 10% afspare capacity to handle the future growth of
the resource usage. The algorithm leverages heterogeneity of the infrastructure by sorting physical
machines in increasing order of the power cost per unit of capacity. The limitations of the basic
strategy ee that it does not leverage relative values of different VMs, it always allocates a VM at its
maxi mum resource requirements and uses only ¢
been used as the benchmark policy and improved throughout thegvapéually culminating in
the recommended PowerExpandMinMax algorithm. In comparison to the basic policy, this
algorithm uses the value of profit that can be gained by allocating an amount of resource to a
particular VM. It leverages the ability to shriaBkVM to min resource requirements when necessary
and expand it when it is allowed by the spare capacity and can bring additionalTgrefgower
consumption cost incurred by each physical server is deducted from the profit to limit the number of
serverdn use.

The authors havesvaluaté the proposed algorithmen a range of largecale simulations
anda small real data center testbed. The experiaheasults showhat thePowerExpandMinMax
algorithm consistentlyoutperforms the other policiegcross éroad spectrum of inputs varying
VM sizes and utilities, varying server capacities and varying power costs. One of the experiments
on a real testbed showed that the overall utility of the data center can be improved b& 47%.
limitation of this work is hat migration of VMs is not applied in order to ad#dpt allocation of
VMs in runtime’i the allocation is static. Another problem is that no other system resources except
for CPU arehandled by the modeMoreover, the approachequires static definitiorof the
applicatiors Prioritiesthat limits generality and applicability in reaborld environments

8.3.7 pMapper: Power and Migration Cost Aware Application Placement

Vermaet al.[62] haveinvestigate the problem of dynamic placement of applications in
virtualized systemswhile minimizing the power consumptioandmaintainingthe SLA. To address
the problem the authotmvepropose the pMapper application placement framework. It consists of
three mangers and an arbitrator, which coordinates their actions and makes allocation decisions.
Performance Manager monitatise application® behavior and resizeVMs according tocurrent
resource requirements atite SLA. Power Manager is in charge of adjustiregdware power states
andapplying DVFS. Migration Manager issues instructions for live migration of VMs in order to
consolidatethe workload. Arbitrator has a global view of the system and makes decisions about
new placements of VMs and determines whiddsvand on which nodes should be migrated to
achieve this placement. The authors claim that the proposed framework is general enough to be able
to incorporate different power and performance management strategies under SLA constraints.

The authors haviermulated the problem as a continuous optimization: at each time frame
the VM placementshould beoptimized to minimizethe power consumption and maximizke
performance. They make several assumptions to solve the problem, which are justified by
experimentaktudies. The first of them the performance isolation, which means tha¥M can be
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seen by an application running on that VM as a dedicated physical serveheutharacteristics
equal tothe VM parameters. The second assumption is thadurationof a VM live migration
doesnot depend orthe background loadand the cost of migration can be estimated a poased
on the VM size angrofit decreaseaused by aisLA violation. Moreover, the solution doest
focuson specific applicatiomand can b applied to any kind dhe workload. Another assumption
is thatthe power minimization algorithntan minimizethe powerconsumption without knoing
theactual amount of power consumed by the application.

The authordavepresentd several algorithms too$ve the defined problem. They consider
it as a bin packing problem with variable bin sizes and coses.bns, itens to pack and bin costs
represent servers, VMs and power consumption of servers respeciivedplvethe bin packing
problem FirstFit Decreasing algorithm (FFDh)as beeradapted to work for differelyt sized bins
with item-dependent cost functions. The probleas beendivided into two sufproblems:in the
first part, newutilization valuesare determinedor each servebased on the codtinctions and
required performancen the secongbart, the applicationsare packedinto serverdo fill the taget
utilization. This algorithm is callesnin Power PackingmPP) The first phase of mPP solves the
cost minimization problemwhereas the send phase solves the applicatiplacementproblem.
mPPis also adapted to redutlee migration cost by keeping track of the previous placement while
solving the second phase. This variant is termed mPPH. Finally, the placement alpastieen
designed hat optimizes the power and migration ctstdeoff (pMaP). A VM is chosen to be
migrated only if the revenue due to the new placement exceeds the migratiggMagstsearches
the space between the @dd newplacemerdg and findsa placement that minimes the overall cost
(sum ofthe power and migration cagt The authordhaveimplementecthe pMapper architecture
with the proposed algorithms and performed extensive experiments to vielafBciency of the
approach. The experimental results shimat the approackallows saing about 25% of power
relatively tothe Static and Load Balanced Placement algorithms. The researchers suggest several
directions for future work, such as consideration of memory bandwidth, more advanced application
of idle stats and extension of the theoretical prove of the problem.

8.3.8 ResourcePool Management: Reactive/ersusProactive

Gmachet al.[63] have studied the problem of energfficient dynamic consolidation of
VMs in enterprise environments. The authors have proposed a combination of-basede
workload placement controller and a reactive migration controller. The-lies=sl workload
placement controller collects data on resource usage by VMs instantidteddiata center angses
this historical information to optimize the allocation, while meeting the specified quality of service
requirements.This controller performs mukbbjective optimization by trying to find a new
placement of VMs that will minimizehe number of server needed to serve the workload, while
limiting the number of VM migrationsequiredto achieve the new placemeiithe bound on the
number of migrations is supposed to be set by the system administrator depending on the acceptable
VM migration overheadThe controller places VMs according to their peak resource usage over the
period since the previous reallocation, which is set to 4 hours in the experimental study.

The reactive migration controller continuously monitors the resource tithzaf physical
nodes and detects when the servers are overloaded or underldadmhtrast to the traeeased
workload placement controller, it acts based on thetme& data on resource usaged adapts the
allocationin a small scale (every minQtelrhe objective of this controller is to rapidigspond to
fluctuations in the workloadThe controller is parameterized by two utilization thresholds that
determine overload and underload conditichis.overloading occurs when the utilization of CPU
or memory of a server exceeds a given threshold. On the other hand, an underloading occurs when
the CPU or memory usage averdgwer all the physical nodes falls below a specified threshold.
The threshold values are statically set depending on the perfa@raaalysisand quality of service
requirements.

38



The authors have proposed several policies based on different combinations of the described
optimization controllerswith different utilization thresholdsThe simulatiordriven evaluation
using threemonthsof realworld workload traces for 138 SAP applications has shown that the best
results can be achieveday applying both optimization controllers simultaneously rather than
separatelyThe best policy invokes the workload placement controller every 4 laodrsvhen the
servers are detected to be lightly utilized. The migration controller is executed in parallel to tackle
overloading and underloading of servers when they occur. This policy provides minimal CPU
violation penalties and requires-20% more CPl¢apacity than the ideal case.

8.3.9 GreenCloud: Energy-Efficient and SLA-based ManagemenCloud Resources

Buyya et al.[64] haveproposedhe GreenCloud proje@imed at development @nergy
efficient provisioning of Cloud resourcesvhile meeting QoS requirements defined in SLA
established through a negotiation between providers and consurherprojecthasexplored the
problem of powesaware allocation of VMs in Cloud data centersdpplication services based on
user QoS requirements such as theadline and budgetconstraints[65]. The authors have
introduced a redime virtual machine model. Under this model, a Cloud provider praxgsuMs
for requested redlme applications and ensures meetimg specified deadlineonstraints

The problem is addressedssverallevels. At the first level, a user submits a request
resource brokefor provisioning resources for an applicatioonsisting of a set of sttiasks with
specified CPU and deadline requiremeiitse broker translates the specified resource requirements
into a request for provisioning VMs and submits the request to a number of Cloud data €heters.
data centers returthe price of provisioning VMs for thdoroke s request i f t
requirement can be fulfilledl he brokerchooss the data center that provides the lowest price of
resource provisioningT he sel ected data cendgterauesedWMstpr oV i
the physical resources f ol | owed by | aunc hTheagthotsha/erapssedr 6 s
three policies for scheduling realime VMs in a data center using DVFS to redule energy
consumption, while meeting deadline constraints and immaxg the acceptance rate of
provisioning requests.The LowestDVS pol i cy ad]j -statd te thd lbwest EVRIU O s
ensuring that all the redime VMs meet their deadline$. h e AdwvancedDVS policy overscales
the CPU speed upeatceptaicéaate. dhe Adamd¥8 poticg usesiihe M/M/1
gueueing model to calculate the optimal CPU speed if the arrival rate and service timdiofereal
VMs can be estimated in advance.

The propose@pproach habeen evaluated via simulations using loudSim toolki{70].
The simulations results have shown thafdvancedDVS shows the best performance in terms of
profit perunit of theconsumed powersthe CPU performance is automatically adjusted according
to the system load-he performance ohdaptive DVS is limited by thesimplified queueing model.

O Condusions and Future Directions

In recent yeas;, energy efficiency has emerged as one thie mostimportant design
requirementgor modern computing systems, such as data centers and Clouds, as they continue to
consume enormous amosndf electrical power Apart from high operating cost incurred by
computing resources, this leads igngficant emissions of carbon dioxide into the environmé&iat.
example, currently IT infrastructures contribute about 2% of total GGiprints. Unless enegy-
efficienttecmi ques and al gorithms to manage computin
in the worl dbés enehrngnyissionois sxpatpd to capidly gmihis € O
obviously unacceptable in the agkclimate change and global warmirig.this chapter, we have
studied and classifiedifferent waysto achievegpowerand energefficiency in compuhg systems
The recent developments have bebscussedndcategorizemverthe hardware, operating system,
virtualization and data centelevels.
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Efficient power management in comipgtsystems is a weknown and extensively studied
in the past problenmintelligent management of resources may lead to significant reductithre of
energy consumption bg system, while meeting the performance requiremdggaxation of the
performance constraints usually results in further decreased energy consuEifitant resource
management is extremely important &ervers and data centers comprising multiple computer
nodes. In largescale data centethe cost ofenergy consumed by computing nodes and supporting
infrastructure (e.g. cooling systeppower supplies, PDJUucan exceed the cost of the infrastructure
itself in a few yearsOne of the most significant advancements that has facilitated further
developmenin the area is the implementation tbie DVFS capability by hardware vendors and
subsequent introduction of ACPI. These technologaésenablel software control ovethe CPUS s
power consumption traded fthve performanceManaging power from this leved straightforward:
the utilization of CPU is monitoreandits clock frequency and supply voltage pair is continuously
adjusted to ratch current performance requiremenite maturity of this technique can be
illustrated by the fact that widely spreachuk OS includes it as a kernel modulethis work we
have classified and surveygdriousapproacheso control power consumption by the system from
the OS levelapplying different power saving techniques and abstractidbhe \irtualization
technoloy has advanced the area bywrodudion of a very effective power sawy technique:
consolidation of the workloath VMs to the minimal number of physical nodes and subsequent
switching idle nodesoff. Besides theconsolidation,leading virtualization vendorgi.e. Xen,
VMware) similarly to Linux OS implement continuous DVFS.

The power management problem becomes more complicated when considered from the data
center level. In this case the system is represented by a set of interconnected computing nodes that
need to be managed as a single resource in order to mintheanergy consumptiorLive and
offline migrations of VMs offered by the virtualization technology hamable the technique of
dynamic consolidation of VMs according to current performance memeints.However, VM
migration leads to time delays and performance overhead, requiring careful analysis and intelligent
techniques to eliminate neproductive migrationshat can occur due the workload variationWe
have classified and discussed a nembf the proposed approaches to deal with the problem of
energyefficient resource management wirtualized and noivirtualized data centersCommon
limitations of the most of the works are that no other system resource except for CPU are
considered inke optimizationtransition timefor switching power states of the resource and VM
migration overheadare not handled leading to performance degradation; VM migration is not
applied to optimize the allocation in rime. More generic solution suitable famodern Cloud
computing environment should comply with the following requirements:

e Virtualizationof the infrastructureo support hardware and software heterogeneity and
simplify theresource provisioning.

e Application of VM migration to continuously agt the allocation and quickly respond

to changes in the workload.

Ability to handle multiple applications with different SLA owned by multiple users.

Guaranteed meeting of the QoS requirements for each application.

Support for different kind of applicats, mixed workloads.

Decentralization andhigh performanceof the optimization algorithm to provide

scalability and fault tolerance.

e Optimization considering multiple system resources, such as CPU, memory, disk storage
and network interface.

For the futue researchwork we propose the investigati of the following directions. First
of all, dueto the wide adoption of multcore CPUs, it is important to develop enesjijcient
resource management approaches that will leverage such archite&padsfron the CPU and
memory, another significant energy consumer in data center is the network interconnect
infrastructure. Therefore, it is crucial to develop intelligent techniques to manage network resources

4C



efficiently. One of the ways to achieve this fortvalized data centers is to continuously optimize
network topologies established between VMs, and thus reduce network communication overhead
and load of network deviceAnother direction for future work, which deals with ldewvel system

design, is impreement ofthe ppwer suppliesefficiency, as well as elelopment of hardware
components that support performance scaling proportionally to power consunieahurction of

the transition overhead caused by switching between different power atatd8V migration
overheadcan greatly advance energfficient resource management and has to be also addressed
by future researciCloud federations comprising geographically distributed data cdmgestobe
leveragedto improve the energy efficiencifficient workload distribution across geographically
distributed data centers can enable the reallocation of the workload to a place where energy or
cooling is cheaper (e.g. solar energy during daytime across different time zones, efficient cooling
duetoclimatecodi ti ons). Other i mportant directions
power consumption / CO2 emissions in Cloud environments and support for flexible SLA
negotiated between resource providers and uBerkling on the strong foundation pfior works

new projects are starting to investigate advanced resource management and power saving
techniquesNeverthelessthere aranany open challengebat becomevenmore prominent in the

age of Cloud computing.
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Appendix A. Operating system levetesearch works

. . Application System Target P°V.Vef .
Project name Approach / algorithm : Goal saving Workload Implementation
adaptation resources  systems .
technigues
The Ondemand The OS continuously monitors No CPU Arbitrary  Minimize power DVFS Arbitrary Part of Linux kernel
Governor, Pallipadi  theCPU utilization and sets the consumption,
and Starikovskiy19]  frequency and voltage accordin minimize
to performance requirements performance loss
ECOsystem, Zeng et The system determines overall Applications must CPU, Mobile Achiewvetarget Resource  Arbitrary Modified Linux
al. [37] [38] amount of currentcy and cooperate with the memory, systems battery lifetime throttling kernel (introduced a
distributes it between OS using power  disk new kernel thread
applications according to their based API storage, kenrgd)
priorities. Applications expend network
currentcy by utilizing the interface
resouces
Nemesis OS, Nemesisotifies applications if  Applications must CPU, Mobile Achievetarget Resource  Reattime New operating
Neugebauer and their energy consumption be able to adapt memory, systems battery lifetime throttling applications system, source
McAuley [39] exceeds the threshold. The their behavior disk coces are available
applications must adapt their ~ accordingto the storage, to download
behaviour according to the signals from the network
signals from the OS OS interface
GRACE,Sachs etal. Three levels of adaptation: Applications must CPU, Mobile Minimizeenergy = DVFS, Realtime Extension of Linux
[40] [41] global, perapplicationand be able to adapt network systems consumption resource multimedia  OS
internal.All the adgtation levels their behavior interface satisfy throttling applications
arecoordinated to ensure according to the performance
adaptation effective across all  signals from the requirements
levels 0S
Linux/RK, Rajkumar  Proposed four alternatn@VFS  No CPU Real Minimize energy  DVFS Arbitrary Realtime
et al.[42] algorithms. Each is suitable for time consumption, extensions to the
different ystem characteristics systems  satisfy Linux kernel
andis selected automatically by performance
thesystem requirements
Coda and Odyssey, Coda implements application  Applications must CPU, Mobile Minimize energy ~ Resource  Multimedia  Coda is
Flinn and transparent adaptation in the  be able to adapt  network systems  consumption throttling applicaions implemented as a
Satyanarayama [43] context of a distributed file their behavior interface allowing package for Linux,

system. Odyssey implements
application adaptation allowing
adjustment of the resource

according to the
signals from the
0S

application data
degradation

Odyssey is
integrated into
Linux




Power

Project name Approach / algorithm Application System Target Goal saving Workload Implementation
resources  systems .
technigues
consumption by the cosf
output data quality
PowerNap Meisner et Leveraging short idle periods in No System Server Minimize power DCD Arbitrary Extension to Linux
al.[44] the resource utilization using fa wide systems  consumption, oS
transitions to syste-wide low minimize
power states performance loss
Appendix B. Data center levekesearch works
. Virtua - . System Target POV.Vef .
Project name o Approach / algorithm Goal saving Workload Implementation
lization resources systems .
techniques
Load Balancing  No The system periodically mdors the load and CPU, Homogeneous Minimize Sener power Arbitrary Extension of
and Unbalancing decides which nodes should be turned on or off t disk power switching Linux
for Power and minimize power consumption by the system, whil storage, consumption,
Performance in providing expected performance. network minimize
ClusterBased interface performance
System, Pinheiro loss
et al.[21]
Managing energy No Economical framework: the system allocate CPU Homogeneous Minimize Workload Web Extension of
and server resources in a way to maximize "pitoby power consolidation, applications FreeBSD OS
resources in balancing the cost of each resource unit against- consumption,  server power
hosting centers, estimated utility or "revenue" that is gained from minimize switching
Chase et a[52] allocating that resource unit to a service. Service performance
"bid" for the resources in terms of volume and loss
quality. The system maintains an active det o
servers selected to serve requests for each servi
Energy consumption is reduces by switching idle
servers to power saving states.
EnergyEfficient  No The system estimatéstal CPU frequency requirec CPU Homogeneous Minimize DVFS, server Web Simulation
Server Clusters, to provide expected response time, deterrttiee energy power applications
Elnozahy et al. optimal number of physical nodes and set the consumption, switching
[20] proportional frequency on all the nodes. The satisfy
thresholds define when it is appropriate to turn ol performance
an additional physical node or turn off an idle noc requirements
Energyaware No Applications are allocated to servers using a CPU, Heterogeneous: Minimize Workload Online Simulation
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Virtua -

System

Target

Power

Project name lizati Approach / algorithm Goal saving Workload Implementation
ization resources systems .
technigues
Consolidation for heuristic for multidimensional bin packing, disk energy consolidation, services
Cloud resulting in the desired workload distribution acrc storage consumption,  server power
Computing, servers. If the request cannot be allocated, a nev satisfy switching
Srikantaiah et al. server is turned on and all requests arall@cated performance
[53 using the same heuristic, in an arbitrary order. requirements
Optimal Power No Queueing theoretical model is used to predict the CPU Heterogeneous Allocate the DVFS Web- Simulation
Allocation in mean response time as a function of poteer available power applications
Server Farms, frequency relationship, arrival rate, peak power budget to
Gandhi et al[54] budget, etc. The model also allows determining t minimize mean
optimal power allocation for eveipossible response time
configuration of the above factors.

Environment No Five heuristics for scheduling HPC applications CPU Heterogeneous Minimize DVFS, HPC Simulation
Conscious across geographically distributed Cloud data cen energy leveraging applications
Scheduling of with the objective of minimization of energy consumption geographical
HPC consumption and carbon emissions, and and CO2 distribution
Applications, maximization ofthe e sour ce pr ovi emissions, of data
Garg et al[55] maximize profit centers
VirtualPower: Yes Hierarchical power management: at the local levi CPU Heterogeneous Minimize DFVS, soft Arbitrary Extension of
Coordinated the system coordinates and leverages power energy scaling, WM Xen
Power management policies of guest VMs at each phys consumption, consolidation,
Management in machine global policies are responsible for satisfy server power
Virtualized managing multiple physical machines and have performance switching
Enterprise knowledge about raelor bladelevel characteristics requirements
Systems, Nathuj and requirements.
and Schwaf56]
Coordinated Yes A combination of five individuapower CPU Heterogeneous Minimize DVFS, VM Arbitrary Combining and
Multi-level managemet solutions thatre coordinatively act power consoldation, cooperation of
Power across a collection of machines and dynamicaly consumption, server power five independent
Management for provision power acroghem to meetthe power minimize switching commercial
the Data Center, budget performance solutions
Raghavendra et loss,meet
al. [57] power budget
Power and Yes The behavior of each application is captured usir CPU Heterogeneous Minimize DVFS, VM Online VMware API,
Performance simulatiorbased learning. A limited loe&head power consolidation, services Linux shell
Management of control (LLC) is applied to estimate future systerr consumption, server power commands and
Virtualized states over a prediction horizon using Kalman filt minimize switching IPMI
Computing performance
Environments via loss
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Power

Project name I\/lrtga X Approach / algorithm System Target Goal saving Workload  Implementation
ization resources systems .
technigues

Lookahead
Control,Kusic et
al.[58]
Resource Yes The authors have proposed several heuristicc CPU Homogeneous Maximize Resource HPC Extension of
Allocation using solve the resource allocation problem and evalui resource throttling applications Xen
Virtual Clusters, them experimentally across different workloau utilization,
Stillwell et al. The results show that that the mudtipacity bin satisfy
[59 packing algorithm that sorts tasks insdending performance

order by their largest resource requirem requirements

outperforms or equals to all the other evalua

algorithms in terms of minimum and average yie

as well as failure rate.
Multi-Tiered On  Yes Three scheduling levels: the applicatienel CPU, Heterogeneous Maximize Resource Arbitrary Extension of
Demand scheduler dispatches requests among applicatior memory resource throttling Xen
Resource VMs; the locallevel scheduler allocates resource: utilization,
Scheduling for to VMs running on a physical node according to satisfy
VM-Based Data their priorities; the globalevel scheduler controls performance
Cente, Song et al. the resource "flow" among applications. requirements
[60]
Shares and Yes The hypervisor distributes resources among VMs CPU Heterogeneous Minimize DFVS, soft Arbitrary Extension of
Utilities based according to a sharing based mechanism, assurr power scaling VMware ESX
Power that the minimum and maximum amounts of consumption,
Consolidation in resources that can be allocated to a VM are minimize
Virtualized specified. performance
Server loss
Environments,
Cardosa et al.
[61]
pMapper: Power Yes The autlors consider the problem as continuous CPU Heterogeneous Minimize DVFS, VM Arbitrary Extension of
and Migration optimization and address it using heuristicstfer power consolidation, VMware ESX
Cost Aware bin packing problemPerformance Manager consumption, server power
Application monitors applications behavior and resize VMs minimize switching
Placement in according to current resource requirements and 1 performarce
Virtualized SLA. Power Manager adjustsrdware power loss
Systems Yerma states and applies DVFS. Migration Manager iss!
et al.[62] instructions for live migration of VMs. Arbitrator

makes decisions about new placements of VMs i
determines VMs to migrate.
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Power

Project name I\/lrtga X Approach / algorithm System Target Goal saving Workload  Implementation
ization resources systems .
technigues
Resource pool Yes The authors apply a combination of two CPU, Heterogeneous Maximize VM Arbitrary Simulation
management: optimization controllers: proactive global memory resource consolidaibn,
Reactive versus optimization using the workload placement utilization, server power
proactive, Gmach controller and reactive adaptation using the satisfy switching
et al.[63] migration controller. performance
requirements

GreenCloud: Yes Theproject hagproposedtnergyefficient CPU Heterogeneous Minimize Leveraging HPC Simulation
EnergyEfficient provisioning of Cloud resources along with meeti energy heterogeneity applications
and SLAbased user sd QoS agdefigpadiniSleAgiken t consumption, of Cloud data
Management of authors haveeveloped buristics for scheduling satisfy centers,
Cloud Resources reattime VMs in Cloud data centers applying performance DVFS
Buyyaet al.[64], DVFS in oder to minimize the energy consumptic requirements

[65] and deadline constraints of the applications.
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