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Abstract

Energy management has been a critical problem since thiestagdlys of mobile com-
puting. The amount of work one can perform while mobile isdfamentally constrained
by the limited energy supplied by one’s battery. Althouglaryé research investment in
low-power circuit design and hardware power managemenlds more energy-efficient
systems, there is a growing realization that more is needbd-higher levels of the system,
the operating system and applications, must also cong&ritauénergy conservation.

This dissertation puts forth the claim thettergy-aware adaptatigrihe dynamic bal-
ancing of application quality and energy conservationnisssential part of a complete en-
ergy management strategy. Energy-aware applicationsifggrossible tradeoffs between
energy use and application quality, but defer decisionsilvbich tradeoffs to make un-
til runtime. The operating system uses additional infoiorativailable during execution,
such as resource supply and demand, to advise applicattunk wadeoffs are best.

This dissertation first shows how one can measure the energgat of the higher
levels of the system. It describes the design and implertientaf PowerScope, an energy
profiling tool that maps energy consumption to specific cool@monents. PowerScope
helps developers increase the energy-efficiency of théiwace by focusing attention on
those processes and procedures that are responsible faulihef energy use.

PowerScope is used to perform a detailed study of energyeaagaptation, focusing
on two dimensions: reduction of data and computation quaditd relocation of execu-
tion to remote machines. The results of the study show thalicgtions can significantly
extend the battery lifetimes of the systems on which thegetesby modifying their behav-
ior. On some platforms, quality reduction and remote exeautan decrease application
energy usage by up to 94%. Further, the study results shawetleagy-aware adaptation is
complementary to existing hardware energy-managemenigaes.

The operating system can best support energy-aware appfisdy usingyoal-directed
adaptation a feedback technique in which the system monitors enengglg@and demand
to select the best tradeoffs between quality and energyeceaitson. Users specify a de-
sired battery lifetime, and the system triggers applicagito modify their behavior in order
to ensure that the specified goal is met. Results show thatdyeated adaptation can
effectively meet battery lifetime goals that vary by as mast80%.
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Chapter 1

Introduction

Energy is a vital resource for mobile computing. The amounvork one can perform
while mobile is fundamentally constrained by the limiteceryy supplied by one’s bat-
tery. Unfortunately, despite considerable effort to prmjdhe battery lifetimes of mobile
computers, no silver bullet for energy management has ye ieund. Instead, there is
growing consensus that a comprehensive approach is neemtezthat addressed levels
of the system: circuit design, hardware devices, the opgralystem, and applications.

This dissertation puts forth the thesis tleatergy-aware adaptatigrihe dynamic bal-
ancing of energy conservation and application quality,nseasential part of a compre-
hensive energy management solution. Occasionally, enesgge can be reduced without
affecting the perceived quality of the system. More oftemwéver, significant energy re-
duction perceptibly impacts system behavior. The effeatigsign of mobile software thus
requires striking the appropriate balance between agmitguality and energy conserva-
tion.

Itis incorrect to make static decisions that arbitrate leetwthese two competing goals.
Dynamic variation in time operating on battery power, haadsvpower requirements, ap-
plication mix, and user specifications all affect the optimbialance between quality and
energy conservation. Energy-aware adaptation surmohesetdifficulties by making de-
cisions dynamically. Applications statically specpgssibletradeoffs, but defer decisions
about which tradeoffs to make until execution. The systesswlditional information
available during execution, such as resource supply ancadénto advise applications
which tradeoffs are best.

This chapter begins with an overview of previous approatcbesnergy management.
It then provides a more detailed vision of energy-aware tdeqm and presents the thesis
statement. It concludes by presenting a road map for thefélse dissertation.

1.1 Energy managementin mobile computing

Energy management can be viewed as a resource constrapheproWwhen a computing
device is mobile, the supply of energy in its battery must iigent to meet the energy
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demands of the work it will perform before being reconnedtedn external power source.
Thus, if one wishes to accomplish more work while mobile, omest increase energy
supply or decrease demand.

Attacking the supply side of the problem has proven difficHistorically, battery tech-
nology has improved very slowly over time [62]. Further, teed for mobility requires
computing systems to be as small and light as possible. Riatteries represent a sig-
nificant portion of the size and weight of mobile devices, oaBnot increase battery size
without also increasing these undesirable properties.

Attacking the demand side of the problem has historicaltyvpn more fruitful. Ad-
vances in low-power circuit design have led to the develapoé energy-efficient hard-
ware components. For example, the Transmeta Crusoe poydd4$ and Bluetooth net-
work technology [30] are both designed to reduce the eneegyls of mobile devices.

Research in hardware power management has led to furthegyereeluctions. Ideally,
power-managed components expend energy only when theyedi@ming useful work.
When not being used, they enter power-saving states whedttlgriower power dissipa-
tion. Examples of hardware power management are voltagigggrocessors [71, 72, 97],
wireless network protocols [43, 44], and disk spin-dowroalipms [17, 16, 57].

Unfortunately, advances in low-power circuit design andlirare power management
have not been enough to meet the growing energy demands afencoinputers. Partly,
this is because lower-level strategies can not capitalizepportunities for energy man-
agement presented by applications and the operating systdthout knowledge of ap-
plication intent, it is impossible to prioritize activiseand save energy by performing only
the most important ones. Further, hardware power managestietegies must be con-
servative. Since hardware drivers cannot assess the irmppetformance degradation on
applications, they reduce energy usage only when the peaioce impact is almost certain
to be negligible.

In recent years, there has been a growing realization tedtitfher levels of the system,
the operating system and applications, must be involvedengy management [18, 66, 89].
This dissertation focuses on these levels and proposegyeaesre adaptation as the key
mechanism for implementing higher-level energy manageémen

1.2 Energy-aware adaptation

Simply stated, energy-aware adaptation is the dynamianbadg of quality and energy
conservation. One aspect of qualitydata fidelity the degree to which data presented
at a client matches the ideal reference copy at a serverlitlyitkea type-specific notion
since different kinds of data can be degraded using a vaoietype-specific algorithms.
For example, a client playing video data could switch to adoftame rate to save energy
when battery life is critical. Yet another aspect of qualgycomputational fidelitythe
degree to which the output of a computation matches the bigheality output that could
be produced.

Performance is also an aspect of quality. For example, densin application which
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has the ability to execute a portion of its functionality oremote server. Remote execution
can often reduce the energy usage of the mobile client byedsirg the utilization of
the CPU and other hardware components. However, remoteigxeaan also lead to
increased execution time if a large amount of communicasoeeded. In such a scenario,
energy-aware adaptation is needed to balance the compgpilg of performance and
energy conservation.

Energy-aware applications statically determine the fbsgradeoffs between quality
and energy conservation, but defer decisions about whithesie tradeoffs to make. Dur-
ing their execution, the system provides support for makimgge decisions by monitoring
energy supply and demand, providing a history of past enaesgge, and soliciting user
preferences. The system uses this information to providgeuayc advice to applications
about which tradeoffs they should make.

1.3 The thesis

Energy-aware adaptation is the focus of this dissertaith€sis:

A collaborative relationship between the operating systenand applications
can effectively reduce the energy usage of mobile computer&nergy-aware
adaptation allows this collaboration to dynamically balarce application qual-
ity and energy conservation. Itis feasible to construct suta system with only)
modest modification to existing application source code.

1.4 Road map for the dissertation

The rest of this document validates the thesis. The nexttehdpgins by setting the con-
text for this work. It proposes metrics for evaluating théeefiveness of energy manage-
ment and discusses the energy-use characteristics of emfstems. It also describes the
Odyssey platform for mobile computing, a framework that i used to provide operating
system support for energy-aware applications.

Chapter 3 describes PowerScope, a tool for measuring sefteveergy usage. Power-
Scope is an energy profiler—it attributes energy consumpbcapecific code components
of applications and the operating system. By focusing &itieron those code components
most responsible for energy usage, PowerScope helps gevslmake their software more
energy-efficient. In the context of this dissertation, Pi®o®pe provides the measurement
infrastructure necessary to study the effectiveness afygrewvare adaptation.

Chapters 4 and 5 evaluate the feasibility of energy-awaaptation. They show that
applications can modify their behavior to significantlyexd the battery lifetimes of the
systems on which they execute. Further, they reveal thdighefits of energy-aware adap-
tation are often very predictable, and that energy-awaseptation is complementary to
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existing hardware energy-management techniques. Chéaptadies four applications run-
ning on the Linux operating system: a video player, a speeobgnizer, a map viewer, and
a Web browser. Chapter 5 extends these results to shringpedhapplications running on
closed-source operating systems. It shows how a middlebased proxy approach can
add energy-awareness to Microsoft’'s PowerPoint 2000 egdin.

Chapter 6 describes operating system support needed ttiefly support energy-
aware applications. Itintroduces goal-directed adamtata feedback technique that allows
the system to adjust for the current importance of energysemation. Users specify a
goal for battery lifetime, and the system attempts to enthaethe goal is met by guiding
applications to adapt their behavior. Then, the chaptewshwmw the system can improve
the effectiveness of goal-directed adaptation by maiitgia history of application energy
usage. It describes how the history of energy usage alloevsyhtem to support a wider
range of adaptation policies and react more agilely to ceaingenergy supply and demand.

Chapter 7 shows how remote execution represents an additionension of energy-
aware adaptation. It describes Spectra, a system whichesnayplications to save energy
by partly executing on remote computers. Spectra balahesthe competing goals of per-
formance, energy conservation, and application qualityaaiding where applications can
best locate functionality. It reflects both applicationowse demand and current resource
availability by monitoring CPU, network, energy, and filecha state on local and remote
machines, and by using goal-directed adaptation to deterithie relative importance of
energy conservation.

Related work is discussed in Chapter 8. Chapter 9 concludesdissertation with a
summary of the key contributions. It also discusses futesearch directions generated by
this dissertation.



Chapter 2

Background

This chapter describes the background context of the degg®r. The next section pro-
vides an overview of the metrics that will be used to evaldlageeffectiveness of energy
management strategies. Section 2.2 first explores thediliyef form factors and the en-
ergy usage characteristics of mobile computers. It themiges specific details about the
two primary platforms that will be used for evaluation: tf8M 560X laptop computer and
Compagq’s Itsy pocket computer. Section 2.3 describes thes€ay platform for mobile

computing. Odyssey provides the basic building blocks semgy to implement system
support for energy-aware adaptation.

2.1 Energy metrics

An ideal battery can be modeled as a finite store of energy. biteery-powered device
expends some amount of energy to perform an activity, theggnsupply available for
other activities is reduced by that amount. The power uségalevice is its instantaneous
rate of energy usage. Power is expressed in units of Wattde whergy is expressed in
Joules (Watt-seconds).

For discrete activities such as performing a fixed amountaofgutation or browsing
a Web pageenergy usagés the best metric for evaluating the impact on battery ilifet
For continuous activities such as displaying streamedovita or backlighting a display,
average power usage a more appropriate metric.

When measuring impact on battery lifetime, it is importantapture the energy usage
of an entire mobile computing system rather than the isdlateergy usage of individual
components such as the processor or network interface. ateglr which decreases one
component’s energy usage may increase the energy usagkesfoamponents. For ex-
ample, network power management can increase the totajyensed to transfer a file;
although network energy use decreases, other componentsai® energy because the
data takes longer to transfer [21]. Because all hardwarepooents are typically powered
by the same battery, strategies that decrease one comfsoaeeaigy needs, but increase
total system energy usage are misguided. Unless otheraisd the measurements in this
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dissertation report energy and power usage for the entifglsnoomputing system under
study.

At the next level of detalil, it is often useful to characterthebackground power us-
ageof a device. This is the amount of power dissipated by a matmlaputer when no
activity of interest to the user is being performed, i.e. leliiexecutes the kernel idle pro-
cedure. Most modern processors, including Intel’s Pentmeh StrongArm chips, provide
halt instructions which are called during the idle procedto minimize power demand.
Further, on some mobile laptops, the operating system mayAdsanced Power Manage-
ment (APM) support [35] to place other components in povestirgys states. Nevertheless,
background power usage can be considerable for devicesasul@dptop computers. Al-
though components such as the processor and disk enter loer gtates, they still must
be partially powered so that they can be quickly restartednwireeded.

Dynamic power usagis the amount of power consumed by an activity above and be-
yond the background power usage of the device on which itwegec Thus, total power
usage is the sum of background and dynamic power usage. Dypamer usage is a use-
ful metric for estimating the power demand of concurrenivéieds: the total power usage
of two concurrent activities should be roughly equivalemthe sum of the background
power usage of the device and the dynamic power usage of thadtivities (Section 4.8
explores this issue in more detail). For discrete actigjt@e can calculatiynamic energy
usageby multiplying average dynamic power usage by executiomtim

The above metrics assume that batteries behave ideally.eowthis is rarely true
in practice. The most important deviation from ideal bebavs nonlinearity—as power
draw increases, the total energy that can be extracted fréwatary decreases [61]. In
addition, batteries may exhib#covery a reduction in load for a period of time may result
in increased capacity. Finally, research has shown thdt peaer usage can sometimes be
a more important factor than average power usage in detergirattery capacity [62].

Unless otherwise noted, this dissertation assumes therdssel for battery behavior.
One important reason is simplicity—the impact of nonlinigarecovery, and peak power
usage depend upon the specific characteristics of the meystem under study, as well
as the type of battery technology being employed. Sincedisisertation will assess the
impact of energy-aware adaptation on a variety of mobilésys, no single model for non-
ideal battery behavior will apply. In addition, it is impartt to note that most of the energy
management techniques studied in this dissertation dex@aerage power use. Thus, the
gains reported will be slightly understated due to nonliredtery behavior.

2.2 Hardware platform characteristics

Mobile computers come in widely varying form factors. Highe laptop computers can
weigh over seven pounds with a volume of over 225 cubic in{3@&s In contrast, a typical
handheld computer weighs only five ounces with a volume ofticcinches [70]. Current
research efforts are reducing mobile computer form faawes further, for example, IBM
Research has created a wristwatch computer capable ofwgihimux [65].
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Form factor diversity is generated by a fundamental trafdestfveen mobility and func-
tionality. The need for mobility drives manufacturers teate smaller and smaller comput-
ing platforms. Size and weight restrictions limit resouesailability on these platforms:
they have less powerful processors, less storage capactygmaller batteries. They there-
fore can not provide the same level of functionality as theiger counterparts. Since the
optimal tradeoff between mobility and functionality is kadependent, it is reasonable to
expect that the current variety of form factors will persist

Form factor diversity leads to diversity in the energy-ubaracteristics of mobile de-
vices. Since the battery capacity of small, handheld devie@xtremely limited by size
constraints, energy-efficiency is typically a primary cerrcin their design. On the other
hand, battery capacity is usually much greater in largeadsvsuch as laptop computers—
consequently, laptops typically have much higher powesoamption than handheld de-
vices.

In this dissertation, | will account for diversity in formdsors and energy-use charac-
teristics by validating proposed energy management tectasi on two different hardware
platforms. These platforms represent two of the most comfaon factors: laptops and
handheld computers. The next two sections describe thatfenphs: the IBM 560X laptop
computer and Compagq’s Itsy pocket computer. Section 2@®ares the characteristics
of the two platforms.

2.2.1 The IBM 560X laptop computer

The IBM 560X laptop used for evaluation has a 233 MHz Pentiumegssor and 64 MB of
memory. Additionally, either a Lucent 900 MHz or 2.4 GHz Waé&l PCMCIA card pro-
vides 2 Mb/s wireless network access. The use of differetvtari cards reflects changes
in my experimental environment over time—the original 908 ¥network was replaced
by the 2.4 GHz network. In the dissertation, | will note whioétwork was used for each
experiment. Figure 2.1 shows the power usage of severahMaaedcomponents of the lap-
top. The measurements were obtained by executing benchtieikvaried the power state
of individual hardware components and measuring steaatg-gtower dissipation with a
digital multimeter.

As Figure 2.1 shows, background power usage is quite signifiavith the CPU idle,
the display off, and the network and disk in power-savingestathe laptop draws 5.6 Watts.
The processor and display are the most significant powernuroes—the processor uses
5.10 Watts to execute a busy-wait loop in which all accesges the L1 cache, and the
display consumes from 1.95-4.54 Watts, depending uporisdreghtness. The network
interface and disk consume less power: 1.46 Watts and 0.88 Watheir respective idle
states.
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Component | State Power (W)
CPU/MMU | CPU Halted 0.00
Busy Wait 5.10

Memory Read 3.54
Memory Write 4.10

Display Bright 4.54
Dim 1.95
WavelLAN Idle 1.46
Standby 0.18
Disk Idle 0.88
Standby 0.24
Other Idle 3.20

Background power (CPU halted, display dim, WaveLAN & diskratby) = 5.6 Watts.

This figure shows the measured power consumption of comperedrthe IBM 560X
laptop. Power usage is slightly but consistently supe¥dimfor example, the laptop uses
10.28 Watts when the screen is brightest and the disk andorietave idle—0.21 Watts
more than the sum of the individual power usage of each coemgonThe WavelLAN
measurements are for the 900 MHz network card. The last rawshhe power used
when the display, network, and disk are all powered off. Beaadbe is the mean of five
trials—in all cases, the sample standard deviation is lesms 0.01 Watts.

Figure 2.1: Power consumption of the IBM ThinkPad 560X

2.2.2 The Itsy pocket computer

The Itsy pocket computer [31] is a high-performance handlldelveloped by Compaq’s
Palo Alto Research Labs. Two different Itsy units are use@¥aluation: an Itsy v1.5 and
an Itsy v2.2. Both models have a StrongArm 1100 processbc#meoperate at 11 different
clock frequencies, ranging from 54.0 MHz to 206.4 MHz, toueel power demand. Unless
otherwise noted, all Itsy measurements in this dissertaige the maximum 206.4 MHz
clock frequency. The Itsy v1.5 has 48 MB of DRAM and 32 MB of flamemory—the
Itsy v2.2 has 32 MB of DRAM and 32 MB of flash. The Itsy v1.5 is moed by two AAA
batteries and contains precision resistors that allow oreasent of total power usage as
well as the power used by various subsystems. The Itsy vp@viered by a Lithium-lon
rechargeable battery. In addition to precision resisibedso contains a DS2437 smart bat-
tery chip [12] which reports detailed information abouttbat status and power drain. Both
Itsy models lack a wireless network interface—a serial Isgsed for communication.
Figure 2.2 shows the measured power consumption of sevadhviare components of
the Itsy v1.5. More detailed measurements of the energyachkaxstics of this platform can
be found in [19] and [22]. Viredaz and Wallach have perforndethiled power measure-
ments of the Itsy version 2 [93]. Their results show the \@rst power usage is roughly
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Component | State Power (W)
CPU/MMU | CPU Halted 0.00
Busy Wait 0.43

Memory Read 0.62
Memory Write 1.41

Display Enabled 0.04
UART Enabled 0.05

Transmitting 0.12
Other Idle 0.16

Background power (CPU halted, display and UART enabled 5 Watts.

This figure shows the measured power consumption of comp®méthe Itsy v1.5. The
last row shows the power used when the display and UART arepmhoff. Each value is
the mean of five trials—in all cases, the sample standarchtleniis less than 0.01 Watts.

Figure 2.2: Power consumption of the Itsy v1.5

similar to that of the Itsy v1.5.

The background power usage of the Itsy v1.5 is only 0.25 \Watie CPU is clearly an
important power consumer—executing a busy-wait loop cores@an additional 0.43 Watts.
The memory subsystem also represents an important souqgewsdr demand. The dy-
namic power used to read data from DRAM memory is 0.62 Wattisth@ dynamic power
needed to write data is 1.41 Watts. The UART (serial netwotdrface) consumes an addi-
tional 0.05 Watts when enabled—the UART power drain inaeds 0.12 Watts when data
is transmitted. The LCD display consumes only 0.04 Wattse-olv power consumption
can be attributed to the lack of a backlight.

2.2.3 Comparison of platform characteristics

Comparing Figures 2.1 and 2.2, the most striking differebesveen the two platforms
is the order-of-magnitude differential in power demand.e ackground power usage of
the Itsy v1.5 is approximately 22 times less than the baakgigower usage of the IBM
560X. Similarly, the dynamic power needed to execute a hueyloop is approximately
12 times less on the Itsy.

It is also clear that the relative range of power demand ishrgreater for the Itsy
v1.5. For example, the ratio of dynamic to background poveage is 5.6 when the write
benchmark is executed. For the laptop, the maximum ratioyofdhic to background
power is 0.9 (occurring when a busy-wait is executed). Thus |tsy is more efficient in
its use of energy resources—it expends relatively less paken hardware components
are idle.

The relative power expenditure of hardware componentesdry platform. For ex-
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Figure 2.3: Models of adaptation

ample, the memory subsystem is a large power consumer fotdh€as shown by the

difference between memory write and busy wait power congiomp However, the mem-

ory subsystem is a relatively insignificant portion of thpttgp’s power budget. Similarly,

the display represents a relatively more significant partibthe laptop’s power budget. An
important consequence of this observation is that powdet#is between hardware com-
ponents are platform-specific. One such tradeoff is remategssing, which reduces CPU
power demand but increases network power usage. Sincetih@faetwork to processor

power usage differs between the Itsy and the IBM 560X, reragéeution will sometimes

reduce power usage on one platform but not the other.

2.3 The Odyssey platform for mobile computing

In this dissertation, the Odyssey platform for mobile compy provides the basis for
implementing system support for energy-aware adaptatidns section provides a brief
overview of the relevant details of Odyssey—a more compiiteussion of the design
rationale and architecture can be found in [68].

Odyssey provides support for mobile information acceseubh application-aware
adaptation a collaborative partnership between the operating syatetrapplications. The
system monitors resource levels, notifies applicationel@vant changes, and makes re-
source allocation decisions. The original Odyssey pra@iynly supported network band-
width adaptation. This dissertation describes how thasifucture has been expanded to
also support energy-aware adaptation.

Adaptation in Odyssey involves the trading of data or corapahal quality for re-
source consumption. For example, a client playing fullscolideo data from a server
could switch to black and white video when bandwidth dropsher than suffering lost
frames. Similarly, a map application might fetch maps witsd detail rather than suffering
long transfer delays for full-quality maps. Odyssey cagsithis notion of data degradation
through an attribute calledata fidelity that defines the degree to which data presented at a
client matches the reference copy at a server.
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Odyssey also supports applications which can vary the tgualiheir computations to
adjust for variations in resource availability. For exam@ speech recognition engine run-
ning on a handheld device with little processing power miggeg a smaller, task-specific
vocabulary to provide speech-to-text translations withsmnable latency. Odyssey cap-
tures this notion through an attribute calledimputational fidelitythat defines the degree
to which the output of the computation matches the higheatiy output that could be
produced.

Fidelity is a type-specific notion since different kinds @aftal and computation can be
degraded differently. Fidelity may often be multi-dimesrsal—for example, a video player
may choose to degrade quality by using a greater amount sy lo@mpression, reducing
the size of the video display, or decreasing the video fraate. rSince the minimal level
of fidelity acceptable to the user can be both context andaijuin dependent, Odyssey
allows each application to specify the fidelity levels itremtly supports.

Odyssey is designed to support multiple applications coeatly executing on a mo-
bile client. The need to coordinate resource managemenss@pplications mutes the
effectiveness of many previous approaches to mobile camgpuEor example, commer-
cial applications such as Eudora [74] provide verticallegrated support for mobility, in
which each application assumes that it has full use of availaetwork bandwidth. Eudora
implicitly adapts to network bandwidth by transmitting raages in order of importance.
Even a more sophisticated toolkit approach such as Rovémnjd9 pays minimal atten-
tion to resource coordination. Odyssey provides cengdlimonitoring and coordinated
resource management that controls the use of limited reesuny applications.

Figure 2.3 places application-aware adaptation in conggdnning the range between
two extremes. At one extreme, adaptation is entirely thpamesibility of individual ap-
plications. Thislaissez-faireapproach, used by commercial software packages such as
Eudora, avoids the need for system support. But, it failgiress the issue of application
concurrency. At the other extremapplication-transparent adaptatiorthe system bears
full responsibility for both adaptation and resource mamagnt. This approach, exempli-
fied by the Coda file system [40], is especially attractivelégacy applications because
they can run unmodified. Application concurrency is wellgoiped, but application diver-
sity is not, since control of fidelity is entirely in the hanalsthe system.

Odyssey’s client architecture is shown in Figure 2.4. Odyss conceptually part of the
operating system, even though it is implemented in useresfaasimplicity. Theviceroyis
the Odyssey component responsible for monitoring the alvdily of resources and man-
aging their use. Code components cale@idensencapsulate type-specific functionality.
There is one warden for each data type in the system. Seymtations have been mod-
ified to use Odyssey, including a video player, a speech rezeg a map viewer, a Web
browser, and a virtual reality application.

Odyssey provides applications with two separate intedadéne first interface allows
an application to express its resource expectations. dureg levels stray beyond the
specified expectations, Odyssey notifies the applicatiutth an upcall. The application
then adjusts its fidelity to match the new resource level asmdmunicates a new set of
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Figure 2.4: Odyssey architecture

expectations to Odyssey. This interface is most apprapfaatapplications which perform
continuous operations, can change fidelity levels dyndiyjcand understand their own
resource requirements.

The second interface allows applications to periodicallgry Odyssey to determine
the fidelity level at which they should operate. This inteefas more appropriate for appli-
cations which perform discrete operations or do not know then resource requirements.
An application first describes the operation it is about tdgren. Odyssey then estimates
the resource demand of the application, matches demandrentuesource availability,
and returns the fidelity level most appropriate for the opera

Some applications, such as the Odyssey Web browser and reagryiuse a proxy
to avoid modifications to application source code. Otheliagpons, such as our video
player and speech recognizer, are modified to interact tijracth Odyssey. In all cases,
the total amount of code that needs to be modified is very simalless than 1000 lines of
code.

In its current instantiation, Odyssey assumes that agitsare cooperative. Thus,
Odyssey expects that applications will execute at the fiddlispecifies. However, by
adding appropriate operating system support, Odysseydqootdentially enforce its re-
source allocation decisions by detecting and penalizirgpetiaving applications.
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2.4 Summary

This chapter began by discussing the metrics that will bel ts@valuate energy manage-
ment strategies in this thesis. Total energy usage will leel éigr discrete activities, while
average power usage will be used for continuous activifiee. chapter then described the
two primary hardware platforms for evaluation: the IBM 56G@top and the Itsy pocket
computer. The choice of these platforms reflects the dityensiform factors and energy
efficiency in mobile computing.

Finally, this chapter described the Odyssey platform fobileocomputing, which will
provide the basis for implementing system support for ep@rgare adaptation. Odyssey
provides support foapplication-aware adaptatigra collaborative partnership between the
operating system and applications. Odyssey monitors regdevels, notifies applications
of relevant changes, and makes resource allocation dasisikpplications modify data or
computational fidelity to adjust their resource demandseetuhanging resource availabil-
ity. The previous version of Odyssey only supported netwaakdwidth adaptation—this
dissertation extends Odyssey to support energy-awardataap
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Chapter 3

PowerScope: Profiling application
energy usage

One of the keys to progress in energy-efficient softwaregies the ability to attribute
energy consumption to specific software components. Umfately, there is currently a
dearth of tools which have the ability to measure the enengyaict of software. This
chapter describes how | have constructed one such to@dcatbwerScope, which fills this
need by profiling application energy usage.

CPU profilers such agr of andgpr of have proven useful for software performance
optimization because they expose code components wasfe@lRU cycles. In a similar
fashion, PowerScope helps developers design energyeeffisoftware by using statisti-
cal profiling to map energy consumption to program structugsing PowerScope, one
can determine what fraction of the total energy consumethdw certain time period is
due to specific processes in the system. Further, one cadakih and determine the en-
ergy consumption of different procedures within a procé®g.providing such feedback,
PowerScope allows attention to be focused on those systempaizents responsible for
the bulk of energy consumption. As improvements are madbdset components, Pow-
erScope quantifies the benefits and helps expose the neat targptimization. Through
successive refinement, a system can be improved to the ploareiits energy consumption
meets design goals. PowerScope also helps developersexpegy-related bugs in their
code which are not revealed through traditional testingo@ology. For example, a busy-
wait loop may have no perceptible performance impact, bwdPScope would reveal its
wasteful energy usage.

Section 3.1 discusses the important considerations ind¢bgyd of an energy profiler.
The implementation of PowerScope is detailed in Section $&ction 3.3 evaluates the
tool, focusing on two key issues: the accuracy with which &&eope attributes energy
costs to specific processes and procedures, and the overhiémdperation.

15
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3.1 Design considerations

The design of PowerScope follows from its primary purposetding application develop-
ers to build energy-efficient software. PowerScope’s desagles to complex applications,
which may consist of several concurrently executing thsezfdcontrol, and which may run
on a variety of mobile platforms. For both simple and comg@gplications, PowerScope
provides developers detailed and accurate informationiadrwergy usage.

The most important consideration in the design of Power8dsphe need to gather
sufficient information to produce a detailed picture of apgtion activity. The usefulness
of a profiling tool is directly related to how definitively isaigns costs to specific applica-
tion events. Attributing costs in detail enables develsferquickly focus their attention
on problem areas in the code. While it is certainly desirablenap energy costs to spe-
cific processes, the added detail of mapping energy costetegures within each process
can provide valuable information. PowerScope therefopens both sets of information,
attributing energy usage to both processes and to proceduti@n each process. As will
be discussed in Section 3.3.1, the specific hardware clesistats of the system being
monitored limit the minimum procedure size that can be aately profiled.

It is also important for PowerScope to monitor the actigtd energy use @il pro-
cesses executing on a computer system. Complex applisatib@en consist of several
concurrently executing processes. Further, profiling tttevidy of only a single process
omits critical information about total energy usage. Fatamce, a task which blocks fre-
guently may expend large amounts of energy on the screek, afisl network when the
processor is idle. Asynchronous activity, such as netwot&rrupts, can also account for
a significant portion of energy consumption. An energy peofivhich monitors energy
usage only when a specific process is executing will not atcfmu the energy expended
by these activities.

Another consideration in PowerScope’s design is that tlé lde easily portable be-
tween different hardware platforms. The power dissipatibaracteristics of mobile plat-
forms differ widely, so energy optimizations for one plattomay be inappropriate for
others. To determine the best design for a particular agiplin, developers may need to
profile it on a variety of mobile devices. PowerScope theeefioes not require specific
hardware to be present on a mobile computer, not does it deyeon platform-specific
knowledge such as device power characteristics. This desigimizes the effort required
to generate profiles on different hardware devices.

Finally, PowerScope is designed to minimize the overheatdthimposes on the system
it is monitoring. This overhead is reflected both in addiitb&PU usage and in additional
energy expended during execution. Because overheadsafeqbrofile results, minimizing
the profiling overhead helps maximize the accuracy of theegeed profile. The design
of PowerScope includes several optimizations, describéud next section, that reduce its
impact on the system being profiled.
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This figure shows how PowerScope generates an energy prafilapplications execute
on the profiling computer, the System Monitor samples sysietivity and the Energy
Monitor samples power consumption. Later, the Energy Aretdyuses this information
to generate an energy profile.

Figure 3.1: PowerScope architecture

3.2 Implementation

3.2.1 Overview

The prototype version of PowerScope, shown in Figure 3.&s ssatistical sampling to
profile the energy usage of a computer system. To reduce eadylprofiles are generated
by a two-stage process. During the data collection stagetoitl samples both the power
consumption and the system activity of the profiling compufowerScope then gener-
ates an energy profile from this data during a later analytaiges Because the analysis is
performed off-line, it creates no profiling overhead.

During data collection, PowerScope uses two computers:ofilipg computer, on
which applications execute, and a data collection compwuteich is used to reduce over-
head. A digital multimeter samples the power consumptiothefprofiling computer. |
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require that this multimeter have an external trigger ingrdl output, as well as the abil-
ity to sample DC current or voltage at high frequency. Thespné implementation uses
a Hewlett Packard 3458a digital multimeter, which satidfieth these requirements. The
data collection computer controls the multimeter and stoterent samples.

An alternate implementation would be to perform measurdraed data collection en-
tirely on the profiling computer using an on-board digitalltimeter with a PCI or PCM-
CIA interface. However, this implementation makes it veifficllt to differentiate the
energy consumed by the profiled applications from the enesgyg by data collection and
by the operation of the on-board multimeter. Further, thespnt implementation makes
switching the measurement equipment to profile differendWware platforms much easier.

The functionality of PowerScope is divided among threevgaffé components. Two
components, the System Monitor and Energy Monitor, shaseamsibility for data collec-
tion. The System Monitor samples system activity on the |ingficomputer by periodi-
cally recording information which includes the program otar (PC) and process identifier
(PID) of the currently executing process. The Energy Manitms on the data collection
computer, and is responsible for collecting and storingentrsamples. Because data col-
lection is distributed across two monitor processes, isgeatial that some synchronization
method ensure that they collect samples closely correlatéche. | have chosen to syn-
chronize the components by having the digital multimetgnal the profiling computer
after taking each sample.

The final software component, the Energy Analyzer, usesahhesample data collected
by the monitors to generate the energy profile. The analyzes on the profiling computer
since it uses the symbol tables of executables and sharaddi®to map samples to specific
procedures. There is an implicit assumption in this methat the executables being
profiled are not modified between the start of profile collmetnd the running of the off-
line analysis tool.

3.2.2 The System Monitor

The System Monitor consists of a device driver which coeample data and a user-level
daemon process which reads the samples from the device dndewrites them to a file.
The device driver is currently implemented as a Linux loddd®rnel module (LKM),
allowing PowerScope to run without any modification to kérsaurce code. Although
the System Monitor currently operates only on the Linux apiag system, this design
approach should enable it to be relatively portable to otiperating systems.

The design of the System Monitor is similar to the samplingponents of Morph [100]
and DCPI [3]. The present implementation samples systeivitgavhen triggered by the
digital multimeter. Each twelve byte sample records theealf the program counter (PC)
and the process identifier (PID) of the currently executiragpss, as well as additional in-
formation such as whether the system is currently handlimigirrupt. This assumes that
the profiling computer is a uniprocessor—a reasonable gssomfor a mobile computer.

Samples are written to a circular buffer residing in kernelmory. This buffer is emp-
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pscope_init (u_int size);
pscope_read (voi d* sanpl e,
u_int size,
uint* ret_size);
pscope_start (void);
pscope_stop (void);

Figure 3.2: PowerScope API

tied by the user-level daemon, which writes the samples tie.affhe daemon is triggered
when the buffer grows more than 7/8 full, or by the end of datéection.

The System Monitor records a small amount of additionalrimfation that is used to
generate profiles. First, it associates each currentlyugeg process with the pathname
of an executable. Then, for each executable it records tmeanelocation of each loaded
shared library and associates the library with a pathnanma. Lihux versions 2.1 and
greater, the kerneall_pat h() routine is used to associate each process or library with
a corresponding pathname. For previous versions of Linuwhich this method is un-
available, the System Monitor associates each procesbranjiwith a device and inode
number. In both cases, this mapping is recorded only oncedohn library or executable.
The information is written to the sample buffer during datdiection, and is used during
off-line analysis to associate each sample with a speciécutable image.

The programming interface shown in Figure 3.2 allows agpiéns to control profiling.
The APl isimplemented as a user-level library which marshajjuments and caliooct |
operations on the PowerScope device driver.

The user-level daemon calfsscope.i nit () to set the size of the kernel sample
buffer. Since there is a tension between excessive memageusnd frequent reading of
the buffer by the daemon, the buffer size has been left flexdhllow efficient profiling of
different workloads. The daemon catiscope_r ead() to read samples out of the buffer.
Thepscope_start () andpscope_st op() system calls allow application programs
to precisely indicate the period of sample collection. Nplé sets of samples may be
collected one after the other; each sample set is delinégtethrt and end markers written
into the sample buffer.

3.2.3 The Energy Monitor

The Energy Monitor runs on the data collection computer amdraunicates with the dig-
ital multimeter. There is no specific operating system regruent for the data collection
computer; it currently runs Windows 95 to take advantage afiafiacturer-provided device
drivers for the multimeter.
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The Energy Monitor configures the multimeter to periodigathmple the power usage
of the profiling computer. The specific method of power measent depends upon the
system being profiled. For many laptop computers, the sisaphethod is to sample the
current drawn through the laptop’s external power sourcsudlly, the voltage variation
is extremely small, for example it is less than 0.25% for BB&1701C and 560X laptops.
Therefore, current samples alone are sufficient to detexmhi@ energy usage of the system.
The battery is removed from the laptop while measuremetsaden to avoid extraneous
power drain caused by charging. Current samples are tratesh@synchronously to the
Energy Monitor which stores them in a file for later analysis.

An alternate method can be employed for systems such as the&ypltsy v1.5 pocket
computer that provide internal precision resistors for ppmeasurement [92]. For the Itsy,
the Energy Monitor configures the multimeter to measure tistantaneous differential
voltage, V¢, across &0 mS2 precision resistor located in the main power circuit. The
instantaneous current, |, can therefore be calculatéd=a$/;;;/0.02 Q. Since the voltage
being supplied to the computer,,,,, does not vary significantly, these measurements are
sufficient to calculate instantaneous power usdgeas P = V,,, * I. Further, because
the Itsy contains additional internal resistors, the samne¢éhod can be used to profile the
isolated power usage of Itsy subsystems.

The above method is also useful when the maximum currentrdiawthe profiling
computer exceeds the rated capacity of the measuremeipireeni. In such cases, Power-
Scope can measure the current drop across a precisiororaagstrted between the profil-
ing computer and its external power supply.

Sample collection is driven by the multimeter clock. Symefization with the System
Monitor is provided by connecting the multimeter’s extdrtragger input and output to
I/0 pins on the profiling computer. The specific pins are platf-specific—for example,
| use parallel port pins for the IBM 560X laptop and generaigmse 1/0O pins for the Itsy.
Immediately after the multimeter takes a power sampleggles the value of an input pin.
This causes a system interrupt on the profiling computemduwrhich the System Monitor
samples system activity. Upon completion, the System Monitggers the next sample
by toggling an output pin (unless profiling has been haltedhieypscope_st op system
call). The multimeter buffers this trigger until the timetake the next sample arrives. This
method ensures that the power samples reflect applicationitgaather than the activity
of the System Monitor.

The original PowerScope design used the clock of the prgfémmputer to drive sam-
ple collection. Although simpler to implement, that desigd the disadvantage of biasing
the profile values of activities correlated with the systdatk. Since PowerScope drives
sample collection from the multimeter, the lack of synchzation between the multimeter
and profiling computer clocks introduces a natural jittextttnakes clock-related bias very
unlikely. Using the multimeter clock also allows PowerSedp generate interrupts at a
finer granularity then that allowed by using kernel cloclemtipts.

An alternative approach would be to trigger interrupts gsmmocessor performance
counters such as those found on the StrongARM 1100 and PRefitzhips. | rejected this
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approach due to portability concerns. Some processors asithe Pentium chip used in the
IBM 560X laptop, lack performance counters. Further, mdtior accessing performance
counters vary by processor family, and thus require arctute-specific code.

The user may specify the sample frequency as a parameter tvbdtnergy Monitor
is started. With the multimeter currently being used, theximam sample frequency is
approximately 700 samples per second.

3.2.4 The Energy Analyzer

The Energy Analyzer generates an energy profile of systewitgcRecall that total energy
usage can be calculated by integrating the product of thenteneous current,, and
voltage,V;, over time, as follows:

E= / LV,dt (3.1)

This value can be approximated by simultaneously sampliiyg €urrent and voltage at
regular intervals of timeé\¢. Further, in the systems which | have measufgds constant
within the limits of accuracy for which | am striving. Powexgpe therefore calculates total
energy overn samples using a single measured voltage valiig,,, as follows:

E & Vieas Y LA (3.2)
t=0

The Energy Analyzer reads the raw data generated by the arsrihd associates each
current sample collected by the Energy Monitor with the esponding sample collected
by the System Monitor. It assigns each sample to a proces®busing the recorded PID
value. Samples that occurred during the handling of an dspnous interrupt, such as the
receipt of a network packet, are not attributed to the culyezxecuting process but are
instead attributed to a bucket specific to the interrupt Fendf no process was executing
when the sample was taken, the sample is attributed to alkeunket. The energy usage
of each process is calculated as in Equation 3.2 by summaguhrent samples in each
bucket and multiplying by the measured voltayig {,;) and the sample interval\t).

The Energy Analyzer then generates a summary of energy usapeocess, such as
the one shown in Figure 3.3(a). Each entry displays the toted spent executing the
process, calculated by multiplying the total number of siesphat occurred while the
process was executing by the sample period. Each entry @ptags the total energy
usage of the process and its average power usage, whicttidated by dividing energy
usage by execution time.
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Energy Usage by Process:

El apsed Tot al Aver age
Process Time (s) Energy (J) Power (W
/ obj / odyssey/ bi n/j anus 40. 521 489. 522 12. 081
ker nel 40. 572 301. 210 7.424
| nt errupt s- Wavel an 27. 654 296. 287 10. 714
/ obj / odyssey/ bi n/ xani m 18. 073 218. 458 12. 087
/usr/ X11R6/ bi n/ XF86_SVGA 13. 369 162. 659 12. 167
/ obj / odyssey/ bi n/ vi cer oy 11. 730 141. 101 12. 029
/ obj / odyssey/ bi n/ edi t or 2.130 25. 087 11.776
[ usr/ bi n/ net scape3 1. 495 17. 791 11. 901

(a) Partial summary of energy usage by process

Energy Usage Detail for process /obj/odyssey/bin/viceroy

User-| evel procedures:

El apsed Tot al Aver age
Procedure Time (s) Energy (J) Power (W
| nt er nal _Si gnal 0. 210 2.585 12. 327
Exam nePacket 0. 165 1.939 11. 763
Di spat cher 0. 160 1.872 11. 693
sftp_DataArrived 0. 106 1.285 12. 162
| OMGR_CheckDescri ptors 0. 096 1.159 12. 064
| OMGR_Sel ect 0.078 0. 955 12. 177

(b) Partial detail of process energy usage
This figure shows a sample energy profile for a computer rghniltiple concurrent

applications. Part (a) shows a portion of the summary ofgnasage by process. Part
(b) shows a portion of the detailed profile for a single preces

Figure 3.3: Sample energy profile
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The Energy Analyzer repeats the above steps for each proxdssermine the energy
usage by procedure. The process and shared library infmmatored by the System
Monitor is used to reconstruct the memory address of eacbepre from the symbol
tables of executables and shared libraries. Then, the R{ \wleach sample is used to
place the sample in a procedure bucket. When the profile isrgead, procedures that
reside in shared libraries and kernel procedures are gisglaeparately. Figure 3.3(b)
shows a partial profile of one typical process.

3.3 Validation

For PowerScope to be effective, it must accurately detegrthe energy cost of processes
and procedures. Further, it must operate with a minimum eflo®ad on the system being
measured to avoid significantly perturbing the profile resul

| created benchmarks to assess how successful PowerSdopaesting both of these
goals. Each benchmark was run on two hardware platform<Ctmepaq Itsy v1.5 pocket
computer and the IBM ThinkPad 560X laptop computer.

3.3.1 Accuracy

There are several factors which potentially limit Powen®@xe accuracy. First, the dig-
ital multimeter's power measurements are not truly instaabus—the multimeter's A/D
converter must measure the input signal over a period of tihosvever, this period, dnte-
gration time is normally quite small. In the case of the HP 3458a multenased for these
experiments, the minimum integration time is only A4 Second, there will be some ca-
pacitance in the computer system being measured. Higlhdrexy changes in power usage
may not be measurable at the point in the circuit where theimeter probes are attached.
Finally, there is a delay between the time when the multimieiees a measurement and
the time when the corresponding kernel sample is takengidey includes time to prop-
agate an electrical signal to the profiling computer and timbandle the corresponding
hardware interrupt. If a procedure is of sufficiently shautation, a sample taken during
its execution may be incorrectly attributed to a procedulnéctv executes later. Combined,
these factors limit PowerScope’s accuracy—there will b@eaninimum event duration
below which PowerScope will be unable to accurately deteentiie event’'s power usage.
I measured the minimum event duration by running a benchnvarkh alternates ex-
ecution between two different procedures. Each procedasealknown power usage and
runs for a configurable length of time. When these procedare®f sufficiently long du-
ration, for example, one second, PowerScope can accurdédtymine the power usage
of each procedure. However, as the duration of the two praesds shortened, Power-
Scope will eventually be unable to successfully determingertindividual power usages.
To ensure maximum accuracy, | used the highest samplingstgtported by my current
measurement equipment for these measurements—apprexi0 samples per second.
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(b) PowerScope accuracy for Itsy v1.5

This figure shows PowerScope’s accuracy as a function ofethgth of the event being

measured. Each graph shows the power usage reported foifferet procedures which

execute alternately. As the procedure length is reducedeFRcope is eventually unable
to distinguish the individual power usage of the two procedu The measurements in
the top graph were performed on the IBM ThinkPad 560X laptagh the measurements
in the bottom graph were performed on the Compaq Itsy v1.ghpaint represents the
mean of ten trials—the (barely noticeable) error bars ieaaph show 90% confidence
intervals. Note that procedure length, on the x-axis, ipldiged using a log scale.

Figure 3.4: PowerScope accuracy
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Figure 3.4(a) shows the results of running the benchmarkher560X laptop. The
figure shows the power usage of two procedures reported byefSmope for a variety
of procedure durations. The first procedure performs amiufitin an unrolled loop and
has a power usage of 8.04 Watts (measured with a duration etdnd). The second
procedure performs multiplications in an unrolled loop &ad a power usage of 6.97 Watts.
White it may seem unintuitive that multiplication requiress power than addition, less
multiplication instructions execute per unit of time, megenthat the totaenergyneeded
to perform a multiplication is higher.

PowerScope correctly reports the individual power usageach procedure within ex-
perimental error for durations of 10 ms. When the procedengith is set to 1 ms., Power-
Scope reports slightly inaccurate results (within 1% of¢begect value). As the procedure
duration is further decreased, PowerScope’s accuracyddsmeases. At a duration of
100us., PowerScope is unable to distinguish the power usagealvidiual procedures. In
this case, the limiting factor is probably the capacitanicte laptop computer.

Figure 3.4(b) shows the results of running the benchmarkhentsy v1.5. Because
the power used to perform multiplications on the Itsy is venyilar to the power used
to perform additions, the benchmark replaces the multilon procedure with one that
copies data from one memory location to another. The copeepexrformed in an unrolled
loop and all memory references hit in the first-level dateheacThe power usage of the
addition procedure is 0.85 Watts, and the power usage ofdpg grocedure is 1.08 Watts.

On the Itsy, PowerScope correctly reports individual pousage within experimental
error for durations of 1 ms. The reported values are sligimaccurate with a procedure
length of 10Qus. (within 3% of the correct value). Interestingly, at/€, PowerScope
reports a higher power usage for the addition procedure fiiatine copy procedure. Be-
cause these results are significant within experimentatgtrey strongly indicate that the
power measurements are being perturbed by the latency betilne time when measure-
ments are taken and the time when the System Monitor samydtsns activity on the
profiling computer. Power samples that should be attribtieshe procedure are instead
being incorrectly attributed to the other.

The preceding measurements cannot detect one possibesafuinaccuracy: the ef-
fect of variation in the sampling frequency. To quantifystipotential effect, | measured
the power usage of the IBM560X laptop while it executed thecbenark application for
approximately 10 seconds using a procedure duration of 1ihsempled power usage at
various frequencies using the HP3458a multimeter. Sindd hdt use PowerScope for
these experiments, any variation in power usage can béuwttd to variation in the sam-
pling frequency.

Figure 3.5 shows the results of these experiments for fifereéifit frequencies between
80 and 2309 samples per second (the maximum frequency fansheneter without Pow-
erScope). The measured power usage varies by less than 1 mW., the choice of sam-
pling frequency does not significantly impact measuremeslis.
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This figure shows that variation in the sample frequency datsmpact power measure-
ments. It shows the power usage of an IBM560X laptop exegwibenchmark applica-
tion, measured at several different sampling frequendi&gh point represents the mean
of five trials—90% confidence intervals are not visible ors thiaph.

Figure 3.5: Effect of variation in the sample frequency

3.3.2 Overhead

Running PowerScope imposes a small overhead on the sysiem refiled due to the
activity of the System Monitor. The impact can be expresseeims of both CPU usage
and additional energy consumption on the profiling computer

To determine PowerScope’s CPU overhead, | measured thatexetime of the bench-
mark described in Section 3.3.1 for a variety of samplingsatnd compared the results
to the execution time of the benchmark when PowerScope wasinoing. For the 560X
laptop, latency was measured using the Pentium cycle coufta the Itsy, the Linux
get t i meof day system call was used. This benchmark does not include th®tperi-
odically writing data to a file for long-running profiles. Hewer, because the file write is
amortized across a large number of samples, the additidPdl €dst should be quite low.

Figure 3.6 shows the results of these experiments for theptatforms. In both cases,
PowerScope’s CPU overhead is quite low—Iless than 0.6% ahth@mum sampling rate
of the multimeter. Note that although two measurementsguié 3.6(b) show a negative
overhead, the upper bound of each measurement’s 90% cocidieerval is greater than
zero, meaning that the anomalies can likely be attributexkprimental error.

To determine PowerScope’s energy overhead, | used PowseSoomeasure the en-
ergy usage of the benchmark described in Section 3.3.1 fariaty of sampling rates. For
comparison, | measured the energy consumption of the besrghmithout PowerScope by
using the digital multimeter to measure the energy consiomtf the profiling computer
during a period when the benchmark was the only activity elieg. Because there is a
marked difference between energy consumption dependiog wpether or not the bench-
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(b) CPU overhead for Itsy v1.5

This figure shows PowerScope’s relative CPU overhead as @idanof the sampling
frequency. Both graphs show the additional time requirecotmplete a fixed amount of
calculations while PowerScope is used to profile energyumipsion. The measurements
in the top graph were performed on the IBM ThinkPad 560X |p@tod the measurements
in the bottom graph were performed on the Compagq Itsy v1.8haint represents the
mean of ten trials—the error bars in each graph show 90% cemdi intervals.

Figure 3.6: PowerScope CPU overhead
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This figure shows PowerScope’s measured relative energyhead as a function of the
sampling frequency. Both graphs show the amount of additienergy usage reported
by PowerScope relative to baseline energy consumptiorowtitRowerScope. The mea-
surements in the top graph were performed on the IBM Thinkb&aX laptop and the

measurements in the bottom graph were performed on the Gpitgavl.5. Each point

represents the mean of ten trials—the error bars in eacthglapw 90% confidence in-
tervals.

Figure 3.7: PowerScope energy overhead
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mark is running, it was possible to manually identify thosenples collected when the
benchmark was executing and to calculate the average pamsumption of the bench-
mark. The energy usage of the benchmark was then calculgtetuhiplying its average
power usage by its measured execution time.

Figure 3.7 shows the results of these experiments for thetatborms. In both cases,
PowerScope’s energy overhead is low—about 1.0% for theKHad 560X and 1.3% for
the Itsy at the maximum sampling rate. Like the CPU benchmihik value does not
include the cost of periodically writing data to a file for tpmunning profiles.

While the laptop results show that energy overhead inceetasgy regularly with the
sample rate, the Itsy results are decidedly more irregWahile it is unclear precisely
what leads to this effect, it is possible that different shngpfrequencies induce slightly
different cache effects on the benchmark application. Swadhe effects would be much
more noticeable on the Itsy since its cache is smaller andaneusage makes up a much
larger percentage of its overall power budget.

3.4 Summary

This chapter has described the design and implementatithred®?owerScope energy pro-
filer. PowerScope helps developers design energy-effisiefttvare by mapping energy
consumption to specific processes executing on a compwgreyand to individual pro-

cedures within those processes.

There are several important considerations in the desigmanergy profiler. First, it
should map energy consumption to code components as aglguaatpossible. Second, it
should report the energy usagedf activities occurring on the computer system during
the profiling period. Third, it should maximize portability support profiling on a variety
of hardware platforms. Finally, it should minimize the ambaf overhead imposed during
the profiling period.

Evaluation of PowerScope shows that it is successful inimg#iese goals. Depending
upon the system being profiled, PowerScope can accuratealyué energy to events with
durations as small as 108. Further, profiles such as the one in Figure 3.3 report the
energy consumption of all processes that execute duringrtsfdéing period. The results in
Section 3.3 show that PowerScope can generate profiles omeryalifferent computing
platforms. Finally, PowerScope’s overhead is quite low. tBa platforms evaluated, its
CPU overhead was at most 0.6% and its energy overhead wassafl.38o.
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Chapter 4

Energy-aware adaptation

In order to design energy-aware software, it is first neagssaunderstand how software
design choices impact system energy use. This need mativageto perform a detailed
study of energy usage for several applications that mightraonly be found in mobile
computing environments. In this chapter, | discuss thid\stits results, and the implica-
tions for energy-aware application and operating systesigde

4.1 Goals of the study

The primary goal of the study was to assess the feasibilitgrargy-aware adaptation.
For adaptation strategies to be effective, it is cruciat tttenges in application behavior
yield significant energy savings. If the potential savingsmeager, then developers will
not modify applications to make them energy-aware. Fuytherresulting energy savings
should be predictable. The more accurately an adaptiversysan project the impact of
potential changes, the quicker it can converge upon thenopti balance between applica-
tion quality and energy conservation.

In this study, the main dimension of energy-aware adaptatidhe tradeoff between
application fidelity and energy use. Since fidelity is an aggpion-dependent metric, it was
necessary to measure several different applications geieeuted at different levels of fi-
delity. The greater the difference in energy use, the mdezt¥e energy-aware adaptation
is likely to be for a given application.

Although it was not my main focus, | also studied another digien of energy-aware
adaptation: the tradeoff between execution location aredggnuse. Although it seems
intuitive that offloading computation to a server can redcl@nt energy usage, this is not
always the case. Even though the energy used by the clieAtbull decrease, this benefit
may be offset by increased network energy use. Alternativeiote execution may prove
to be slower than local execution when communication neeglsignificant, creating a
tradeoff between energy conservation and performance.

A secondary goal of the study was to assess the impact ofrexisardware power-
management strategies, such as spinning down the hard disabling wireless network

31
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receivers, and turning off the display. | measured both thedsalone impact of these
strategies, as well as their impact when combined with gnavgare adaptation. | was
especially interested in confirming that the energy saving® energy-aware adaptation
could enhance those achievable through hardware powergearemt. Although these
distinct approaches to energy savings seem composablasitimportant to verify this

experimentally.

4.2 Methodology

| measured the energy used by four applications: a videaeplayspeech recognizer, a map
viewer, and a Web browser. My selection of these particutgnlieations was driven by
several factors. First, these are applications that aremoamty used when mobile. Speech
recognition enables hands-free operation, while map vigwissists navigation. It is also
reasonable to expect that mobile access of Web and videondlhiacrease as wireless
bandwidth becomes more plentiful. Second, each applichiis at least one definable di-
mension of fidelity, allowing me to study the relationshipviaeen fidelity and energy use.
The final factor in selecting these applications was thagm®sibility. All ran on Linux, and
three had freely available source code. The fourth, Netsdagd not yet released source
code, but had a well-defined interface for extension. In thdys source-code availability
allowed me to use PowerScope to gain a more detailed picfuapmication energy use.
The large degree of extensibility allowed me to easily mpdibplications to support mul-
tiple levels of fidelity. However, making applications egyeaware does not always require
application or operating system source code, as will be setlte next chapter.

| used the IBM 560X laptop as the primary platform for evaioat Since the video
player, map viewer, and Web browser have a considerable minmaduyplatform-specific
code, it would have been prohibitively time-consuming totploem to the Itsy. However,
the speech recognizer proved relatively easy to port—Iletioee measured its energy con-
sumption for both platforms and compared the results.

| first observed the applications as they operated in ismiatind then as they operated
concurrently. In each experimental trial, the fidelity ofapplication was fixed at a constant
value.

| explored sensitivity of energy consumption to data figeby using four data ob-
jects for each application: that is, four video clips, fopesch utterances, four maps, and
four Web images. | first measured the baseline energy usageatih object at highest
fidelity with hardware power management disabled. Secondiyeasured energy usage
with hardware power management enabled. Then, | succés$iveered the fidelity of
the application, measuring energy usage at each fidelitywatdware power management
enabled.

This sequence of measurements is directly reflected in tivedbof the graphs pre-
senting the results: Figures 4.2, 4.5, 4.10, and 4.15. Sirmnsiderable amount of data
is condensed into these graphs, | explain their format heea ¢hough their individual
contents will not be meaningful until the detailed discaasiin Sections 4.4 through 4.7.
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For example, consider Figure 4.2. There are six bars in ebittedour data sets on the
x-axis; each data set corresponds to a different video dilpe height of each bar shows
total energy usage, and the shadings within each bar shagyensage by software com-
ponent. The component labeled “Idle” aggregates sampésotiturred while executing
the kernel idle procedure—effectively a Pentitnint instruction. The component labeled
“WaveLAN” aggregates samples that occurred during wirelestwork interrupts.

For each data set, the first and second bars, labeled “Ba%elid “Hardware-Only
Power Mgmt.”, show energy usage at full fidelity with and withh hardware power man-
agement. The difference between the first two bars gives ppécation-specific effec-
tiveness of hardware power management. Each of the rengab@rs shows the energy
usage at a different, reduced fidelity level with hardware@omanagement enabled. The
difference between one of these bars and the first bar (“BeeSghives the combined ben-
efit of hardware power management and fidelity reduction. difierence between one of
these bars and the second one (“Hardware-Only Power Mggiv&s the additional benefit
achieved by fidelity reduction above and beyond the bendiieaed by hardware power
management.

The measurements for all bars except “Baseline” were obthwhile powering down
as many hardware components as possible for each appticatiter ten seconds of inac-
tivity, | transitioned the disk to standby mode. Further, ddified the network communi-
cation package used to place the wireless network inteifestandby mode except during
remote procedure calls or bulk transfers. Finally, | turoéidhe display during the speech
application. Since the other applications were interagtihe display was continuously
enabled during their operation.

These are the maximally aggressive power managementgsésitihat could be em-
ployed with the computer used in the study. However, morenemobile computers sup-
port further dimensions of power management—for exammeel mobile processors
can reduce their power and energy requirements by decgesnCPU clock frequency.
Hence, the effectiveness of hardware power managementepp®e be increasing with
time. As it will be shown in this chapter that hardware powemnagement and fidelity re-
duction are synergistic, it is reasonable to expect thab#refits of fidelity reduction will
continue to increase in the future as hardware power managgnecomes more effective.

4.3 Experimental setup

For this study, | used the ThinkPad 560X described in Se@i@nl as the client. The
client ran the Linux 2.2 operating system. All servers wed® RIHz Pentium Pro desktop
computers with 64 MB of memory. The client communicated veignvers over a 2 Mb/s
wireless WaveLAN network operating at 900 MHz.

| measured application and system energy use with PoweeSsampling at a rate of
approximately 600 times per second. To avoid confoundifegef due to non-ideal battery
behavior, the client used an external power supply. Furttzeeliminate the effects of
charging, the client’s battery was removed.
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4.4 Video player
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Viceroy :
. Qdyssey & Video
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Warden

Figure 4.1: Odyssey video player

4.4.1 Description

| first measured the impact of fidelity on the video applicastiown in Figure 4.1. Xanim
fetches video data from a server through Odyssey and disjilay the client. It supports
two dimensions of fidelity: varying the amount of lossy coegsion used to encode a
video clip, and varying the size of the window in which it isgiayed. There are multiple
tracks of each video clip on the server, each generatednafftom the full fidelity video
clip using Adobe Premiere. They are identical to the oripgaept for size and the level
of lossy compression used in frame encoding.

4.4.2 Results

Figure 4.2 shows the total energy used to display four vigeasfferent fidelities. At the
baseline fidelity, much energy is consumed while the praréssdle because of the limited
bandwidth of the wireless network—not enough video dataasdmitted to saturate the
processor. Most of the remaining energy is consumed by asgnous network interrupts,
the Xanim video player, and the X server.

For the four video clips, hardware-only power managememtices energy consump-
tion by a mere 9-10%. There is little opportunity to place tieéwork in standby mode
since it is nearly saturated. Most of the reduction is dueis& dower management—the
disk remains in standby mode for the entire duration of aregrgent.

The bars labeled Premiere-B and Premiere-C in Figure 4.% she impact of lossy
compression. Whereas the baseline video is encoded at QuonekCinepak quality level
2, Premiere-B and Premiere-C are encoded at quality leveetsl D respectively. Premiere-
C, the highest level of compression, consumes 16-17% lemgyethan hardware-only
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This figure shows the total energy used to display four Quiiti€fCinepak videos from
127 to 226 seconds in length, ordered from right to left abdwer each video, the first
bar shows total energy usage without hardware power managteon fidelity reduction.

The second bar shows the impact of hardware power managexioeret. The next two
show the impact of lossy compression. The fifth shows the angiareducing the size of
the display window. The final bar shows the combined effedbs§y compression and
window size reduction. The shadings within each bar deta#rgy usage by software
component. Each value is the mean of five trials—the erros Baow 90% confidence
intervals.

Figure 4.2: Energy impact of fidelity for video playing

power management. Note that these gains are understated theebandwidth limitation
imposed by the wireless network. With a higher-bandwidtiiwoek, | could raise baseline
fidelity and thus transmit better video quality when enesgglentiful. The relative energy
savings of Premiere-C would then be higher.

By examining the shadings of each bar in Figure 4.2, it cancle® shat compression
significantly reduces the energy used by Xanim, Odysseyitem@/aveLLAN device driver.
However, the energy used by the X server is almost complateffected by compression.
| conjectured that this is because video frames are decoefededthey are given to the X
server, and the size of this decoded data is independeng ¢kl of lossy compression.

To validate this conjecture, | measured the effect of hgh\both the height and width
of the display window, effectively introducing a new dimemsof fidelity. As Figure 4.2
shows, shrinking the window size reduces energy consumf8e-20% beyond hardware-
only power management. The shadings on the bars confirm ¢datcing window size
significantly decreases X server energy usage. In fact,mvitre bounds of experimental
error, X server energy consumption is proportional to winwdoea.
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Figure 4.3: Predicting video player energy use

This figure shows the relationship between system energydada fidelity, and video
length. For each level of data fidelity, four data points shbe total energy used to
display the four videos from Figure 4.2—the corresponding fepresents the best linear
fit through these points. All measurements were taken witbvaare power management
enabled. The (barely noticeable) error bars show 90% candlntervals for energy use.

Finally, | examined the effect of combining Premiere-C ating with a display window
of half the baseline height and width. This results in a 28436duction in energy usage
relative to hardware-only power management. Relative seliae, using all the techniques
(hardware power management, lossy encoding, and redulegvindow size) together
yields about a 35% reduction.

From the viewpoint of further energy reduction, the righsnhbar of each data set in
Figure 4.2 seems to offer a pessimistic message: therdedditbe gained by further efforts
to reduce fidelity. Virtually all energy usage at this fidglével occurs when the processor
is idle.

Fortunately, this is precisely where advances in hardwareep management can be
of the most help. For example, consider a modern mobile gsmesuch as TransMeta’s
Crusoe chip [41], which can reduce its clock frequency tegaswer and energy. As the
fidelity of the video is reduced, the processor can operat®mespondingly lower clock
frequencies since the needed computation per frame isesm@lith such a processor, the
total energy used by the lowest fidelity will be significantuced.

Figure 4.3 shows video player energy use as a function ofovidegth for five dif-
ferent levels of data fidelity: baseline, Premiere-B, PexeHC, reduced window size, and
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Figure 4.4: Odyssey speech recognizer

the combination of Premiere-C and reduced window size. thease, hardware power
management is enabled. For each fidelity level, four datatpghow the total energy used
to play each of the videos in the study, and the correspondiegshows the best linear

fit through these points. From the data, it is clear that thedr model is a good fit—the

coefficient of determination/{?) is greater than 99% for every fidelity. In addition, the
maximum relative error for any data point is 2.3%. Thus, ifa@aptive system were to be
given a new video and could determine its length, it is reabanto expect that it would be

able to accurately predict the energy needed to displayite®\at each fidelity. Of course,

these results apply directly only to the fidelities inveatag in this study; it is possible that
different encoding schemes may prove to be less predictable

4.5 Speech recognizer

4.5.1 Description

The second application is an adaptive speech recognizeh@wsn in Figure 4.4, it consists
of a front-end that generates a speech waveform from a spdgkenance and submits it via
Odyssey to a local or remote instance of the Janus speeadfniéion system [94].

Local recognition avoids network transmission and is uragadole if the client is dis-
connected. In contrast, remote recognition incurs theydatad energy cost of network
communication but can exploit the CPU, memory, and energyuees of a remote server
that is likely to be operating from a power outlet rather tlzabattery. The system also
supports a hybrid mode of operation in which the first phasesobgnition is performed
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This figure shows the energy used to recognize four spokenanites from one to seven
seconds in length, ordered from right to left above. For agtrance, the first bar shows
energy consumption without hardware power managementelitfidleduction. The sec-
ond bar shows the impact of hardware power management aldhe.remaining bars
show the additional savings realized by adaptive stratedibe shadings within each bar
detail energy usage by activity. Each measurement is the rokefive trials—the error
bars show 90% confidence intervals.

Figure 4.5: Energy impact of fidelity for speech recognition

locally, resulting in a compact intermediate represeatathat is shipped to the remote
server for completion of the recognition. In effect, the hglimode uses the first phase of
recognition as a type-specific compression technique tietds/a factor of five reduction
in data volume with minimal computational overhead.

Fidelity is lowered in this application by using a reducedafbulary and a less complex
acoustic model. This substantially reduces the memonypfadtand processing required
for recognition, but degrades recognition quality. Thetsgsalerts the user of fidelity
transitions using a synthesized voice. The use of low figaimost compelling in the case
of local recognition on a resource-poor disconnected tladthough it can also be used in
hybrid and remote cases.

Although reducing fidelity limits the number of words avéaie, the word-error rate
may not increase. Intuitively, this is because the recagnmakes fewer mistakes when
choosing from a smaller set of words in the reduced vocapuldris helps counterbalance
the effects of reducing the sophistication of the acoustdeh
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Figure 4.6: Predicting speech recognition energy use

This figure shows the relationship between system energydaga fidelity, and utter-

ance length. For each level of data fidelity, ten data poihtsvsthe total energy used
to recognize different utterances (including the ones ffégure 4.5)—the correspond-
ing line represents the best linear fit through these poifilsmeasurements were taken
with hardware power management enabled. The (barely radtiegerror bars show 90%
confidence intervals for energy use.

45.2 Results

Figure 4.5 presents measurements of client energy usagerat@gnizing four pre-recorded
utterances using local, remote, and hybrid strategiesyt émnd low fidelity. The baseline
measurements correspond to local recognition at high fidslthout hardware power man-
agement. Since speech recognition is compute-intendivesaall the energy in this case
is consumed by Janus.

Hardware power management reduces client energy usage-B¢%3 Such a substan-
tial reduction is possible because the display can be tuoffeghd both the network and
disk can be placed in standby mode for the entire duratiom @x@eriment. This assumes
that user interactions occur solely through speech, anddikk accesses can be avoided
because the vocabulary, language model and acoustic mbdatifely in physical mem-
ory. More complex recognition tasks may trigger disk atyiand hence show less benefit
from hardware power management.

Lowering fidelity by using a reduced speech model results 25-a46% reduction in
energy consumption relative to using hardware power managealone. This corresponds
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to a 50—65% reduction relative to the baseline.

Remote recognition at full fidelity reduces energy usage ®y43% relative to using
hardware power management alone. If fidelity is also redutbedcorresponding savings is
42—-65%. These figures are comparable to the energy savingsiiote execution reported
in the literature for other compute-intensive tasks [69, 75 the shadings in the fourth
and fifth bars of each data set in Figure 4.5 indicate, modt@fnergy consumed by the
client in remote recognition occurs with the processor-diauch of this is time spent
waiting for a reply from the server. Lowering fidelity speadsognition at the server, thus
shortening this interval and yielding additional energyisgs.

Hybrid recognition offers slightly greater energy savirtigan remote recognition: 47—
55% at full fidelity, and 53—70% at low fidelity, both relatiteehardware-only power man-
agement. Hybrid recognition increases the fraction of @nesed by the local Janus code;
but this is more than offset by the reduction in network traission and idle time.

Overall, the net effect of combining hardware power manag@mvith hybrid, low-
fidelity recognition is a 69—80% reduction in energy usadatires to the baseline. In
practice, the optimal strategy will depend on resourcelaldity and the user’s tolerance
for low-fidelity recognition. Chapter 7 explores this issngreater detail.

Figure 4.6 shows speech recognizer energy use as a fundtiattecance length for
full and reduced fidelity with hardware power managemenbkath For both fidelity lev-
els, each data point shows the total energy used to recogne®f a set of ten spoken
utterances—this set includes the four utterances fromrEiglb. The corresponding lines
show the best linear fit through these points. The linear mfwethe baseline fidelity
produces a reasonable fit (93.7% coefficient of determingtishile the fit is considerably
better for the reduced fidelity (99.8%). At the baseline figiethe relative error for six
of the ten utterances is less than 10%; at the reduced fideiitg utterances have relative
error less than 10%. While speech recognition is less ptalolie than video display, these
results are quite encouraging—simple linear models appedo a reasonably good job of
predicting energy use.

4.5.3 Results for Itsy v1.5

| have ported Janus to the Itsy v1.5 pocket computer in omlexplore the impact of dif-
ferent hardware platforms on energy-aware adaptatiorurgig.7 presents measurements
of client energy usage for the same four pre-recorded utt@swhen the speech front-end
executes on the Itsy v1.5. Since the Itsy does not have a PEM@rface, a serial link
was used as the network transport.

Because the Itsy is an experimental platform, there exésis $ystem support for hard-
ware power management than on the ThinkPad laptop. Thusesiéts in Figure 4.7 do
not reflect the possibility that one could disable the Itslygplay and serial link when they
are not in use, or that one could reduce the processor cleckiéncy when CPU load is
low.

Contrasting Figures 4.5 and 4.7 shows that the Itsy consunoge energy than the
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This figure shows the energy used to recognize four spokerantites from one to seven
seconds in length, ordered from right to left above. Thentlimachine which executes
the recognitions is an Itsy v1.5 pocket computer—the restdh be contrasted with Fig-
ure 4.5 in which the client machine is an IBM ThinkPad 560daptThe first bar shows
energy consumption without fidelity reduction. The remagnbars show the additional
savings realized by adaptive strategies. The shadingsnvwatch bar detail energy usage
by activity. Each measurement is the mean of five trials—tiagly noticeable) error
bars show 90% confidence intervals.

Figure 4.7: Energy impact of fidelity for speech recognitamthe Itsy v1.5

ThinkPad to perform local speech recognition, but signifigaless energy to perform
hybrid and remote recognition. Although the Itsy is consitddy more energy-efficient than
the ThinkPad, its StrongArm processor is slower. More digauntly, the Janus recognizer
performs a large number of floating-point operations, whsichemulated in software on the
Itsy. These factors combine to make local speech recogmntiohibitively slow. Although
average power usage is much lower on the Itsy, the total gmexgded for local recognition
is higher.

Use of the reduced quality speech model for local recogmitimvides considerable
benefit on the Itsy, reducing energy usage from 44—-49%. Qumrid and remote execu-
tion, use of the reduced speech model has little impact.oigh the recognition completes
more quickly on the remote server, the Itsy expends vei ihergy during the additional
time it must wait for full-quality recognition because itadkground power usage is very
small.

Remote recognition uses much less energy on the Itsy. Thgyesavings from remote
execution range from 92—-94% for full-quality recognitiomdafrom 86—90% for reduced-
quality recognition. Two factors contribute to this largezmgs: the lack of floating-point
support makes local processing less attractive, and theewedficiency of the hardware
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Execution ThinkPad 560X Itsy v1.5
Location | Fidelity || Normalized Energy Normalized Energy
Local Full 1.00 1.00

Local Reduced 0.64 0.53
Remote | Full 0.61 0.06
Remote | Reduced 0.47 0.06

Hybrid Full 0.48 0.09

Hybrid Reduced 0.36 0.08

This figure compares speech recognition energy usage ortsher1.5 and ThinkPad

560X. Each row shows the average energy used to recognizitesance on the two plat-
forms with hardware power management enabled. Each data isathe geometric mean
of energy usage, normalized to local energy usage at fullitiidéor the four utterances

shown in Figures 4.5 and 4.7.

Figure 4.8: Comparison of per-platform speech recognitinargy use

platform means that very little energy is expended waitimgrémote processing requests
to complete.

Hybrid recognition uses more energy than remote recogniiothe Itsy, even though
the operation completes in less time. The energy impact dopring the first stage of
recognition locally is greater than the total amount of ggespent waiting for recognition
to complete during fully-remote execution. This has two artpnt implications for remote
execution. First, it illustrates that tradeoffs betweerfgrenance and energy conservation
exist for common applications. Second, it shows that rerexéeution decisions must con-
sider both the client and its available resources when degighere to locate functionality.

The speech recognition results give some evidence thatftbetieeness of energy-
aware adaptation will increase as mobile hardware beconwes amergy-efficient. Intu-
itively, modifying application behavior can only affectrymic power usage—background
power usage is fixed by device energy characteristics. greffgcient hardware platforms,
which have lower background power usage and a greater ratimagmum dynamic to
background power usage, will benefit more. The results infég 4.5 and 4.7 bear this
out. The maximum energy savings due to fidelity reduction r@maote execution is only
64—78% on the ThinkPad, but 92—-94% on the more energy-eftitisy. However, these
results are biased by the Itsy’s lack of floating-point suppehich contributes to some
of the energy differential. Figure 4.8 highlights the difface between the two platforms
be showing the energy usage of each fidelity and remote @gedotation normalized to
local energy usage at full fidelity.



4.6. MAP VIEWER 43

Client
Viceroy :
o Qdyssey RPc, Map
Map|
Warden

Figure 4.9: Odyssey map viewer

4.6 Map viewer

4.6.1 Description

The third application that | measured was an adaptive maperiaamed Anvil. As shown

in Figure 4.9, Anvil fetches maps from a remote server via €3gdy and displays them on
the client. Fidelity can be lowered in two ways: filtering asrdpping. Filtering eliminates

fine detail and less important features (such as secondagsydrom a map. Cropping
preserves detail, but restricts data to a geographic sabsbe original map. The client

annotates the map request with the desired amount of filfend cropping. The server
performs any requested operations before transmittingdye data to the client.

4.6.2 Results

| measured the energy used by the client to fetch and dispépsrof four different cities.
Viewing a map differs from the two previous applications vat a user typically needs
a non-trivial amount of time to absorb the contents of a magr aif has been displayed.
This period, which | will refer to ashink time should logically be viewed as part of the
application’s execution since energy is consumed to keeprtéip visible. In contrast, the
user needs negligible time after the display of the lastwii@me or the recognition of an
utterance to complete use of the video or speech application

Think time is likely to depend on both the user and the map déisplayed. My
approach to handling this variability was to use an initialiwe of 5 seconds and then
perform sensitivity analysis for think times of 0, 10 and 28ends. For brevity, Figure 4.10
only presents detailed results for the 5 second case; fer tink times, | present only the
summary information in Figure 4.11.

The baseline bars in Figure 4.10 show that most of the energgnsumed while the
kernel executes the idle procedure; a significant portiothisf can be attributed to back-
ground power usage during the five seconds of think time. Tihdiags on the bars indicate
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This figure shows the energy used to view U.S.G.S. maps ofditias. For each map, the
first bar shows energy usage without hardware power manageondidelity reduction,
with a 5 second think time. The second bar shows the impadirofdare power manage-
ment alone. The remaining bars show the additional saviegkzed by degrading map
fidelity. The shadings within each bar detail energy usagedbiyity. Each measurement
is the mean of ten trials—the error bars are 90% confidenegvials.

Figure 4.10: Energy impact of fidelity for map viewing

that network communication is a second significant drain mergy. The comparatively
larger confidence intervals for this application resulnirgariation in the time required to
fetch a map over the wireless network.

Hardware power management reduces energy consumptiorooy @b19% relative to
the baseline. Although there is little opportunity for netl power management while the
map is being fetched, the network can remain in standby madegithink time. Since the
disk is never used, it can always remain in standby mode.

The third and fourth bars of each data set show the effect elitiydreduction through
two levels of filtering. One filter omits minor roads, whilestinore aggressive filter omits
both minor and secondary roads. The savings from the miraat fiier range from 6-51%
relative to hardware-only power management. The corredipgrfigure for the secondary
road filter is 23-55%.

The fifth bar of each data set shows the effect of loweringifigdély cropping a map
to half its original height and width. Energy usage at thislityf is 14—49% less than with
hardware-only power management. In other words, cropness effective than filtering
for these particular maps. Combining cropping with filtgrmresults in an energy savings of
36—66% relative to hardware-only power management, as slhgvthe rightmost bars of
each data set. Relative to the baseline, this is a reductié-/0%. There is little savings
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This figure shows how the energy used to view the San Jose mipFigure 4.10 varies

with think time. The data points show measured energy usage. solid, dashed and
dotted lines represent linear models of energy usage fdydakeline, hardware-only power
management and lowest fidelity cases. The latter combiresrig and cropping, as in

the rightmost bars of Figure 4.10. Each measurement is tlaa roften trials—the error

bars are 90% confidence intervals.

Figure 4.11: Effect of user think time for map viewing

left to be extracted through software optimization—almadsthe energy is consumed in
the idle state.

After examining energy usage with 5 seconds of think timespeated the above ex-
periments with think times of 0, 10, and 20 seconds. At angwifidelity, energy usage,
E; increases with think time, | expected a linear relationshig:;, = Fy + ¢ - Py, where
E, is the energy usage for this fidelity at zero think time dngdis the background power
consumption on the client (5.6 Watts from Figure 2.1).

Figure 4.11 confirms that a linear model is indeed a good fitis Tigure plots the
energy usage for four different values of think time for #hreases: baseline, hardware
power management alone, and lowest fidelity combined witthixare power management.
The divergent lines for the first two cases show that the gnexduction from hardware
power management scales linearly with think time. The paréhes for the second and
third cases show that fidelity reduction achieves a congtangfit, independent of think
time. The complementary nature of these two approachesissviiell illustrated by these
measurements.

Figure 4.12 shows map viewer energy use as a function of thestifed map size
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Figure 4.12: Predicting map viewer energy use

This figure shows the relationship between system energydasefidelity, and undistilled

map size. For each level of data fidelity, ten data points ghevtotal energy used to view
six maps (including the ones from Figure 4.10)—the corregpay line represents the
best linear fit through these points. All measurements waert with hardware power
management enabled. The error bars show 90% confidencealstéor energy use.

for three fidelity levels: baseline, minor road filtering,datihe combination of minor road
filtering, secondary road filtering, and cropping. (The renmg fidelity levels are omitted
for clarity). For each fidelity, six data points show the t@aergy used to fetch and display
different city maps, including the four from Figure 4.10.n&¢ | have already shown that
the energy cost of user think time is quite predictable,g¢hesults assume zero think time,
and thereby isolate the variance in the energy cost of fegchnd displaying maps.

Visual inspection of the linear fits reveals that energy esegrresponds closely to
image size only in the baseline case. Whereas the basebrseduefficient of determination
of greater than 99%, the minor road filter and combined figslihaveR? values of 36%
and 69% respectively. Clearly, the undistilled map sizesdoat remain a good predictor
when map fidelity is reduced.

When simple models do not yield good predictions, it is gasdihat additional infor-
mation will give more accurate results. In the specific exienop the map viewer, the per-
centage of features omitted by a given filter may vary widetyrf map to map. However,
if the map server were to store summary information with eaep listing the occurrence
of different feature types, one could anticipate the effectess of a filter. This would al-
low an adaptive system to determine the number of map fesathe¢ would be fetched at
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Figure 4.13: Predicting map viewer energy use by numberaitifes

This figure shows the relationship between system energydase fidelity, and the num-
ber of map features. For each level of data fidelity, ten datatp show the total energy
used to view the six maps from Figure 4.12—the correspontiivegrepresents the best
linear fit through these points. All measurements were talam hardware power man-
agement enabled. The error bars show 90% confidence irgdoratnergy use.

various levels of filtering.

Figure 4.13 shows the benefit of this additional informatidindisplays map viewer
energy use as a function of fidelity and the number of feattetehed. For clarity, the
data is displayed in two graphs: the graph on the left shoed#seline and minor road
filter fidelities, while the other graph shows the combine@lftg. Knowledge of the num-
ber of features that will be omitted by the minor road filterkas predictions much more
accurate—ther? value for the minor-road filter fidelity is now 99%. Unfortuedy, al-
though the linear fit for the combined fidelity improves, itsisll quite poor with ank?
value of 79%. Although the model can anticipate the effedtltring, it is still unable to
cope with variation in the amount of features removed by piog.

4.7 Web browser

4.7.1 Description

The fourth application is an adaptive Web browser based dsddpe Navigator, as shown
in Figure 4.14. In this application, Odyssey and a distdlaiserver located on either side
of a variable-quality network mediate access to Web senReguests from an unmodified
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Figure 4.14: Odyssey Web browser

Netscape browser are routed to a proxy on the client thataote with Odyssey. After an-
notating the request with the desired level of fidelity, Czbysforwards it to the distillation
server which transcodes images to lower fidelity using IaH3¢G compression. This is
similar to the strategy described by Fox et al [23], except ttontrol of fidelity is at the
client.

4.7.2 Results

As with the map application, a user needs some time after agens displayed to absorb
its contents. | therefore include energy consumed durirey thlenk time as part of the
application. | use a baseline value of 5 seconds and perfensitsvity analysis for 0, 10,
and 20 seconds.

Figure 4.15 presents measurements of the energy used todettdisplay four GIF
images of varying sizes. Hardware power management achredrictions of 22—26%.
The shadings on the first and second bars of each data settethat most of this savings
occurs in the idle state, probably during think time.

The energy benefits of fidelity reduction are disappointiAg.Figure 4.15 shows, the
energy used at the lowest fidelity is merely 4-14% lower théh tvardware power man-
agement alone; relative to baseline, this is a reductiorfeB2%. The maximum benefit
of fidelity reduction is severely limited because the rea@mount of energy used during
think time (28 Watts) is much greater than the energy usedttthfand display an image,
(2—-16 Watts). Thus, even if fidelity reduction could comelgteliminate the energy used
to fetch and display an image, energy use would drop only %-36

Although Web fidelity reduction shows little benefit in thisidy, it may be quite useful
in other environments. For example, a more energy-efficieoiile device would use less
energy during think time, increasing the possible benefitdaity reduction. Similarly, if
a high-speed network were unavailable, the energy beneddistifiation would increase.

The effect of varying think time is shown in Figure 4.16. Theehr model introduced
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This figure shows the energy used to display four GIF imagas f£10B to 175KB in
size, ordered from right to left above. For each image, that flata bar shows energy
consumption at highest fidelity without hardware power nggemaent, assuming a think
time of five seconds. The second bar shows the impact of haedpawver management
alone. The remaining bars show energy usage as fidelity isreavthrough increasingly
aggressive lossy JPEG compression. The shadings withmbeaicetail energy usage by
activity. Each measurement is the mean of ten trials—thar éars show 90% confidence
intervals.

Figure 4.15: Energy impact of fidelity for Web browsing

in Section 4.6.2 fits observations well for all three casesseline, hardware-only power
management, and lowest fidelity. The close spacing of theslfor the two latter cases
reflects the small energy savings available through fideditjction. The divergence of the
lines for the first two cases shows the importance of hardwaveer management during
think time.

Figure 4.17 shows Web browser energy use as a function ofrttistilled image size
for three fidelity levels: baseline, JPEG 50, and JPEG 5. &oh &idelity, seven data points
show the total energy used to fetch and display differengiesaincluding the four from
Figure 4.15. As with the map application, these resultagelno user think-time, thereby
isolating the variation in energy used to fetch and disptagdes. For this application,
simple linear models yield reasonable predictions: Bievalues for baseline, JPEG 50,
and JPEG 5 are 91%, 93%, and 98% respectively.

A related study of Netscape energy usage [64] looks at tlatioekhip between energy
use and image size in more detail. It attributes some of thiati@an in energy use to
the Netscape application, speculating that the schedbhgvior of Netscape’s user-level
threading package leads to non-deterministic effects. sthdy also finds that different
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This figure shows how the energy used to display Image 1 fraynrEi4.15 varies with

user think time. The data points on the graph show measug\ensage for user think
times of 0, 5, 10, and 20 seconds. The solid, dashed and dotesdrepresent linear
models of energy consumption for the baseline, hardwale{qomwver management, and
lowest fidelity cases. Each measurement represents the esh&amtrials—the error bars
are 90% confidence intervals.

Figure 4.16: Effect of user think time for Web browsing

images vary slightly in the amount of compression achiewe@fjuivalent levels of JPEG
quality.

4.8 Effect of concurrency

How does concurrent execution affect energy usage? Oneragine situations in which
total energy usage goe®wnwhen two applications execute concurrently rather than se-
guentially. For example, once the screen has been turnedramé application, no addi-
tional energy is required to keep it on for the second. Oneatsm envision situations in
which concurrent applications interfere with each othexays that increase energy usage.
For example, if physical memory size is inadequate to accodate the working sets of
two applications, their concurrent execution will triggagher paging activity, possibly
leading to increased energy usage. Clearly, the impactmduwoency can vary depending
on the applications, their interleaving, and the machine/bich they run.

What is the effect of lowering fidelity? The measurementoraga in Sections 4.4
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Figure 4.17: Predicting Web browser energy use

This figure shows the relationship between system energydate fidelity, and undis-

tilled image size. For each level of data fidelity, six datnposhow the total energy used
to fetch and display different GIF images (including theofrem Figure 4.15)—the cor-

responding line represents the best linear fit through thes#gs. All measurements were
taken with hardware power management enabled. The errerdbaw 90% confidence
intervals for energy use.

to 4.7 indicate that lowering fidelity tends to increase taetion of energy consumption
attributable to the idle state. Concurrency allows backgtbenergy consumption to be
amortized across applications. It is therefore possibleame cases for concurrency to
enhance the benefit of lowering fidelity.

To confirm this intuition, | compared the energy usage of a posite application
when executing in isolation and when executing concuryentith the video application
described in Section 4.4. The composite application ctgefssix iterations of a loop that
involves the speech, Web, and map applications describ8ddtions 4.5 to 4.7. The loop
consists of local recognition of two speech utterancessssof a Web page, access of a
map, and five seconds of think time. The composite applicatiodels a user searching
for Web and map information using speech commands, whilgitteo application models
a background newsfeed. This experiment takes between 80&ihskeconds.

Figure 4.18 presents the results of the experiments foetbases: baseline, hardware-
only power management, and minimal fidelity. In the first tvases, all applications ran at
full fidelity; in the third case, all ran at lowest fidelity. Feach data set, the left bar shows
energy usage for the composite application in isolation]enhe right bar shows energy
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Each data set in this figure compares energy usage for theasit@application described
in Section 4.8 in isolation (left bar), with total energy geavhen a video application runs
concurrently (right bar). Each measurement is the mean eftfigls—the error bars are
90% confidence intervals.

Figure 4.18: Effect of concurrent applications

usage during concurrent execution.

For the baseline case, the addition of the video applicatimsumes 53% more energy.
But with hardware power management, it consumes 64% monmgyené€his difference is
due to the fact that concurrency reduces opportunitiesdarguing down the network and
disk. For the minimum fidelity case, the second applicatinly adds 18% more energy.
The significant background power usage of the client, whiitit$ the effectiveness of
lowering fidelity, is amortized by the second applicatiamother words, for this workload,
concurrency does indeed enhance the energy impact of logvidelity.

Figure 4.19 provides more detail by showing background amdhahic energy use for
each application. As described in Section 2.1, | define backgl energy as the amount of
energy that would have been used if the computer had remadiedhstead of executing
the application. Background energy is application-inaejgat; it represents the cost of
operating hardware components in their lowest power stdtesexample, keeping the
display backlit and the disk in standby mode. | define dynangrgy use to be the amount
of energy consumed by an application above and beyond itgjb@aend energy use. Thus,
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Composite Only Video Only Concurrent
Energy (J) Energy (J) Energy (J)

Scenario || Bkgd. | Dyn. | Total || Bkgd. | Dyn. | Total || Bkgd. | Dyn. | Total

Baseline | 819.9| 261.5| 1081.4|| 1148.1| 260.5| 1408.6| 1148.1| 503.8| 1651.9
Hardware|| 622.0| 320.6| 942.6 | 841.4 | 435.5| 1276.9| 841.4 | 708.4| 1549.8
Lowest || 471.5| 192.6| 664.0 || 505.3 | 50.1 | 555.4 || 505.3 | 279.2| 784.5

This table displays the background and dynamic energy uagée results shown in
Figure 4.18. It shows energy usage for the composite apigicand background video
feed in isolation, and then the energy usage when the twacagiphs execute concur-
rently. The three rows show energy use at full fidelity withidvaare power management
disabled, at full fidelity with power management enabledi arowest fidelity with power
management enabled.

Figure 4.19: Background and dynamic energy use for conatigqgplications

dynamic energy use captures the application-specific caemaf the energy usage.

As Figure 4.19 confirms, dynamic energy use is a much bettéiankan total energy
use when projecting the effect of executing two applicaiooncurrently. The dynamic en-
ergy use when the two applications are executed concwyrisntbughly equivalent to the
sum of each application’s dynamic energy use when execuatipendently. Of course,
the correlation is not perfect: the actual combined dynasniergy use varies 4—13% from
the sum of the individual dynamic energy usages. This vanatan be attributed to sev-
eral factors, such as the ability to amortize transition€dsr hardware components (i.e.
spinning up the disk) across multiple applications, and wrmgmeffects when the working
sets of all applications do not fit in physical memory.

Unfortunately, one would often like to project total rathlean dynamic energy usage.
Although background power levels are easily determinecfoardware platform, the cal-
culation of background energy requires one to project haw lan application will execute.
The concurrent execution latency will often depend uportemtion for shared resources
such as CPU, network, and disk. Therefore, accurately gtioge total concurrent energy
usage requires knowledge of availability and applicatise of these shared resources.

4.9 Summary

My primary goal in performing this study was to determine Wie lowering data fidelity
yields significant energy savings. The results of SectioAdal4.7 confirm that such sav-
ings are indeed available over a broad range of applicatelegsant to mobile computing.
Further, those results show that lowering fidelity can beaitely combined with hard-
ware power management. Section 4.8 extends these resudtsolying that concurrency
can magnify the benefits of lowering fidelity.

In addition, the results of Section 4.5 show that remoteusss can sometimes be
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Application| Think | Baseline| Hardware Fidelity | Combined
Time (s.) Power Mgmt.| Reduction
Video N/A 1.00 0.90-0.91 | 0.84-0.84| 0.65-0.65
Speech N/A 1.00 0.66-0.67 | 0.22-0.36| 0.20-0.31
Map 0 1.00 0.80-1.01 | 0.06-0.13| 0.07-0.18

5 1.00 0.81-0.91 | 0.38-0.67| 0.31-0.54
10 1.00 0.74-0.84 | 0.53-0.77| 0.42-0.58
20 1.00 0.76-0.78 | 0.69-0.89| 0.51-0.67
Web 0 1.00 0.85-1.06 | 0.40-0.75| 0.32-0.54
5 1.00 0.74-0.78 | 0.88-0.97| 0.66-0.71
10 1.00 0.75-0.78 | 0.93-0.98| 0.70-0.74
20 1.00 0.74-0.77 | 0.96-0.99| 0.72-0.73

This table summarizes the impact of data fidelity on appboaenergy consumption.
Each entry shows the minimum and maximum measured energyagation on the IBM
ThinkPad 560X for four data objects. The entries are nomedlito baseline measure-
ments of full fidelity objects with no power management. Tdiéda was extracted from
Figures 4.2, 4.5, 4.10, and 4.15.

Figure 4.20: Summary of the energy impact of fidelity

profitably employed to reduce the energy usage of a mobicliHowever, the results
also provide a caution: performing computation remotelggioot always lead to reduced
client energy use. The hybrid mode of speech recognitios less energy than the fully
remote mode on the ThinkPad because the energy cost of pénpa small amount of

computation locally is outweighed by the benefit of decrdassergy usage for network
transmission.

The study also reveals that it is often possible to predietahergy impact of fidelity
reduction. For the video, speech, and Web applicationsplsitimear models based on
fidelity and input data size provide good fits for applicatemergy use. This means that
an adaptive system could observe an application executevamnad data objects at a given
fidelity level, construct a simple model, and use that modgirbject how much energy
will be used when the application operates on new objectsaafitlelity level.

The map application shows that achieving accurate enemgigirons sometimes re-
quires more work. Filtering based upon feature type yielossterable variation in en-
ergy reduction. This variation can be accurately modelesvdver, if the server stores a
summary with each map listing the number of occurrences df &ature type. Cropping
introduces still more variation in energy use. Thus, the mggpication confirms that there
can often be a tradeoff between complexity and accuracyadigting energy use.
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At the next level of detail, Figure 4.20 summarizes the tssof Sections 4.4 to 4.7.
For clarity, the data in each row is normalized to the baselaues.
The key messages of Figure 4.20 are:

e There is significant variation in the effectiveness of figteleduction across data
objects.

The reduction can span a range as broad as 29% (0.38—0.@Yefandp viewer, at
think time 5). The video player is the only application thhbws little variation
across data objects. As mentioned above, this variatiorités @uite predictable
with the use of simple linear models.

e There is considerable variation in the effectiveness ofifideduction across appli-
cations.

Holding think time constant at 5 seconds and averaging aatat objects, the en-
ergy usage for the four applications at lowest fidelity is40.8.28, 0.51 and 0.93
relative to their baseline values. The mean is 0.64, coording to an average sav-
ings of 36%.

e Combining hardware power management with lowered fideditysometimes reduce
energy usage below the product of the individual reductions

This is seen most easily in the case of the video applicatitvere the last column
is 0.65 rather than the expected value of 0.76, obtained bipiying 0.9 and 0.84.
Intuitively, this is because reducing fidelity decreaseslWware utilization, thereby
increasing the opportunity for hardware power management.
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Chapter 5

A proxy approach for closed-source
environments

The previous chapter showed that energy-aware applicatian often significantly extend
the battery lifetimes of the laptop computers on which thpgrate by trading fidelity for
reduced energy usage. However, since only multimediacsetwde available applications
running on the Linux operating system were studied, it isalear whether energy-aware
adaptation can help the Windows office applications thatsusemmonly run on laptop
computers.

Thus, several important questions remain: Can one shovifisgmt energy reductions
for office applications commonly executed on laptop comptels it possible to add
energy-awareness without access to application source?cds this approach valid for
applications executing on source-code unavailable operaystems (i.e. Windows)? In
this chapter, | will answer these questions by studying titemtial benefits of energy-aware
adaptation for Microsoft’s popular PowerPoint 2000 apgiian.

5.1 Overview

As with many office applications, PowerPoint enables ugensdiude increasing amounts
of rich multimedia content in their documents—for examearts, graphs, and images.
Since these objects tend to be quite large, the processamrke and disk activity needed
to manipulate them accounts for significant energy exparalitYet, when editing a pre-
sentation, a user may only need to modify and view a smalletudithese objects. Thus, it
may be possible to significantly reduce PowerPoint energgamption by presenting the
user with a distilled version of a presentation: one whichtams only the information that
the user is interested in viewing or editing.

One can use Puppeteer [14], component-based middlewaetoged by Rice Uni-
versity, to perform such distillation. Puppeteer takesaadage of well-defined interfaces
exported by applications to change behavior without sococke modification. Using Pup-
peteer, one can create a distilled version of a presentatinch initially omits all multi-

57
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Figure 5.1: Puppeteer architecture

media content not on the first or master slide. Placeholdersaerted into the document
to represent omitted objects. Later, if the user wishes tiooediew a component, she may
click on the placeholder, and Puppeteer will load the conepband dynamically insert it
into the document. Thus, when the user edits only a subseiofament, the potential for
significant energy savings exists.

In the remainder of this chapter, | explore the feasibilityadding energy-aware adap-
tation to PowerPoint. The next section provides a more kdetaiescription of Puppeteer,
and Section 5.3 describes my energy measurement methgdimoghe Windows plat-
form. Section 5.4 measures the impact of energy-aware atiaptvhile loading, editing,
and saving PowerPoint documents, and Section 5.5 sumradhigeesults.

5.2 Puppeteer

Puppeteer adapts the behavior of component-based applisasuch as Microsoft's Pow-
erPoint and Internet Explorer, in response to variationeisource availability in mobile
environments. While Puppeteer’s design goals are sinal@dyssey’s, its implementation
is quite different. It uses the exported APIs of applicasiand the structured nature of the
documents they manipulate to change application behavutbout source-code modifica-
tion. Puppeteer thus acts as a proxy for an application.

Puppeteer currently supports two forms of adaptation: ettipg) and versioning. Sub-
setting loads only a portion of the elements of a documentsidging loads different
versions of some elements, for example low-resolutionl@digons of images.
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Commercial applications such as Microsoft’s Office suite @eally suited for Pup-
peteer. These applications have well-defined documenttates, allowing Puppeteer to
parse documents to implement specific policies such as diegrall images of a certain
size. Further, such applications have rich external intax$ that enable Puppeteer to incre-
mentally modify loaded documents. For example, Puppetaeirtsert additional data or
higher-resolution versions of images using such APIs.

Figure 5.2 shows the Puppeteer architecture. There aretifrsr applications, Pup-
peteer client proxies, Puppeteer server proxies, and éatars. Data servers are arbitrary
repositories of data such as Web servers, file servers, abdsa¢s. All communication be-
tween applications and data servers pass through the Rgomdient and server proxies.
Applications and data servers remain completely unmodiiadaptation is performed by
client and server proxies working in concert.

Puppeteer adjusts to reduced bandwidth availability betwse mobile client and data
servers by loading degraded versions of documents. Apitapecific policies deter-
mine which subset of components should be fetched and whmhld@ be degraded. Pup-
peteer parses the document to uncover the structure of tagfdches selected components
at specific fidelity levels, and updates the application whthnewly fetched data.

Once a degraded document version is loaded, the applicatioms control to the user.
Although the application believes that it has loaded thegioail, full-quality document,
Puppeteer maintains a list of degraded and omitted compen@rhile editing or viewing
a document, a user may double-click on a degraded componentaplaceholder for an
omitted component. Puppeteer then fetches the componignhahest quality and inserts
it into the document using the application’s external pamgming interface.

Puppeteer is currently being modified to allow users to saamges made to degraded
versions of documents. Since Puppeteer understands datgingcture, it can parse the
modified version on the client and send to the server onlyglomsnponents which have
been modified. The server proxy can then merge the modifiegppooants into the full-
guality version and save the resulting document.

5.3 Measurement methodology

All measurements reported in this chapter were collected alient-server environment
similar to the one used in the previous chapter. PowerPagtges on the client: an IBM
560X laptop, as described in Section 2.2.1. The server i0dvz Pentium Il desktop
with 128 MB of memory. Both machines run the Windows NT 4.0ragiag system. The
machines communicate using a 2Mb/s 2.5 GHz Lucent WaveLamone | added an
additional 32 MB of memory to the client, bringing the totala6 MB—this was necessary
to run PowerPoint, Puppeteer, and Windows NT without thrash

Since PowerPoint source code is unavailable, it made $ithesse to port PowerScope to
Windows to perform these measurements. Instead, | simphsared the amount of total
energy consumed by the laptop between two points in progsaoution. The hardware
setup used for Windows measurements is identical to that issePowerScope measure-



60 CHAPTER 5. A PROXY APPROACH FOR CLOSED-SOURCE ENVIRONMENTS

Document| Full-Quality | Distilled
Presentation ldentifier | Size (MB) | Size (MB) | Ratio
A 24666 15.02 1.67 0.11
B 24758 11.42 0.47 0.04
C 24890 7.26 0.83 0.11
D 26295 3.11 3.11 1.00
E 26141 2.23 1.32 0.59
F 24773 1.72 0.11 0.07
G 25189 1.07 0.36 0.34
H 26388 0.87 0.75 0.86
I 26140 0.20 0.20 1.00
J 25132 0.08 0.08 1.00

Figure 5.2: Sizes of sample presentations

ments. | attached the probes of the HP3458a digital muléntetthe external power input
of the client laptop and removed the battery to eliminatedfiects of charging. | also
connected the output pin of the client’s parallel port tortidtimeter’s external trigger.

| created a dynamic library that allows applications to wely indicate the start and
end of each measurement. An application first callsghar t _-neasur i ng function,
which records the current time and toggles the parallelpiortOnce the pin is toggled, the
multimeter samples current levels at its maximum rate of713%imes per second. When
the event being measured completes, the application bakt top_nmeasur i ng function,
which returns the elapsed time since #tear t _neasur i ng function was called.

To calculate total energy usage, | first derive the numbeanfdes;., that were taken
beforest op_neasur i ng was called by multiplying the elapsed measurement timeéy th
sample rate. The mean of the firssamples is the average current level. Multiplying this
value by the measured voltage for the laptop power supplyyite average power usage.
This is multiplied by the elapsed time to calculate totalrgpeisage.

| assume aggressive power management policies. All maasmts were taken using
a disk-spindown threshold of 30 seconds (the minimum altbiwe Windows NT). The
wireless network uses standard 802.11 power managementeugq the display is not
disabled during measurements since PowerPoint is inteeact

5.4 Benefits of PowerPoint adaptation

5.4.1 Loading presentations

| first examined the potential benefit of loading distilledARoPoint presentations. | mea-
sured the energy used to fetch presentations from the reseoter over the wireless net-
work and render them on the client.
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This figure shows the energy used to load ten PowerPoint qisgfens from a remote
server. Native mode loads presentations from an Apache fers Full and distilled
modes load presentations from a Puppeteer server, witmfadle loading the entire pre-
sentation and distilled mode loading a lower-quality v@msiEach bar represents the mean
of five trials—90% confidence intervals are sufficiently sihsal that they would not be
visible on the graph.

Figure 5.3: Energy used to load presentations

| chose a sample set of documents from a database of 1900 Pawepresentations
gathered from the Web as described by de Lara et al. [13]. Enerdatabase, | selected ten
documents relatively evenly distributed in size. Figur2 $hows the sizes of these docu-
ments, as well as the size reductions achieved by distilatror experimental repeatabil-
ity, it also lists an identifier that uniquely identifies ealitcument within the presentation
database. The specific distillation policy used in theseearpents omits all multimedia
data that is not contained on either the first or master sikdemight be expected, larger
documents tend to have the most multimedia content, alththugre is considerable vari-
ation in the data. For three documents (D, I, and J), distiledoes not reduce document
size at all.

For each document, | first measured the energy used by PoimetBdoad the pre-
sentation from a remote server (I will refer to this as “natimode”). In this case, the
document is loaded from an Apache Web server. | also invegstijthe cost of loading
documents from a remote NT file system but found that the tgtand energy expenditure
was significantly greater than using the Web server.

| then measured energy used by PowerPoint when the docunasnibaded from the
same server using Puppeteer. In this case, the documemvézideom a Puppeteer server
proxy. | measured two modes of operation: “full” mode, in alnihe entire document is
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This figure shows the relative energy used to load ten Povilerpoesentations from a
remote server, as described in Figure 5.3. For each dateesatts are normalized to the
amount of energy used to load the document in native mode.

Figure 5.4: Normalized energy used to load presentations

loaded, and “distilled” mode, in which a reduced-qualitysien is loaded.

Figure 5.3 shows the total energy used to fetch the docunusimg native, full, and
distilled modes. In Figure 5.4, | show the relative impactdach document by normalizing
each value to the energy used by native mode. The energygsaaahieved by distillation
vary widely. Loading a distilled version of document A usesydl3% as much energy as
native mode, while distilling document J uses 137% more@ned®n average, loading a
distilled version of a document uses 60% of the energy usethhye mode.

It is interesting to note that full mode can sometimes usedegrgy to fetch a document
than native mode. This is because fetching a presentatitin Rvippeteer tends to use
less power than native mode. Thus, even though native mées tass time to fetch a
document, its total energy usage can sometimes be greatghoWsource code, it is
impossible to know for certain why Puppeteer power usagawet than native mode. One
possibility is more efficient scheduling of network transeions.

The results in Figures 5.3 and 5.4 show that while most dootsrieenefit from distilla-
tion, some suffer an energy penalty. This indicates thapEtger might profit by predicting
whether a document will benefit from distillation. If it priets that a document will ben-
efit, it could distill and fetch it; otherwise, it could foredlistillation and fetch the entire
document.
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This figure shows the amount of energy needed to page thropgesantation. For each

data set, the left bar shows energy use for a full-qualitys@ngation, and the right bar

shows energy use for a reduced-quality version of the sasmeptation. Document D is

omitted from this experiment since it contains only a sirglide. Each bar represents the
mean of five trials—the error bars show 90% confidence interva

Figure 5.5: Energy used to page through presentations

One possible prediction method is to distill only preseaotet that have a size greater
than a fixed threshold, reasoning that small documents dileelynto contain significant
multimedia content. Analysis of the documents used in tiidyssuggests that a reasonable
threshold is 0.5 MB. A strategy of distilling only presemsais larger than 0.5 MB uses 52%
of the energy of native mode to load the ten documents.

Another possible prediction method is to distill only thageuments with a percentage
of multimedia content greater than a threshold value. Asvehia Figure 5.2, distillation
does not reduce the sizes of three documents. If Puppetesnab distill these documents,
it uses only 51% of the energy of native mode to fetch the teude@nts.

5.4.2 Editing presentations

| next measured how document distillation affects the gneagded to edit a presentation.
While it is somewhat intuitive that loading a smaller, dlstl version of a document can
require less energy, it is less clear that distillation aklsduces energy usage while the
document is being displayed or edited.

Naturally, energy usage depends upon which activities apeséorms. While a defini-
tive measurement of potential savings requires a detanatysis of user behavior, one can
estimate such savings by looking at the energy used to peidommon activities.
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This figure shows the amount of energy needed to page thropghsantation a second
time. The energy needed to page through each presentaéidinstttime is also shown for
comparison. For each data set, the left two bars show ensrgfou a full-quality presen-
tation, and the right two bars show energy use for a reducedity version. Document D
is omitted from this experiment since it contains only a Erglide. Each bar represents
the mean of five trials—the error bars show 90% confidenceviale

Figure 5.6: Energy used to re-page through presentations

One very common activity is paging through the slides in ss@néation. | created
a Visual Basic program to simulate the actions of a user paifay this activity. The
program loads the first slide, then serfélsgeDown keystrokes to PowerPoint until all
remaining slides have been displayed. After sending eagstiake, the program waits for
the new slide to render, then pauses for a second to simudatahink-time.

| measured the energy used to page through both the fulltgaald distilled versions
of each document. Figure 5.5 presents these results forohithe ten presentations in the
sample set—presentation D is omitted because it contaigsamingle slide. As shown by
the difference in height between each pair of bars in Figusedistilling a document with
large amounts of multimedia content can significantly redtiee energy needed to page
through the document. Energy savings range from 1% to 30%,aw average of 13%.

After PowerPoint displays a slide, it appears to cache détaviag it to quickly re-
render the slide, thereby reducing the energy needed fspiag. This effect is shown in
Figure 5.6, which displays the energy used to page through @acument a second time.

For ease of comparison, Figure 5.6 also shows the energeddegage through each
document the first time. Comparing the heights of correspanbars shows that sub-
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This figure shows the amount of energy needed to perform lbagkg activities during
text entry. The graph on the left shows energy use when testitisred without pause,
and the graph on the right shows energy use with a 100 ms. pmaiaeen characters.
Each bar shows the cumulative effect of performing backgdoactivities, so the leftmost
bar in each graph was measured while no background activitexe being performed,
and the rightmost bar in each graph was measured while atigbagnd activities were
being performed. Each bar represents the mean of five tridde-error bars show 90%
confidence intervals.

Figure 5.7: Energy used by background activities during égxry

sequent slide renderings use less energy than the initiderengs. Thus, the benefit of
distillation is smaller on subsequent traversals of theudwent: ranging from negligible to
20% with an average value of 5%.

5.4.3 Background activities

| next measured the energy used to perform background &es\duch as auto-correction
and spell-checking. Whenever a user enters text, PowdrRag perform background
processing to analyze the input and offer advice and cooresto the user. When battery
levels are critical, such background processing could balded to extend battery lifetime.

| measured the effect of auto-correction, spell-checkstgle-checking, and providing
advice through the Office Assistant (paperclip). | creatédsaial Basic program which
enters a fixed amount of text on a blank slide. The programsskeeyktrokes to PowerPoint,
pausing for a specified amount of time between each keystroke

Figure 5.7(a) shows the energy used to enter text with nogphasveen keystrokes;
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Figure 5.7(b) shows energy usage with a 100 ms. pause betegstrokes. | first mea-
sured energy usage with no background activities enabteti{feen successively enabled
auto-correction, spell-checking, style-checking, arel@ifice Assistant. Thus, the differ-
ence between any bar in Figure 5.7 and the bar to its left stiogvamount of additional
energy used to perform a specific background activity. Fangxe, the difference between
the first two bars in each graph shows the effect of auto-ctiae.

Figure 5.7 shows that auto-correction expends negligib&gy when entering text—
the additional energy can not be distinguished from expemia error. Spell-checking and
style-checking incur a small additional cost. With no pabetveen entering characters,
employing these options adds a 5.0% energy overhead—wil0an%. pause between
characters, the overhead is 3.3%.

The Office Assistant incurs a more significant energy penalfigh no pause between
typing characters, enabling the Assistant leads to a 9.X%&a&se in energy use. With a
100 ms. pause, energy use increases 4.9%. In fact, even Waersér is performing no
activity, enabling the Office Assistant still consumes adi@ohal 0.3 Watts, increasing
power usage 4.4% on the measured system. Adaptively digpthie Office Assistant can
therefore lead to a small but significant extension in bgtiéatime.

5.4.4 Autosave

Autosave frequency is another potential dimension of gnraware adaptation. After a
document is modified, PowerPoint periodically saves an Retmvery file to disk in order
to preserve edits in the event of a system or applicatiorhcrastosave may be optionally
enabled or disabled—if it is enabled, the frequency of aautess a configurable parameter.
Since autosave is performed as a background activity, énoftill have little effect upon
perceived application performance. However, the energy isonot negligible: the disk
must be spun up, and, for large documents, a considerablerdrabdata must be written.

Since periodic autosaves over the wireless network wouldrbkibitively slow, | as-
sumed that documents are stored on local disk. | createdumMgasic program to help
guantify the energy impact of autosave. The program loadsxgeHRPoint document, makes
a small modification (adds one slide), and then performs miléu activity for twenty
minutes. To avoid spurious measurement of initial actiaggociated with loading and
modifying the presentation, | waited for ten minutes aftex tnodification was made to the
document before | began measuring power usage.

Figure 5.8 shows power usage for three autosave frequert@esach presentation, the
first bar shows power usage when the full-quality versiormefdocument is modified and a
one minute autosave frequency is specified. The next bachndsta set shows the effect of
a five minute autosave frequency. The final bar shows theteffetisabling autosave—this
is the maximum power reduction that can be achieved by mogjfgutosave parameters.

As can be seen by the difference between the first two barsobf éata set, changing
the autosave frequency from 1 minute to 5 minutes reduceeipagage 5-12%, with
an average reduction of 8%. The maximum possible benefilizesl when autosave is
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This figure shows how the frequency of PowerPoint autosafeetafpower usage. The
three bars in each data set show power use with a 1 minuteaaetfequency, with a 5
minute autosave frequency, and with autosave disablech Barcrepresents the mean of
five trials—the error bars show 90% confidence intervals.

Figure 5.8: Effect of autosave options on application pougarge

disabled. As shown by the difference between the first artdokas in each data set, this
reduces power usage 7-18% with an average reduction of 118as, Tepending upon
the user’s willingness to hazard data loss in the event afhas, autosave frequency is a
potentially useful dimension of energy-aware adaptation.

5.5 Summary

| began this chapter by asking several questions: Can one sigaificant energy reduc-
tions for office applications commonly executed on laptompaters? Is it possible to add
energy awareness without access to application source?césl¢his approach valid for
applications executing on source-code unavailable opgraystems (i.e. Windows)?

As the results of Section 5.4 show, the answer to all thesstiumes is “yes”. Using
Puppeteer’'s component-based adaptation approach, oeldamergy-awareness without
application or operating system source code. Distillatieduces the energy needed to
load PowerPoint presentations from a remote server by 49%iillBXion can also lead to
significant energy savings when editing and saving presenta Finally, | showed how
modifications such as disabling the Office Assistant and fimgeautosave frequency can
lead to further energy conservation.
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Chapter 6

System support for energy-aware
adaptation

The previous two chapters demonstrated the feasibilitynefgy-aware adaptation. They
showed that applications can modify their behavior to digantly reduce the energy usage
of the platforms on which they execute. However, since gramare adaptation comes at
the cost of degraded fidelity, applications should only adleir behavior when neces-
sary. This chapter explores how system support can guidecappns to make appropriate
adaptation decisions.

The next section explores goal-directed adaptation, abfmedtechnique which esti-
mates the importance of reducing energy usage. By measemexgy supply and demand,
the operating system is able to determine the correct balbatween energy conservation
and application fidelity. Section 6.2 then shows how theesystan improve the agility of
adaptation decisions by learning from a history of pastiappibn energy usage.

6.1 Goal-directed adaptation

Current operating systems provide little support for egartanagement. Typically, the
system reports the expected remaining battery lifetiméeaturrent rate of energy usage.
In addition, the system usually provides a limited numbede¥ice-specific parameters
that modify hardware power management policies.

Users who wish to extend their computer’s battery lifetinmasst manually adjust sev-
eral parameters such as the screen brightness and diski@pimtimeout to select the
correct level of energy conservation. In order to set thegameters correctly, they must
develop an intuitive notion of how each parameter affecexygynuse. Further, they must
periodically observe the estimate for remaining battefgtiline in order to verify that the
chosen settings are correct.

Goal-directed adaptation inverts this process by makirgygggnmanagement the re-
sponsibility of the operating system. The user specifieg dakired battery lifetime. The
system assumes responsibility for making the correct tHisibetween quality and energy
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conservation that ensure that the battery lasts for thafsgebduration. Rather than adjust-
ing power management parameters, the system adjusts apgii¢idelity, using feedback

to determine correct settings. The system also performsagieof monitoring remaining

battery lifetime to ensure that the chosen fidelity settagscorrect.

6.1.1 Design considerations

The most important consideration in the design of goaletiége adaptation is ensuring that
the specified time goal is met whenever feasible. Cleartaaill only trust the system to
manage their battery energy if it proves that it can reliablet the specified goals. When
a user specifies an infeasible duration, one so large thaii&ble energy is inadequate
even if all applications run at lowest fidelity, the systerodd detect the problem and alert
the user as soon as possible.

An important secondary goal is providing the best user agpee possible. This trans-
lates into two requirements: first, applications shoula&o#s high a fidelity as possible
at all times; second, the user should not be jarred by fretaeaptations. Goal-directed
adaptation balances these opposing concerns by strivipgotode high average fidelity
while using hysteresis to reduce the frequency of fidelitgrgdes.

When the user specifies a battery lifetime, it is importanetmgnize that the duration
represents the amount of work the user wishes to accomphgh on battery power. Adap-
tive strategies that extend battery lifetime but acconmpiéss total work should therefore
be avoided. For example, consider a workload of scientificutations performed on the
Itsy v1.5. Reducing processor clock frequency decreaseawtbrage power used to per-
form a calculation, but increases total energy consumpfitis, although battery lifetime
is extended, the total number of calculations performedl lvéldecreased. This scenario
makes it clear that fidelity should only be reduced when apfithns use less total energy
per unit of work at the reduced fidelity. All of the fidelity redtions studied in the previous
two chapters have this property.

6.1.2 Implementation

The Odyssey platform for mobile computing, described inti®ac2.3, provides the basis
for implementing goal-directed adaptation. | created apsenuser interface that allows
users to specify goals for battery duration and receiveldaekl about the feasibility of the
specified goals.

Further, | modified Odyssey to perform three tasks peridijic&irst, Odyssey deter-
mines the residual energy available in the battery. Seabpedicts future energy demand.
Third, based on these two pieces of information, it deciflepplications should change
fidelity and notifies them accordingly.
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Figure 6.1: User interface for goal-directed adaptation

User interface

Often the estimate for needed battery lifetime will be dnivey external criteria—for ex-
ample, the expected duration of a flight, commute, or meetligce the exact duration
of such events is often unknown, Odyssey allows the usesfeefy the time goal when
necessary. Whenever this happens, Odyssey either adaptetdhe new goal or notifies
the user that it is infeasible.

Figure 6.1 shows the user interface for goal-directed adeypt. This interface is de-
signed to be as simple as possible so as to avoid unnecessargistraction. The user
specifies the goal for battery duration by adjusting theeslid the middle of the dialog.
When conditions change, the user may readjust the slidgpdoify a new battery goal.
As time passes and the battery drains, the slider moves teftite express the change in
expected remaining battery lifetime. For example, theagdjah Figure 6.1 shows that the
expected remaining battery lifetime is 138 minutes. Aftee dour, the dialog will show 78
minutes of remaining lifetime, assuming that the user do¢sdjust the battery goal in the
meantime. While current operating systems provide singlialogs, they are output-only;
they do not provide users with the ability to change the etquebattery lifetime.

The dialog also displays the state of battery managemehgetager. Figure 6.1 shows
the normal state; the battery lifetime is being managed bysSely and the specified goal
appears feasible. If Odyssey determines that the goal éagitble, the interface changes
the dialog title and displays a red background. This waresuber that the battery will
expire sooner than the specified time—the user may then aseractivity or specify a
shorter duration. Similarly, when Odyssey determines tiatattery will last longer than
the specified duration even if all applications execute air thighest fidelities, the inter-
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face changes the dialog title and displays a green backdrolfithe mobile computer is
connected to wall-power, the slider is disabled since gliraeted adaptation is only mean-
ingful when the battery is discharging.

Determining residual energy

Odyssey determines residual energy by measuring the anofwitarge in the battery.
Many modern mobile computers ship with a Smart Battery [@%jas gauge chip which re-
ports detailed information about battery state and powagesOn such platforms, Odyssey
periodically queries the Smart Battery chip to determimeaming battery capacity.

The specific query interface may be machine-dependent. »angle, the Itsy v2.2
contains a Dallas Semiconductor DS2437 Smart Battery dfth [Odyssey queries the
battery through a one-wire bus connected to a general pergsit/output (GPIO) pin
of the StrongArm 1100 processor. A Linux device driver foisthhip was developed by
Compaqg Western Research Lab. Once per minute, Odysseyrperemi oct | on the
device to query remaining capacity.

The Advanced Configuration and Power Interface (ACPI) smation [36] provides
a more standard interface to Smart Battery information. Timeix ACPI driver exports
battery status information through ther oc interface. On the IBM ThinkPad T20 laptop,
Odyssey reads the remaining capacity through this interfexce every ten seconds.

While the above methods are best for deployed systems, thgynot be ideal in lab-
oratory settings. Older mobile computers such as the Itsy afhd IBM ThinkPad 560X
lack the necessary hardware support for measuring batsggaity. Additionally, since an
actual battery must be used to obtain measurements, itfisultito control for non-ideal
battery behavior. Finally, running large numbers of expemts is difficult because one
must recharge the battery after each trial.

To facilitate evaluation, Odyssey can optionally usa@dulatecenergy supply. At the
beginning of evaluation, the initial value for the modutageipply is specified to Odyssey.
As the evaluation proceeds, a digital multimeter samplesaittual power usage of the
mobile computer and transmits the samples to Odyssey. Whenaives a new sample,
Odyssey assumes constant power consumption between saanpléecrements the mod-
ulated energy supply by the product of the sampled powereauaad the sampling period.
When the value of the modulated energy supply reaches zealgsgBy reports that the
battery has expired.

Predicting future energy demand

To predict energy demand, Odyssey assumes that futureibeialbe similar to recently-
observed behavior. Odyssey uses smoothed observatiomesa and past power usage
to predict future power use. This approach is in contrasetjuiring applications to ex-
plicitly declare their future energy usage—an approach pheces unnecessary burden on
applications and is unlikely to be accurate.



6.1. GOAL-DIRECTED ADAPTATION 73

Odyssey uses methods similar to those described in thegu®dection to observe
power usage. On the Itsy v2.2, Odyssey queries the Smarratt measure current and
voltage levels once per second. It multiplies the two vataeslculate power usage. On the
ThinkPad T20, an artifact of the Linux ACPI driver preventdySsey from querying cur-
rent and voltage levels. Instead, Odyssey estimates pavegreuby periodically sampling
remaining battery capacity and dividing the difference apacity by the sample period.
When the battery supply is modulated, Odyssey uses the pEamaples collected by the
external digital multimeter.

To smooth power estimates, Odyssey uses an exponentiditedigverage of the form:

new= (1 — «)(this sampl¢+ («)(old) (6.1)

whereq is the gain, a parameter that determines the relative wejiturrent and past
power usage. Once future power usage has been estimatednitliiplied by the time
remaining until the goal to obtain future energy demand.

Odyssey varies: as energy drains, thus changing the tradeoff betweenyagiiid sta-
bility. When the goal is distant, Odyssey uses a laigeThis biases adaptation toward
stability by reducing the number of fidelity changes—tharample time to make adjust-
ments later, if necessary. As the goal nears, Odyssey dms3easo that adaptation is
biased toward agility. Applications now respond more rapisince the margin for error is
small.

Currently, Odyssey sets so that the half-life of the decay function is approximately
10% of the time remaining until the goal. For example, if 3Gwaies remaing is chosen
so that the present estimate will be weighted equally witlhemecent samples after ap-
proximately 3 minutes have passed. Specifically, if one samollected per second, and
T is the time remaining to the goal:

= 271/(0.1><T) (62)

The choice of 10% is based on a sensitivity analysis, disclissSection 6.1.4.

Triggering adaptation

When predicted demand exceeds residual energy, Odysseeadpplications to reduce
their energy usage. Conversely, when residual energyfsigntly exceeds predicted de-
mand, applications are advised to increase fidelity. In¢hapter, fidelity reduction is the
sole method of energy conservation—Chapter 7 describesygtem support necessary to
support remote execution as a further dimension of energgewation.

The amount by which supply must exceed demand to triggeritifdetprovement is
indicative of the level of hysteresis in Odyssey’s adaptasitrategy. This value is the sum
of two empirically-derived components: a variable compang% of residual energy, and
a constant component, 1% of the initial energy availables Wdriable component reflects



74 CHAPTER 6. SYSTEM SUPPORT FOR ENERGY-AWARE ADAPTATION

the bias toward stability when energy is plentiful and tadvagility when it is scarce;
the constant component biases against fidelity improvesnehén residual energy is low.
As a guard against excessive adaptation due to energy draasiOdyssey caps fidelity
improvements at a maximum rate of once every 15 seconds.

To meet the specified goal for battery duration, Odyssey tinekeep power demand
within the zone of hysteresis. Whenever power demand exciede bounds, adaptation
is necessary. Odyssey then determines which applicatlomgd change fidelity, as well
as the magnitude of change needed for each applicatiorllydba set of fidelity changes
should modify power demand so that it once again enters the abhysteresis.

Often, there will be many possible sets of adaptations tiedtl the needed change
in power demand. In these cases, Odyssey must refer tmaptation policyto decide
which alternative is best. Although one can implement mafigrént adaptation policies,
my initial prototype used a simple one based on user-spe@fierities. Each application
specifies a list of supported fidelities—lower fidelity levare assumed to use less energy
than higher fidelities. The user assigns static prioriteearbitrate between applications.
Odyssey always degrades a lower-priority application keeftegrading a higher-priority
one—upgrades occur in reverse order. Once the lowestiyregplication is degraded to
its lowest fidelity level, Odyssey degrades the fidelity af tiext lowest-priority applica-
tion.

After an application adapts, Odyssey verifies whether ttangh in power demand is
sufficient. It resets the estimate of power demand to a valatag precisely in the middle of
the zone of hysteresis—this represents an optimistic gggsamthat the change in fidelity
will prove sufficient. As Odyssey takes new power measuréspe¢he estimate of power
demand will either stay within the zone of hysteresis, iatlitg that the change in fidelity
was correct, or stray outside the bounds, indicating thditimshal adaptation is necessary.
In the later case, Odyssey will continue to adapt applicdtiehavior until it reaches a value
where power demand stays within the zone of hysteresis.

In the rest of this chapter, this adaptation policy will béereed to as thencremental
policy, because it changes fidelity one step at a time. The incrahsmtegy is sufficient
to evaluate goal-directed adaptation. However, it is tygaadequate to model many of the
policies that a user may wish to express. Section 6.2 desctiite system support necessary
to support more detailed policies.

6.1.3 Basic validation
Experiment design

To validate goal-directed adaptation, | executed the twerggraware applications de-
scribed in Section 4.8: a composite application involvipgexh recognition, map viewing
and Web access, run concurrently with a background videbcapipn. To obtain a con-
tinuous workload, the composite application executesye®®iseconds. This has the effect
of holding the amount of work (number of recognitions, imagews, and map views)
constant over time.
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The video application supports four fidelity levels: fullkality, Premiere-B, Premiere-
C, and the combination of Premiere-C and reduction of thplayswindow. The speech
recognition component of the composite application sujgpfuill and reduced quality
recognition on the local machine. The map component hasfidelities: full-quality,
minor road filtering, secondary road filtering, and the camaltion of secondary road fil-
tering and cropping. The Web component supports the fivatiekeshown in Figure 4.15.
| prioritized these components so that speech had the Iqwiesity, and video, map, and
Web had successively higher priority.

Client applications execute on the IBM 560X laptop, and camitate with servers
using a 900 MHz 2 Mb/s Lucent WaveLAN wireless network. Tdase the performance
of goal-directed adaptation, Odyssey uses a modulatedesepply. In addition, Odyssey
uses the incremental adaptation policy described in thagse section.

At the beginning of each experiment, | provided Odyssey \withinitial energy value
and a time goal. | then executed the applications, allowhegtto adapt under Odyssey'’s
direction until the time goal was reached or the residuatgnéropped to zero. The former
outcome represents a successful completion of the expetinviile the latter represents a
failure. | noted the total number of adaptations of eachiappbn during the experiment.
| also noted the residual energy at the end of the experiman&rge value suggests that
Odyssey may have been too conservative in its adaptatiosioes and that average fidelity
could have been higher.

All experiments used a 12,000 Joule modulated energy supplyg lasts 19:27 minutes
when applications operate at highest fidelity, and 27:06ubemat lowest fidelity. The dif-
ference between the two values represents a 39.3% extandiattery life. | deliberately
chose a small initial energy value so that | could perfornrgdanumber of experiments in
a reasonable amount of time. The value of 12,000 Joules ysatndut 14% of the nominal
energy in the IBM 560X battery. Extrapolating to full nomimaergy, the workload would
run for 2:18 hours at highest fidelity, and 3:13 hours at laJidsglity.

Results

Figures 6.2 and 6.3 show detailed results from two typicg@leexnents: one with a 20
minute goal, and the other with a 26 minute goal. Figure 6@wshhow the supply of
energy and Odyssey’s estimate of future demand change ioverduring the two exper-
iments. In both trials, Odyssey meets the specified goaldttety duration. In addition,
once the time goal is reached, residual energy is quite Idwe graph also confirms that
estimated demand tracks supply closely. The most visilffierdnce between the two trials
is the slope of the supply and demand lines. After an initiel@ation period of approxi-
mately three minutes, Odyssey adjusts power usage in therientrial in order to extend
battery lifetime.

The four graphs of Figure 6.3 show how the fidelity of each @gibn varies during
the two experiments. For the 20 minute goal, the high pgdneb and map applications
remain at full fidelity throughout the experiment; the viddegrades slightly; and speech
runs mostly at low fidelity. For the 26 minute goal, the highpsority Web application runs
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This figure shows how Odyssey meets user-specified goalaftarp durations of 20 and
26 minutes when running the composite and video applicatitascribed in Section 4.8.
It shows how the modulated supply of energy and the estimattedyy demand change
over time.

Figure 6.2: Example of goal-directed adaptation—suppty @é@mand

mostly at the highest fidelity, while the other three applmas run mostly at their lowest
fidelities. The difference in fidelity levels between the tials, shown most clearly for
the video application, accounts for the difference in podemand shown in Figure 6.2.
For both time goals, applications adapt less frequentihatieginning of the experiment
and more frequently as the time goal nears. This shows theteff the variable gain which
makes the system stable when the goal is distant and agile thbeyoal is near.

Figure 6.4 summarizes the results of five trials for each oal of 20, 22, 24, and 26
minutes. These results confirm that Odyssey is doing a gdodfjenergy adaptation. The
desired goal was met in every trial. In all cases, residuatggnwas very low: the largest
average residue, for the 20 minute experiment, is still dnBp6 of the initial energy value.
The average number of adaptations by applications is giynéva, but there are some
cases where it is high. However, the cases that exhibit highber of adaptations are an
artifact of the small initial energy value, since the systisndesigned to exhibit greater
agility when energy is scarce.
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This figure shows how Odyssey meets user-specified goalaftarp durations of 20 and
26 minutes when running the composite and video applicati@scribed in Section 4.8. It
shows changes in application fidelity. The applicationspai@ritized with speech having
the lowest priority, and video, map, and Web having suceeblshigher priority.

Figure 6.3: Example of goal-directed adaptation—appbcefidelity
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Specified | Goal Residue Number of Adaptations
Duration (s) Met | Energy (J)| Time (s)| Speech| Video Map Web
1200 |100%)145.2 (25.3)[15.3 (1.9)/10.8 (1.6)| 11.0 (4.0)| 0.4 (0.9)|0.0 (0.0)
1320 |100%|107.5 (61.5)[12.9 (7.2)| 2.8 (0.4)|28.2 (5.2)| 1.6 (2.6)|0.0 (0.0)
1440 |100%|101.2 (22.3)[13.0 (4.5)| 5.0 (7.9)|22.6 (9.8)| 9.6 (3.8)|1.2 (1.8)
1560 |100%| 60.2 (28.7)| 8.7 (5.9)| 1.0 (0.0)| 6.0 (2.8)|15.4 (4.6)|7.6 (5.9)

This figure shows system behavior when the composite apiplicaxecutes concurrently
with the video player. Each experiment uses a 12,000 Jouktulated energy supply.
Each row shows the result of specifying a different bat@duyation goal. The second
column shows the percentage of trials in which the energplsupsted for at least the
specified duration. The next two columns show the averagduasenergy at the end
of the experiment. The remaining columns show the averag#eu of adaptations per-
formed by each application. Each entry represents the mefivedrials with standard

deviations given in parentheses.

Figure 6.4: Summary of goal-directed adaptation

6.1.4 Sensitivity to half-life

The choice of smoothing function is very important in theigef goal-directed adapta-
tion. | therefore examined how changing the half-life pagéen used to calculate the gain,
«, affects system performance. | used the same experimezttgd as in Section 6.1.3. On
the client, | executed the video application and displaydwhl&hour video clip. | used
a modulated energy supply of 13,000 Joules and specified aifd@tartime goal so the
supply would last for the entire video.

Figure 6.5 summarizes the results of five trials each for-hf@fvalues of 1%, 5%,
10%, and 15%. A half-life of 1% is clearly too unstable—thstsyn produces the largest
residue with this value, and the video player adapts exeglgsiFor larger half-life values,
the system is more stable. However, with a 15% half-life dygtem is insufficiently agile,
failing to meet the goal in one of the five trials. | have alsec@mtered similar results in
less detailed analysis of other adaptive applicationss Ted me to the current approach of
using a 10% half-life to calculate the valuedf

6.1.5 Validation with longer duration experiments

The short duration (20—-30 minutes) of the experiments iniGe€6.1.3 and 6.1.4 allowed
me to explore the behavior of Odyssey for many parameter gwatibns. Having es-
tablished the feasibility of goal-directed adaptationhért ran a small number of longer
duration experiments to confirm its benefits in more realistienarios.

| used the same experimental setup as in section 6.1.3. hieagh experiment with an
energy supply of 90,000 Joules, roughly matching a fullgrged ThinkPad 560X battery.
| specified an initial time duration of 2:45 hours, but exteddhis goal by 30 minutes at
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Half-Life | Goal Met| Residue (J) | Adaptations
0.01 100% | 204.6 (17.7)| 93.6 (3.7)
0.05 100% | 124.1 (38.0)| 33.2 (4.0)
0.10 100% | 129.2 (21.6)| 14.6 (5.4)
0.15 80% 97.6 (22.2)| 6.8 (2.9

This figure shows sensitivity to the half-life value useddoroothing. In each experiment,
I assume a 13,000 Joule energy supply. The second columrsshewercentage of trials
in which the energy supply lasted for at least the specifie@tthn. The next column
shows the residual energy at the end of the experiment. Thé dolumn shows the
number of adaptations performed. Each entry shows the nidare drials with standard
deviation given in parentheses.

Figure 6.5: Sensitivity to half-life

the end of the first hour. This change reflects the possitiiig a user may modify the
estimate of how long the battery needs to last. Finally, dussimple stochastic model to
construct an irregular workload. During any given minut;le of four applications (video,

speech, map, and Web) may independently be active or idlechwve application executes
a fixed workload for one minute; for example, the video ailan shows a one minute
video, and the map application fetches five maps with fiversgsof think time after each

map display. After each minute, there is a 10% chance of bwigcstates; that is, an active
application stays active, and an idle one stays idle, witibability 0.9.

Figure 6.6 presents the results of five trials of this expentneach generated with a
different random number seed. In every case, Odyssey siedee meeting its time goal.
Four of the five trials ended with a residual energy that was kan 1% of the initial
supply. Only in one trial (trial 3) was the residue noticegahigher (2.8%), implying that
Odyssey was too conservative in its adaptation.

In spite of the bursty workload, Figure 6.6 shows fewer adtpns than Figure 6.4,
which had a steady workload. This is a consequence of tweeictiens between the hys-
teresis strategy and the longer-duration goal. First, treezf hysteresis is much larger,
since it is proportional to total energy supply. Second, sthimg is more aggressive when
the goal is distant. Combined, these two factors cause @gyssgnore minor fluctuations
in power usage except toward the end of each trial.

6.1.6 Overhead

The power overhead imposed by goal-directed adaptatiomeisam of the overhead of
measuring power usage and the overhead of using these rapasus to predict energy de-
mand. The measurement overhead is quite low. Most Smarefgatblutions can provide
power measurements at the frequency Odyssey requires lesisghan 10 mW. [12, 88].
Additionally, if a mobile computer already includes a SnBattery (as with the IBM T20
laptop and Itsy v2.2), Odyssey imposes minimal additionehsurement overhead.
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Trial | Goal | Residual Number of Adaptations
Met | Energy (J)| Speech| Video | Map | Web
1 Yes 345 1 5 5 1
2 Yes 381 1 10 7 11
3 Yes 2486 8 13 5 0
4 Yes 554 2 10 6 8
5 Yes 464 5 6 14 0

This figure shows system behavior for bursty workloads. bhddal, | assume an energy
supply of 90,000 Joules. After one hour, the initial goal of322hours is extended by a
half hour. Each row shows the result of a trial using a diffém@andomly-generated work-
load. The second column shows whether the energy suppbdiést at least the specified
duration. The next column shows the residual energy at tdeoéthe experiment. The
remaining columns show the number of adaptations perfotnyeshch application.

Figure 6.6: Longer duration goal-directed adaptation

| have measured Odyssey'’s prediction overhead and foundoie tonly 4 mW. There-
fore, the total power overhead imposed by goal-directegt@di@n is less than 14 mW.—
only 0.25% of the background power consumption of the IBMX60

6.2 Use of application resource history

The previous section showed that goal-directed adaptesinte successfully implemented
without needing to anticipate how changes in applicatioelitig affect power usage. The
incremental adaptation policy allows Odyssey to evenyuadhverge on the fidelity level
that correctly balances energy use and application qua¥y, when Odyssey can antic-
ipate the relationship between fidelity and power use, itlmamore agile in adapting to
changes in power demand. In addition, anticipating thiati@hship allows applications
specify a more natural range of fidelities and adaptatioicigsl.

This section describes how Odyssey obtains these benefitsamytaining a history
of application energy usage. The work on which this secteports was done jointly
with Dushyanth Narayanan [64]. As applications executeyS9dy monitors and logs the
fidelities at which they operate and their correspondinggneonsumption. From the data,
Odyssey learns functions which relate fidelity and energggas From these functions,
Odyssey predicts how power usage changes with fidelity.

Next, | examine in more detail the benefits of using applaratiesource history to
predict future behavior. Section 6.2.2 describes how Calysseasures and logs energy
usage. Section 6.2.3 describes how Odyssey uses the datardunctions which predict
application energy use; Sections 6.2.4 and 6.2.5 show hewetirned functions are used
to improve adaptation decisions. Section 6.2.6 then detraies how Odyssey uses the
history of application energy usage to increase the effentiss of goal-directed adaptation.
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6.2.1 Benefits of application resource history

If Odyssey cannot determine the relationship between fidahd energy use, it will not be
able to anticipate the magnitude of change in power usag@theaesult when applications
change fidelity. Thus, when Odyssey desires to increase aease power use, it must
adapt application fidelity one discrete step at a time. Fuythfter each adaptation, it must
pause to assess how much power usage has changed.

This means that application fidelities must be carefullysam since the number of
fidelities affects the agility of the system. If a large numbé fidelities are specified,
Odyssey is sluggish to react to changes in power supply amaaé. Before arriving at the
correct fidelity, it must transition through many intermai fidelity levels, pausing at each
one to assess the impact of the adaptation on power usagmtiaty, Odyssey may even
miss the specified goal for battery duration if it is not suéfitly agile in adapting when a
decrease in power usage is needed. At the other extremdyihemall number of fidelities
are specified, the system may oscillate between two widghasted fidelity levels because
no intermediate value is available, leading to an excesaiveber of adaptations.

However, when Odyssey can predict how fidelity changes Mfillch energy usage,
it can calculate the exact change in application fidelityt thiél yield a desired change
in power usage. It can then adjust fidelity directly to the neue without traversing
through intermediate values. With this approach, the nurabidelity levels specified by
an application will not directly impact system agility.

Use of energy history also lets applications support a matreral range of fidelities and
adaptation policies. Applications can specify continudmsensions of fidelity, whereas if
Odyssey uses the incremental policy, only a single, disaleéhension of fidelity can be
specified (since Odyssey can only adapt in discrete stepg®lidations can also specify
adaptation policies which directly relate fidelity and egyeunse. For example, applications
may wish to specify policies such as “Choose the best fidtHay uses no more than x%
of the energy of the highest fidelity” or “Degrade fidelity He decrease in energy use
is greater than the corresponding decrease in fidelity”. $3dy can only evaluate such
policies if it is able to predict the amount of energy thatlwé used at different fidelities.

6.2.2 Recording application resource history

Odyssey’s fundamental unit of history is @peration a discrete unit of work performed by
an application at one of possibly many fidelities. For examphch application described
in Chapter 4 performs one basic operation: the video plaisplalys videos, the speech
recognizer recognizes utterances, the map viewer disptegfss, and the Web browser
displays images.

Odyssey and applications collaborate to generate a hisfoapplication energy use.
Applications initially describe the operations that thégmpto execute, including possible
fidelities andinput parametersvariables that affect the complexity of the operation. yrhe
then signal Odyssey when the execution of each operatiandagd ends. During execu-
tion, Odyssey measures energy usage. Later, when the igpecaimpletes, Odyssey logs
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register fidelity (char* conf _file,
int* optype_id);

begin fidelity op (const char* dat anane,
int optype_id,
i nt num _par amns,
fid _paramyval t* parans,
int numfidelities,
fid paramval _t* fidelities,
int* opidp);

int end fidelity op (int optype_id,
i nt opid,
int failed);

Figure 6.7: Odyssey multi-fidelity API

its energy usage, fidelity, and input parameters.

Figure 6.7 shows the relevant portion of Odyssey’s mulilitgt API, through which
applications provide the information Odyssey needs to ésgpurce usage. Initially, appli-
cations callr egi st er fi delity() to describe the types of operations that they plan
to execute. For each operation type, the application spedifie name of a configuration
file. Odyssey returns a unique identifier for the operatiqrety-the application uses the
identifier in future calls.

Figure 6.8 shows the configuration file for the Web browsercdeed in Section 4.7.
The first line specifies the names of the application and dipartype. The next line names
a file to which resource history will be logged. The third lidescribes the single input
parameter to the operation, the number of bytes in the unoesspd image. The fourth
line describes the single fidelity, which is the degree ofGREBmpression to be employed.
The configuration file specifies that this dimension of figeikt continuous and ranges in
value between 5 and 100. Odyssey also allows applicatiosgdoify discrete parameters
or fidelities which can take on one of several enumeratedegald’ he remainder of the
configuration file is not relevant to history logging, andiveié described in Section 6.2.4.

Before executing an operation, applications balgi n_fi del i t y_op() , which has
two purposes. It asks Odyssey which fidelity should be usedhi® operation. It also
signals Odyssey to begin measuring resource usage for t@tap. The application
specifies the name of the data object being manipulatedliectitle of a video, the name
of a Web image, etc.), as well as the type of operation to bfopeed. The application
also specifies the specific values of input parameters togtbeton. For example, the Web
browser obtains the number of bytes of the image to be fet&ioed the HTML headers
and passes the information to Odyssey. Odyssey returngiieyfiat which the operation
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descri ption web: fetchi nage

| ogfile /usr/odyssey/etc/web. fetchi mage. | og
param i magesi ze ordered 0-10000000

fidelity conpression ordered 5-100

node nor nal

hintfile /usr/odyssey/lib/web fetchimge hints.so
utility web fetchimge utility

Figure 6.8: Sample configuration file for a Web browser

should be performed, as well as a unique handle by which tpkcagion can refer to the
operation.

After an operation completes, the application calfsd_f i del i t y_op. This causes
Odyssey to write an entry in the appropriate log file. Eachiyeimicludes resource usage
information, such as the time and energy to execute the tper&ach entry also contains
the value of each input parameter and the fidelity at whictofieration was performed.

Odyssey measures energy usage as described in SectionlBtiezhardware platform
supports ACPI, Odyssey queries the amount of energy rengainithe battery at the start
and end of each operation. The difference between the tweesas the total energy used
by the operation. If battery level information is not avails, Odyssey samples power us-
age during operation execution, and calculates energyeusagultiplying average power
usage by execution time. For example, when executing ongii@2.2, Odyssey reads cur-
rent levels from the DS2437 Smart Battery chip six times pepad. These measurements
are multiplied by the last voltage reading and the duraticthe® sample period to calculate
the total energy use during the measurement period. Odgsseynulates the energy mea-
surements taken during operation execution, and logs timeasuthe total energy usage of
the operation.

Both methods for measuring operation energy use are inatiegunore than one oper-
ation executes simultaneously. With concurrent operatiitis unclear what percentage of
the total energy expenditure should be attributed to eaehnatipn. One possible method
for apportioning energy usage would be to allocate energ@geisaccording to the per-
centage of CPU, disk, network, and other resources usedebggbration. However, this
method requires detailed resource accounting, as well eaplatorm calibration of the
energy costs of activities such as network transmissiodsdssk accesses. | have there-
fore chosen the simpler approach of excluding from the hystimg any operation which
overlaps with another simultaneous operation. This saesfsome data, but increases the
accuracy of the logged values.
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6.2.3 Learning from application resource history

From the history of application resource usage, Odyssensganctions which relate in-
put parameters and fidelity to energy usage. As the study @fcapion energy usage in
Chapter 4 shows, simple linear models provide a good fit fanyrapplications. Odyssey
supports this common case by providing library routineschilgenerate linear models of
energy use from log data.

Odyssey reads the previously logged data whenever an apphaegisters a new op-
eration type. From the data, Odyssey generate a linear nufdatergy usage. If the
operation type has a continuous dimension of fidelity or aioaous input parameter, a
model is generated using linear regression. If more thanconénuous dimension exists,
multiple variable linear regression is used. When the dpmrdaype has one or more dis-
crete dimensions, Odyssey generates a different lineaehfimdeach possible combination
of enumerated values. For example, the speech applicasonsted in Section 4.5.1 has
one discrete dimension of fidelity: it can use either a fidkd or reduced vocabulary for
recognition. For this application, Odyssey develops twoasate linear models, one for
each possible fidelity.

Later, Odyssey queries the model to determine how much gergperation is likely
to use if itis performed with different combinations of fidgland input parameters. Some-
times, there will not be enough data to return a specific ptexmh, for example, if the op-
eration has not yet been performed for one of the possibleegabf an enumerated type.
In this case, the predictor returns a more generic predidito energy use, one that is
generated from a model that ignores the enumerated type.

In theory, for some applications, the relationship betwasgrgy use and fidelity may be
guite complex. Odyssey supports such applications by allpiinem to supply application-
specific functions for predicting energy usage. In practldeave found that the default
linear models suffice for all applications that | have stddiacluding those described in
Chapter 4.

6.2.4 Using application resource history to evaluate utity

Odyssey uses the history of application resource usagetewndi@e the best fidelity at
which to execute operations. For each operation, Odyssayses the one that maximizes
the value of an application-speciiitility function specified in the configuration file. For
example, in Figure 6.8, the last two lines specify that thd\Afgplication’s utility function
isweb fetchi mage_utility() inthe libraryweb f et chi mage_hi nts. so.

A utility function takes as input specific values for eachunhparameter and fidelity
dimension, and returns a numerical result that represaetsi¢sirability of executing the
operation with those values. When an application daélgi n_f i del i t y_op, Odyssey
searches the space of possible fidelities to select thetfidtiich maximizes the value of
the utility function. Input parameters are fixed to thosecHpetl by the application in the
begi nfi del i ty_op call; fidelity varies as the search progresses.
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extern fidelity desired _fidelity;

int utility (fidelity f)

{
if (f == desired_fidelity) {
return (1);
} else {
return (0);
}
}

Figure 6.9: Utility function for the incremental policy

The Odyssey multi-fidelity solver, further described inJ6gxhaustively searches dis-
crete dimensions of fidelity and uses gradient-descentigt@srto search continuous di-
mensions. Thus, it is not guaranteed to find an optimal smiuta all cases. The solver
iteratively calls an operation’s utility function, and sets the fidelity at which the utility
function returns the highest value.

Energy-aware applications specify utility functions whigalance fidelity and energy
use. Goal-directed adaptation determines the currentiitaupce of energy conservation;
utility functions express a specific policy for adaptinghatimportance.

Section 6.1.3 described the simple incremental adaptgtadicy: each application
specifies a single, discrete dimension of fidelity, and Oelyseacreases or decreases fi-
delity by one step whenever supply and demand diverge. Omdrivgally express this
policy as a utility function, shown in Figure 6.9. Odyssepnesents the desired fidelity for
an application with a global parametéesired_fidelity. The utility function returns 1 if
the fidelity passed into the function is equaldesired_fidelity, and O otherwise. Thus,
the function will be maximized only when the input fidelity egjuivalent to the desired
fidelity.

However, this simple policy has a clear drawback: the assiomphat all operations
should be performed at the same fidelity, irrespective of/diees of the input parameters.
Figure 6.10 illustrates why this assumption is incorrecliline shows how Web browser
energy use at a specific fidelity varies with an input param#éte uncompressed image
size. The highest fidelity, shown by the solid line, occurewthe image is shown without
distillation. The remaining two lines show energy usage nvttee image is distilled to
JPEG quality levels of 99 and 95. Data points show specificsorea energy values for two
image sizes: 3.5MB, and 720 KB. For large images, the hiditsity uses more energy
since it transmits the most data over the wireless netwodwéver, for small images, the
lower fidelities use more energy because image distillatitmduces a significant latency
which results in the client waiting longer for the image to\a.
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This figure shows how Web browser energy usage varies withtfidand the size of the
uncompressed image. The three lines show how energy usaggahwith image size for
three different fidelities; the data points represent mestkanergy usage for two specific
image sizes.

Figure 6.10: Web energy use as a function of fidelity and insge

Now consider the following example scenario. Originalhe &application can show all
images at the highest fidelity and still meet the specified igodattery lifetime. However,
when the user extends the goal, the system must adapt toeretiecgy usage by a small
amount (5%). If the system lowers fidelity to JPEG-99, it saeeergy if a large (3.5 MB)
image is displayed, but uses more energy if a small (720 KByjiens displayed. The sys-
tem could possibly select the JPEG-95 fidelity, which sanesgy for both sizes. However,
this needlessly degrades large images—JPEG-99 is sufftaeaduce energy usage 5%.
Also, for images smaller than 500 KB, JPEG-95 uses more gitleag the highest fidelity.

The above scenario shows that it is often impossible to salBdelity which produces
the needed change in energy usage across all possible immaumeters. Thus, it is infeasi-
ble for goal-directed adaptation to adjust applicationlfigelirectly; a fidelity choice that
is correct for one set of input parameters may not be cormeaiother. To surmount this
problem, Odyssey introduces a layer of indirection in thenf@f a global feedback pa-
rameter,c, that represents how critical energy conservation is atthieent moment. The
value of the parameter ranges from 0, when energy usagensgpaniant, to 1, when it is
of utmost importance. When Odyssey wishes to adjust aggitaehavior, it changes the
value of¢, rather than adjust application fidelity directly.
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extern doubl e c;
extern fidelity min_ fidelity, max_fidelity;

int utility (fidelity f)

{
if ((energy(f) / energy(max_fidelity)) <= (1-c)) {
return (goodness(f));
} elseif (f == mn_fidelity) {
return (0.01); /* Small value */
{ else {
return (0);
}
}

Figure 6.11: Utility function for history-based policy

The utility functions of energy-aware applications usevhkie ofc to decide the cor-
rect tradeoff between fidelity and energy use. For exampie,amuld ask each application
to select the best possible fidelity which uses arly- ¢) as much energy as the highest
fidelity. When the value ot is 0.1, each application would reduce its energy usage by
at least 10%. Given a specific fidelity value, the utility ftinn for this policy, shown in
Figure 6.11, uses the history of application energy usageddict the amount of energy
needed to perform the operation at the specified fidelityombgares that value to the en-
ergy needed to perform the same operation at the highesibpofigelity. If the ratio of
the two energy values is higher than desired, i.e. greagar(th— ¢), the function returns
zero, signifying that the input fidelity should not be chas&vhen the ratio between the
two values is less thafil — ¢), Odyssey returns a numerical value corresponding to the
goodness of the fidelity. Thus, the utility function seleitte best fidelity supported by
the application that meets the goal for energy reductiorthénevent that no fidelity pro-
vides the desired energy reduction, the utility functiotunes a small positive value for the
fidelity that conserves the most energy, ensuring that Ithveilselected.

Alternative policies are also possible. For example, onddceelect the fidelity which
yields the greatest “bang-for-the-buck”, i.e. the one Whyelds the greatest decrease in
energy usage for the smallest decrease in fidelity. In alh gudicies, the history of appli-
cation energy usage plays a vital role. Odyssey can coyree#lluate such utility functions
only by anticipating how much energy an operation will cansuat various fidelity levels.

An important consideration is whether Odyssey should sgmethe importance of
energy conservation with a single, global feedback pararmatwith one parameter for
each currently running application. Multiple feedbackgmaeters would allow Odyssey to
optimize energy usage across applications. For exampapplication may be able to
conserve a large amount of energy with a small decrease iiityjcdend thereby avoid the
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need for other applications to adapt. However, the optitiungroblem is very complex—
Odyssey would need to search the space of all possible fedefidr all applications si-
multaneously, while possibly considering other importtagtors such as user-specified
application priorities.

| have therefore chosen to simplify the problem by using anlgingle, global feed-
back parameter. This allows Odyssey to implement “fair’@edaon policies, for example,
asking each application to decrease energy usage by a fixeghpage. User-specified pri-
orities can be easily incorporated. For instance, one aesgchn approach similar to lottery
scheduling [95] to prioritize applications; if one applicen has twice as many tickets as
another, it would be asked to reduce its energy usage onfiyabahuch as the other.

6.2.5 Using application resource history to improve agiliy

Odyssey uses the history of application energy usage taweghe agility of goal-directed
adaptation. During normal operation, predicted energyatehremains close to the avail-
able supply; it stays in a zone of hysteresis with a value eatgr than the energy sup-
ply and no lower than the 95% of the current supply minus 1%hefinitial energy sup-
ply. When demand strays significantly from supply, Odyssegnges the value of the
global feedback parameter, When Odyssey increasesapplication behavior is biased
towards energy conservation; when Odyssey decreasgsplications execute operations
with higher fidelity.

Without application energy history, it is difficult for Odysy to determine the amount
by which it should adjust. The incremental approach, as described in Section 6.1.2,
adjustsc by a small, fixed amount, then pause to assess if the resaliagge in power
demand is sufficient. If many small steps are needed, themyistslow to react to changes
in power supply and demand.

However, when application history is available, Odyssegpaisl more agilely. Odyssey
first calculates the current power demand as described itio8e®.1.2. It then calculates
the ideal power demand, one that falls in the middle of theezoimhysteresis. I is the
current energy supply,the time remaining to the goal, ais the initial energy supply, the
ideal power demand?; ., is:

Prgeas = (S 4 (0.95 S — 0.01 5;)) /2t (6.3)

In principle, Odyssey simply predicts the ideal valuecpt:;,..;, that will produce a
future power drain ofP,,;.,;. Then, Odyssey sets the valuedlirectly to c;4.,, Without
needing to traverse through intermediate values.

Unfortunately, Odyssey cannot calculatg,,, directly. Utility functions return the de-
sirability of each fidelity given a specific value @f There exists no inverse function which
reveals what value afwould yield a specified fidelity (and, hence, a specified palvain).
Because utility functions are application-specified, taey; in effect, black boxes, making
the construction of the inverse function prohibitivelyfai@ilt. Additionally, when diverse
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This figure shows a hypothetical example of how Odyssey Glesi the impact of the
choice of the feedback parameteron power demand. Odyssey calculates the dynamic
energy usage of each operation performed in the recent ghst+is represented by the
boxes labeled “Op 1" through “Op 4”. Odyssey adds each oeratdynamic power
usage to the background power usage of the hardware plattbgenerate a waveform
that predicts how power usage would have varied over timesnga specific value of

(0.1 in this case).

Figure 6.12: Example of operation history replay ¢ox 0.1

operations are being performed by multiple applicatiohs,itility functions for each op-
eration may return different fidelities depending upon agien type and the value of the
input parameters.

Odyssey takes a more indirect route to calculaig,. It assumes that the recent past
predicts the future, and asks the following questigvhat (ideal) value of ¢ would have
yielded the ideal power usage in the past?

Odyssey maintains an in-memory list of operations that lexezuted recently. Each
list item records the variables previously used to deteemdperation fidelity, including
input parameters and resource availability. Odyssey caretbre revisit past fidelity de-
cisions, and calculate what its decision would have beeantitions had been different.
Specifically, Odyssey can determine what fidelity it woulddnahosen for various values
of c.
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This figure continues the hypothetical example of how Odyssédculates the impact of
the choice of the feedback parameteron power demand. It shows predicted power
demand for = 0.2.

Figure 6.13: Example of operation history replay &t 0.2

To calculater;q..;, Odysseyeplaysthe operation log to determine how power demand
varies withc. For a given value of, Odyssey first determines the fidelity at which each
past operation would have executed. It then predicts theuataf dynamic energy each
operation would have used. It uses the history of applicagioergy usage to predict the
total energy that would have been used to perform an operafimom this value, it calcu-
lates dynamic energy usage by subtracting out backgrouneposage, i.e. the product
of the background power usage of the mobile computer andxéeugion latency of the
operation.

Odyssey then constructs a hypothetical waveform that captits prediction of how
the mobile computer’'s power usage would have changed awerftor the specified value
of ¢. The waveform reflects the background power usage of the imaemd the predicted
dynamic energy usage of each operation performed in the pawstlly, Odyssey calculates
power demand by applying the exponential smoothing funcsimown in Equation 6.1 to
the waveform.

Figure 6.12 shows a hypothetical example that helps ibistthis process. Here,



6.2. USE OF APPLICATION RESOURCE HISTORY 91

Odyssey predicts power demand when c is equal to 0.1. Therdoar recently exe-
cuted operations—consider operation 1 which executed fiamé units starting at time
-15. Odyssey first determines the fidelity at which operafiomould have executed if
were equal to 0.1. It then predicts the operation’s dynamergy usage by consulting the
history of application energy usage. In this example, Oelyssedicts that operation 1's
dynamic energy usage would be 12 Watts. It also performdaricalculations for the other
three operations.

Odyssey then generates the waveform that represents @@ gicwer usage over time.
Total power usage at any given time is the sum of the backgrgaower usage of the
hardware platform and the dynamic power usage of each diyrerecuting operation.
As shown in Figure 6.12, Odyssey makes the simplifying aggiom that operation power
usage is constant over the life of an operation. In this figinetotal power usage waveform
is given by the area under all shaded regions.

Odyssey determines what its estimate for power demand wave been if it had seen
power usage equivalent to the generated waveform. It stattee beginning of the wave-
form and calculates the exponential weighted average oépdemand using Equation 6.1.
In the given example, Odyssey would predict power demancktaldout 3.81 Watts. This
entire calculation can be thought of as solving a functid®(¢) which maps: to power
demand.

Figure 6.13 shows the same calculation for a different value Whenc increases to
0.2, Odyssey selects lower fidelity levels for each openatiGonsequently, the dynamic
energy usage of each operation is lower than in Figure 6.52¢ E 0.2, Odyssey would
predict power demand to be about 3.18 Watts.

Odyssey first determines the impact of the current value &fP (¢ yrrent). It then per-
forms a binary search anto determine:;4..;; i.e. the value ot; .., such thatD P(c¢;gea) —
DP(Ceyrrent) 1S closest tQPyeq; — Peurrent- When this value is found, Odyssey sets the new
value of ¢ to bec;4.,, and changes its current estimate of power usag® B\ c;jeq) —
DP(Ccurrent)-

In the example given by Figures 6.12 and 6.13¢.if....,; were 0.1, and Odyssey
needed to reduce power demand by 0.63 Watts, ¢hen would be 0.2 sincedP(0.1) —
DP(0.2) = 0.63 Watts.

Why does Odyssey use each operation’s dynamic power usagdcidatec;.,? AS
shown in Section 4.8, when multiple applications executecaaently, dynamic power
usage is a much better metric than total power usage for legilcg each application’s
impact. Thus, dynamic power usage is a better metric forsagsg the impact of changing
¢ when operations execute concurrently. Figures 6.12 an@l iBustrate this possibility
since the execution of operations 3 and 4 overlap.

The use of dynamic power as a metric makes one important gicagpion: it assumes
that changing fidelity will not affect when subsequent opers are started. For exam-
ple, when using a speech recognizer, a user may pause a fixathawf time between
utterances. Lowering fidelity may speed recognition andvalihe user to start the next
recognition sooner. Predicting such effects is difficultdogse the system must anticipate
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This figure shows how energy varies with fidelity level for ieb browser described in
Section 4.7. Fidelities 5-99 show the energy used by thatdliewait for a remote server
to distill a 720 KB GIF image to the corresponding JPEG quadétel, fetch the image
from the server, and display it to the user. Fidelity 100 shdle energy used to fetch
and display the image without distillation. Each data psimws the average amount of
energy used; the error bars are 90% confidence intervals.

Figure 6.14: Energy use as a function of fidelity for the Wetwser

the usage pattern of the application; | have therefore ehtiséynore these effects in cal-
culatingc;q.;. Errors due to this simplification will eventually be detedty the feedback

mechanism of goal-directed adaptation. However, they naaye Odyssey to converge
more slowly on the correct value of

6.2.6 Validation

Experimental design

| validated the benefit of application resource history bgaring two experimental sce-
narios: one which uses the incremental adaptation polisgriteed in Section 6.1.2, and
one which uses the history-based policy described in Seéti2.5. Each scenario models
the actions of a user browsing digital photographs from aoralstored on a remote server.
The user loads 5 images per minute—each image is approXin¥@@ KB in size.
Odyssey and the Web browser execute on the client: an IBM 38p%p computer.
The images are stored on a local server running the Odysséljettiand an Apache Web
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This figure shows how the supply of energy changes over timenwbdyssey uses the
incremental adaptation policy. The solid line shows thei@aothange in energy usage—
the dashed line shows the hypothetical change that wouldhieweed by an ideal adaptive

policy.
Figure 6.15: Change in energy supply for the incrementatpol

server. The two machines are connected by a 900 MHz 2 Mb/sntWaveLAN wireless
network.

The Web application performs one type of operation: fetglainimage from the server.
JPEG quality is the sole dimension of fidelity for the openatilt is specified as a discrete
dimension ranging from 5 to 100. There are 96 discrete fidslitmaking this a challeng-
ing scenario for the incremental adaptation policy. Figeli00 corresponds to loading an
undistilled image—the remaining fidelities correspondittitling the image to the equiva-
lent JPEG quality level before fetching it from the remotesee The image size is the sole
input parameter for the operation. However, image size iselevant in these experiments
since all images are of roughly the same size.

| first obtained a detailed history of energy usage by peringd000 image loads from
a set of similarly-sized digital photographs. Figure 6.lnmarizes the logged data for
operation energy usage. At any given fidelity, energy usairl/fpredictable, with higher
quality levels tending to use more energy than lower onegrd s a discontinuity in the
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This figure shows how Web fidelity changes over time when Galyases the incremental
adaptation policy. The solid line shows actual Web fidekltyels—the dashed line shows
the hypothetical fidelity levels that would be selected bydmal adaptive policy.

Figure 6.16: Change in fidelity for the incremental policy

data: fidelity 100 uses less energy than fidelities 97-99.r@&tection in data transmitted
over the network is small at fidelities 97-99. The energyrsg&idue to reduced network
usage is less than the additional energy the client expeadsg for the server to distill
the image. At this image size, fidelities 97—99 are clearfgrior to fidelity 100 because
they expend more energy to fetch a lower-quality image. &loee, a correct adaptation
policy should not employ these fidelities.

After gathering resource history data, | executed five drfal each adaptation policy.
| used a modulated energy supply and specified an initialggnealue of 90,000 Joules,
roughly equivalent to the amount of energy in the ThinkPadH¥ery. | specified an initial
time goal of 2.5 hours. After 1 hour of execution, | modifie@ time goal by specifying
that the battery should last an additional 15 minutes.
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This figure shows how the supply of energy changes over timenwbdyssey uses the
history-based adaptation policy. The solid line shows titead change in energy usage—
the dashed line shows the hypothetical change that wouldhieweed by an ideal adaptive

policy.
Figure 6.17: Change in energy supply for the history-bassidy

Results

Figures 6.15 and 6.16 show results from one typical triahgishe incremental adaptation
policy. The solid line in Figure 6.15 shows how energy supgtanges over time; the
dashed line shows the ideal rate of drain that would be aeliby a hypothetical, perfect
adaptive strategy. In the trial, the rate of drain tracksitleal fairly closely for the first
hour, although energy is used at a slightly higher rate dutimis time period. Once the
user requests an additional 15 minutes of battery life wtodines diverge more noticeably.
Odyssey uses too much energy after the adjustment and is algeeto recover fully. The
energy supply expires almost 3 minutes too early.

Figure 6.16 gives more insight into why Odyssey misses the tjoal. The solid line
shows the fidelity levels used by the Web application thrauglthe trial. The dashed line
shows the fidelity levels that would be used by the ideal adaypblicy. The ideal policy
uses knowledge of future activity to select the highest tntdidelity which will meet the
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This figure shows how Web fidelity changes over time when Qaysses the history-
based adaptation policy. The solid line shows actual Weltitfrdevels—the dashed line
shows the hypothetical fidelity levels that would be selgtte an ideal adaptive policy.

Figure 6.18: Change in fidelity for the history-based policy

specified goal for battery life. The ideal policy does notd&wture knowledge of changes
in the specified goal—hence, there is a change in fidelityeaf thour mark.

After the user changes the specified time goal at 3600 sectvelsfidelity decreases
exponentially. Initially, changes in fidelity are relatiyenfrequent because the goal is
distant. As the goal nears, Odyssey is more agile and fidetiggwges are more frequent.
Web fidelity remains higher than ideal for a significant pamtof time: from 3600 to 6435
seconds, causing the laptop to expend too much energy dilmismigeriod. Even though
Odyssey tries to compensate by lowering fidelity for the nexader of the trial, it is unable
to conserve enough energy to meet the specified goal fompaltieation.

It is also interesting to note that the incremental adaganéecy chooses Web fidelities
97-99 during the time period lasting from 1845 to 3113 sesondithout application
history, it cannot know that these fidelities are clearleirdr to fidelity 100. This accounts
for the slight overconsumption of energy during the first ihofuthe trial.

Figures 6.17 and 6.18 show results from one typical triahgishe history-based adap-
tation policy. As can be seen in Figure 6.17, the rate of dodithe energy supply tracks
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Adaptation | Goal Expiration Number of

Policy Met? Time (s) Adaptations
Incremental | 0% | +79.7 (9.7)| 56.8 (11.2)
History-Based 100%| -146.6 (11.2)| 7.8 (1.3)

This figure compares the effectiveness of adaptation withveithout the use of applica-
tion resource history. The first row shows results withoytlegation history; the second
row shows results when history is used to guide adaptatione&ch scenario, the second
column shows the percentage of trials that met the specifieglgoal. The third column
shows the average expiration time for the energy supplgtivel to the specified time
goal. The final column lists the average number of adaptatier trial. Five trials were
performed for each scenario—standard deviations are givparentheses.

Figure 6.19: Summary of the effectiveness of applicati@ovece history

the ideal quite closely. Odyssey maintains a slight surfilusughout the trial and meets
the goal for battery duration. Once the goal is reached, theuat of residual energy
remaining is small: approximately 1.0% of the initial enesyipply.

Figure 6.18 shows the corresponding changes in applic&telity. For the first hour,
Odyssey chooses fidelities that are close to ideal. It alsmavthe clearly inferior fidelities
from 97 to 99. When the user respecifies the goal, Odyssey dhatedy decreases fidelity.
The initially chosen fidelity is slightly less than idealflexting Odyssey’s conservative
bias. However, Odyssey soon detects the discrepancy adiiseathe fidelity to be closer
to ideal. In contrast to the previous scenario, Odyssey ishmmore agile in converging
upon an acceptable fidelity level. Using application higt@dyssey requires only two
adaptations to reach a good fidelity choice—without appbeahistory, Odyssey is too
sluggish, and fails to reach an acceptable fidelity.

Figure 6.19 summarizes the results of the five trials. Usgpfieation resource history
provides a clear benefit. All five trials that used resourcgdny met the time goal—the
energy supply lasted an average of 79.7 seconds longerhkapecified duration. When
the incremental policy was used, the energy supply expwedearly in all trials—on av-
erage, the supply expired 146.6 seconds before the time Eodher, the average number
of adaptations is much smaller with the history-based gdliecause Odyssey converges
much more quickly upon acceptable fidelity levels.

The use of application history incurs some additional ogadh especially when Odyssey
determines a new value for the feedback parametBuring the five trials, Odyssey spent
an average of 0.83 seconds to calculate a new value fdowever, since this calculation
occurs relatively infrequently, an average of 8 times p2b3our trial, the effect on overall
performance is minimal.

It is worth noting that this scenario represents a diffichkiléenge for the incremental
policy because the Web application has a large nhumber oftfetebnd the difference in
energy usage between two consecutive fidelity levels isllystery small. One can poten-
tially avoid the problems encountered in this scenario & carefully chooses the number
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of potential fidelity levels for the application. For exarmapin the experiment reported in
Section 6.1.3, | specified only five potential fidelities foetWeb application. In addition,
none of the five fidelities were clearly inferior to any othatelity. Thus, with careful
tuning and a bit of black magic, it is possible to make the enoental policy approach
the performance of the history-based policy. Conversatg of the main benefits of the
history-based policy is that it is self-tuning—it requines special adjustments in order to
yield acceptable results.

6.3 Summary

In this chapter, | have shown how goal-directed adaptatilanva Odyssey to effectively
manage battery energy as a resource. The user providesthattspecify how long a
mobile computer needs to operate on battery power, and @gyssets the specified goals
by adjusting the fidelity of energy-aware applications.

Odyssey monitors energy supply and demand to determineutinent importance of
energy conservation. It predicts future energy demand froeasurements of past us-
age. When there is substantial mismatch between predigetanld and available en-
ergy, Odyssey notifies applications to adapt. Using thig@ggh, | have demonstrated
that Odyssey can extend battery life to meet user-specibatsghat vary by up to 30%.

| have also shown how the use of application resource higtgoyoves the effectiveness
of goal-directed adaptation. When energy-aware apptinatexecute, Odyssey monitors
and logs their energy use. From the logged data, it learretifums which relate fidelity and
input parameters to energy usage, allowing it to predictriapplication energy consump-
tion. With these predictions, Odyssey can support a widegeaof adaptation policies,
including those which directly relate energy and fidelityurther, Odyssey reacts more
agilely to changes in power demand, adjusting applicatidelify to appropriate levels
without the need to traverse through intermediate values.



Chapter 7

Remote execution

Whenever there exists the possibility of trading some dsre@mof quality or performance
for reduced energy usage, energy-aware adaptation isgb@s$Vhile application fidelity
is an important dimension of energy-aware adaptation iyiso means the only one.

Remote execution is another such dimension. If applicatexecute part of their func-
tionality on remote infrastructure, they may reduce thaie of local hardware resources
and conserve energy. However, energy reduction can com@ratea Remote execution
can lead to decreased performance, primarily due to the togegihsfer data between local
and remote machines. In such cases, energy-aware adaptatiecessary to balance the
competing concerns of energy use and performance.

This chapter describes Spectra, a remote execution systeigne:d for battery-powered
mobile clients used in pervasive computing environmenpec8a enables applications to
combine the mobility of small devices with the greater reses of large, wall-powered
compute servers. Spectra provides applications with a am@sin for executing remote
operations, while ensuring data consistency between lulremote machines. It mon-
itors both application resource usage and the availalofityesources in the environment
in order to provide dynamic advice to applications about feowl where they can most
profitably execute functionality. Spectra is tightly intated with Odyssey and leverages
Odyssey’s support for energy-aware adaptation. Its adeiseapplications dynamically
balance the competing goals of performance, energy useg@piitation fidelity.

The next two sections discuss Spectra’s target environarghtlesign considerations.
Section 7.3 describes Spectra’s implementation, and @e¢téd presents an evaluation of
the system.

7.1 Target environment

Spectra is targeted at pervasive computing environmenish-asnvironments are saturated
with computing and communication capability, yet gracfiritegrated with human users.
The need for graceful integration leads to smaller, lessusbte computing devices. Since
people are naturally mobile, these devices are often lyghiewered, and their size limits

99
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the amount of energy that can be stored. In addition, devieec®nstrains the availability
of other resources such as compute power and storage capRernote execution using
wireless networks to access compute servers fills a natalalim pervasive computing,
allowing applications to combine the mobility of small de®$ with the greater resources
of static, wall-powered compute servers

Future support for mobile applications will vary widely witocation. Some well-
conditioned environments may provide plentiful wireleastiwidth and powerful compute
servers. Other locations may be resource-impoverishetth, pdor connectivity and little
infrastructure support. Pervasive applications mustatoee adapt to a changing environ-
ment. When little infrastructure exists, they must execntest functionality on the mobile
client. However, when the environment is well-conditiondgby should discover and use
the resources offered.

A broad range of resource-hungry applications such as kgeeognition, natural lan-
guage translation, and augmented reality will be importargervasive computing envi-
ronments. These applications may be executed on a wide cdngebile hardware, from
powerful laptops to wristwatch-sized devices. While custong these applications for
each platform is possible, it would be more desirable toteraasingle implementation that
adjusts its behavior to match the platform.

Variation in the environment and in client capability makeguite difficult for de-
velopers to statically determine which components of ariegion should be executed
remotely. Instead, location decisions should be nddemicallywhen applications exe-
cute.

Spectra simplifies the task of developing applications fmwasive computing. Appli-
cations statically specify which code components mpggsiblyprofit from remote execu-
tion. When applications execute, Spectra continually toosresource supply and demand
to advise them how and where they should execute the specifradonents. Spectra’s ad-
vice lets applications adapt to changes in resource aw#jalvithout requiring them to
explicitly specify their resource requirements. Inste§gectra monitors application be-
havior, models their resource usage, and predicts futs@uree needs.

Spectra targets applications which perform remote opmratof one second or more
in duration. Examples of such applications include speechgnition, rendering for aug-
mented reality, and document preparation. Location dexxssfor these types of applica-
tions significantly impact performance and energy conswmpt hus, it is often beneficial
to invest some effort to ensure that the correct decisionaden Applications which per-
form remote operations of shorter duration, for examples t&f milliseconds, will not ben-
efit from Spectra since system overhead will negate the padnce and energy benefits
achieved by making correct location decisions.

7.2 Design considerations

Pervasive computing introduces several unique challef@esemote execution. In this
section, | discuss these challenges and how they are addrigsthe design of Spectra.
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7.2.1 Competing goals for functionality placement

In pervasive computing environments, a remote executistesy must reconcile multiple,
possibly contradictory goals. Performance remains ingsdrtbut is no longer the sole
consideration. It is also vital to conserve energy so asaopg battery lifetime. Quality
must also be considered explicitly, since a resource-padril@device may only be able to
provide a low fidelity version of a data object or computatisile a stationary machine
may be able to generate a better version. These goals walh @bnflict—for example,
executing a code component on a remote server might offeicezticlient energy usage at
the cost of increased execution time.

Spectra explicitly considers these competing goals whetwsaud) applications where
to place functionality. For each alternative placemenrédicts application performance,
energy use, and quality. It then balances competing goagsmwsklecting from the alter-
natives using the system support for energy-aware adaptdiscussed in the previous
chapter. | have therefore chosen to tightly integrate Speantd Odyssey. One can view
Spectra as an extension to Odyssey that supports remotetiexeas a second dimension
of energy-aware adaptation.

Together, Spectra and Odyssey advise applications how d&edevihey should exe-
cute functionality. By simultaneously considering botleextion location and application
fidelity, they can make better choices than if they considléveation and fidelity indepen-
dently.

7.2.2 Variation in resource availability

Pervasive computing is characterized by tremendous \@miat resource availability. Net-
work characteristics and remote infrastructure availétdrosting computation vary with
location. File cache state and CPU load on local and remotthimas significantly im-
pact application performance. Application energy constimnpvaries depending upon the
specific platform on which the application executes. Thasiation in any resource can
significantly change the optimal placement of functioyalif remote execution system
must continually monitor resource availability and adapthanges in the environment.

Spectra includes a set oésource monitorghat measure local and remote resource
availability. Each monitor measures a single resource bofseelated resources—for ex-
ample, the network monitor reports available bandwidthlatehcy to remote servers. The
monitors are implemented in a modular framework, which éesbtlevelopers to easily add
measurement capability for new resources.

7.2.3 Self-tuning operation

To predict the time and energy needed to execute a code canpdhe remote execu-
tion system must match resource availability with the resedlemands of the component.
For example, the time needed to transfer data over a netveorlbe roughly predicted by
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dividing the amount of data that the application will tragrdby the available network band-
width. Thus, a remote execution system must have a modejptitagion resource demand
in order to make correct placement decisions.

One possible approach would be to require applications pdiatty specify their re-
source requirements. However, this seems infeasible fgt applications. Many resources
are important in pervasive computing, and an applicationld/bave to specify models for
each. Also, models for some resources are platform specippheation energy usage,
for instance, depends upon hardware characteristics. itteeb of specifying such mod-
els seems too high; few developers would be willing to intlestnecessary effort.

Spectra takes an alternaself-tuning approach. It observes applications execute, mea-
sures their resource usage, and generates models of resmursumption. It then uses the
models to predict future demand.

7.2.4 Maodification to application source code

Systems such as Coign [32] provide remote execution seywddout source code modifi-
cation by exploiting externally visible object interfacd%is approach is attractive because
it supports closed-source applications and requireg lddvelopment effort. However, a
little application-specific knowledge can go a long way.

Spectra asks developers to specify possible methods digairig applications. Often
there will be only a few useful partitions. While developarl often have an intuitive
notion of which partitions are useful, it may prove diffictdt automatically extract such
partitions from source code. First, the best partitions malyoccur along object bound-
aries. Second, since the number of potential partitiongp®eential with the number of
objects, selecting partitions for large applications maycbmputationally intractable. Fi-
nally, it will be impossible to support legacy applicatiomkich do not provide externally
visible object interfaces.

Application-specific knowledge can also be used to improeelels of resource de-
mand. Often resource usage will depend upon a few applicapecific parameters—for
example, the amount of CPU cycles required to translate &esea from Spanish to En-
glish often depends upon the length of the sentence to bsldatad. Spectra provides an
interface that allows applications to specify the operatithey perform and the important
parameters that affect operation complexity. Spectra soctensider the effect of these
parameters, leading to more accurate predictions.

| have tried to situate Spectra in a sweet spot of the desigoespln exchange for a
minimal amount of source code modification, Spectra prav&lgnificantly better advice
about how and where to execute functionality than could lmiged by a system that
requires no application modification.

The benefits provided by Spectra increase with the amountfaft ¢hat developers
invest. For applications without an interactive interfaceh as a compiler or Latex, Spec-
tra provides considerable benefit without source code nuadifin. Spectra can execute
such applications entirely on a remote server or on the tli&pectra learns application
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resource requirements and chooses the best location fouse. With some source code
modification, Spectra provides additional benefits. If atentifies specific code compo-
nents that may benefit from remote execution and insertst@pealls in the application,
Spectra chooses the best partitioning of functionalityeein local and remote machines.
If one then adds the ability to execute these components kiptatfidelities, Spectra also
chooses the best fidelity for each component. Finally, omespecify input parameters
for each operation and application-specific predictioroatgms that improve the accu-
racy of Spectra’s decisions. Thus, developers can choeseght amount of source code
modification for each application.

7.2.5 Granularity of remote execution

A key issue in the design of a remote execution system is duaudgirity of code that can be
executed remotely. Fine-grained remote execution yieldeased flexibility since it cre-
ates more opportunities to locate functionality on remetwers. However, coarse-grained
remote execution may lead to better performance sincedanhattduces the volume of net-
work transmission and amortizes the overhead of decidingrevko locate functionality
over a larger unit of execution.

Since Spectra is designed to make intelligent placemensides that balance com-
peting goals and adjust to changes in resource availghiftylecision overhead is non-
negligible. Therefore, Spectra targets applications peaform relatively coarse-grained
operations—currently one second or more in duration. Examgf such applications in-
clude speech recognition and language translation. Agpbios that perform shorter re-
mote operations, i.e. a few milliseconds in duration, wak bbenefit from Spectra since
system overhead will negate the performance and energyitseaehieved by making cor-
rect location decisions.

7.2.6 Support for remote file access

Many of Spectra’s target applications access a large anajuile data. For remote execu-
tion to yield correct results, file operations performed emote servers must produce the
same results that would be produced if the operation wer®meed on the client. Sys-
tems such as Butler [67] solve this problem by using a digtet file system that presents
a consistent file system image across all machines on whitdtiuinality may be executed.

Unfortunately, file consistency comes at significant cogienvasive computing envi-
ronments. Network connections to file servers often exhiigit latency, low bandwidth, or
intermittent connectivity. When an application modifiessil it will block for long periods
of time waiting for data to be reintegrated to file servers.

This performance consideration led me to adopt the Codaydtes [40]. Coda pro-
vides strong consistency when network conditions are gadéader low bandwidth con-
ditions, Coda buffers file modifications on the client to imye performance. Buffered
modifications are reintegrated to file servers in the baakgdo Until a modification is
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This figure shows the typical architecture for a SpectrantlieThe shaded components
comprise the Spectra remote execution system. The Spdetm is tightly integrated
with the Odyssey platform for mobile computing—the two runaasingle process. The
Spectra server runs as a separate process.

Figure 7.1: Spectra architecture

reintegrated, it is not visible on other machines.

Spectra interacts with Coda to provide the requisite amotiobnsistency for remote
execution. Before it executes functionality remotely, e predicts what files will be ac-
cessed by the application. If any such files have bufferedifiwations on the client, Spec-
tra triggers their reintegration to file servers before exeg the remote operation. Further,
Spectra considers the performance impact of data consistenen deciding where to lo-
cate operations.

7.3 Implementation

7.3.1 Overview

Figure 7.1 shows Spectra’s software architecture—shaggdms are Spectra components.
Spectra leverages the functionality of both Coda and Ogy&gectra consists of a client,
which executes on the same machine as the application, aever,swhich executes on
machines that may perform work on behalf of clients. It is coon for a single machine
to run both the client and server.
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The tight integration between Spectra and Odyssey is reflentFigure 7.1. The Spec-
tra client and Odyssey execute as a single process. Inadd8pectra and Odyssey share
a common kernel module that is used to intercept and rediedlst made by applications.

The remainder of this section provides a detailed desonpai Spectra’s implementa-
tion. Section 7.3.2 describes the extensions to the OdysBéyeeded to support remote
execution. Section 7.3.3 outlines the Spectra architectdn Section 7.3.4, | describe
Spectra’s resource measurement mechanism, and in Secdidn [7show how these mea-
surements are used to predict future application resowreds Section 7.3.6 shows how
Spectra ensures data consistency when operations aretesdeemotely. Section 7.3.7
discusses how Spectra decides where functionality shaikeikbcuted. Along with Sec-
tions 7.3.4 and Section 7.3.5, the work reported in thisigeatas performed jointly with
Dushyanth Narayanan. Finally, Section 7.3.8 describesafipdications that have been
modified to use Spectra.

7.3.2 Application interface

Spectra’s application interface is an extension of the Gely#\PI described in Section 6.2.
A Spectra application identifies code components that magipty benefit from remote ex-
ecution. It registers these components as operationg trenegi st er fidelity_op
call described in Section 6.2.4. Thus, Spectra broadendefiueition of an operation to in-
clude code components that may execute at one of possibly lmeations, as well as code
components that may execute at one of possibly many fidelitie

When a Spectra application registers an operation, it 8pe@ set of possiblexecu-
tion plansthat represent different methods of partitioning functtity between local and
remote machines. For example, the speech recognitioncapipin described in Section 4.5
has three possible execution plans: local, remote, anddylYhen the local execution
plan is chosen, the recognition is done entirely on the tlidfhen the remote plan is cho-
sen, the recognition is done entirely on a remote server. W¥he hybrid plan is chosen,
the computation is split—the first phase is done locally, #redremainder is done on a
remote server.

Prior to executing an operation, the application cakg)i n_fi del i t y_op to deter-
mine how and where the operation should execute. Odysseypadtra collaborate to
choose the best fidelity and location for execution. Odys$®pses the fidelity at which
the operation will be executed, and Spectra chooses whiebugon plan will be used.
When the execution plan involves a remote server, Specoachiooses a particular server
to use. In the speech example, Spectra chooses a remotewhareit uses the hybrid or
remote plan, but does not need to choose a server in the lasal ¢

Spectra applications execute operations by making rentoteegure calls (RPCs) to
local and remote machines. Applications invoke remoteiseswsing thelo_r enot e _op
system call provided by Spectra. While applications cotlgotetically invoke remote
functionality directly, use of this call allows Spectra teepisely measure the amount of
local and remote resources used by the application. Additip, Spectra acts as a central
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# service type nethod | ocation wor ki ng dir
speech p exec / codal/ r el bi n/j anus / codal/ r el speech
| at ex p exec / coda/ rel/ bi n/| at exs

t est t exec /usr/ odyssey/testsrv

Figure 7.2: Sample Spectra server configuration file

repository for information about server and network statifsone application detects that
a server is unavailable, Spectra can immediately infornoter applications executing
operations on that server.

Spectra provides a simildio_| ocal _op system call that lets applications invoke func-
tionality on the local machine. The syntax of this call isritleal todo_r enot e_op—this
simplifies application development by letting local and oé@functionality be invoked the
same way. However, for performance reasons, an applicateychoose to eschew this
call and invoke local functionality with a direct procedwal to avoid crossing protection
boundaries.

An operation often consists of multiple RPCs. For exampleemvan execution plan
is split between local and remote machines, the applicats&as botldo_| ocal _op and
do_r enot e_op calls to perform the operation. Applications signal the eh@peration
execution by callingnd_f i del i t y_op. Since the start and end of execution are marked,
Spectra and Odyssey can precisely measure the resourcasmen by the operation.

7.3.3 Architecture

Spectra clients maintain a database of servers willing & bomputation. The database
indicates whether each server is currently accessible @mmdsssnapshots of recent status
(CPU load, file cache state, etc.). Currently, potentiadeser are statically specified in a
configuration file. 1 have designed Spectra so that it cowdd ake a service discovery pro-
tocol [1, 90] to dynamically locate additional servers, this feature is not yet supported.

Application code components executed on Spectra senersfarred to aservices A
configuration file, such as the one shown in Figure 7.2, sgsdifie services that a server
may execute. The first column on each line specifies a unigoeeriar the service. The
second column specifies whether the service is persistanamgient. Transient services
exist only to service a single RPC; persistent services mey fr multiple RPCs and may
maintain state between RPCs. Thus, a service which regsitestantial initialization is
usually persistent. For example, because the loading dmalization of a speech model is
time-consuming, speech recognition is implemented assgpent service.

The third column specifies the method of executing eachser@urrently, all services
run as separate processes in order to provide protectionsgaalicious or faulty applica-
tion code. When a new service is started, the server forkseaads a child process. The



7.3. IMPLEMENTATION 107

service_init (&argc, &argv);
while (1) {
if (service_getop (&optype, &opid, path,
& ndata, & nlen) < 0) {
return (-1);

}

rc = run_|l atex (indata, inlen, &outdata, &outlen);

service_retop (opid, NULL, outdata, outlen);

Figure 7.3: Sample service implementation

Spectra server uses two Unix pipes to communicate with thecse

The last two columns in Figure 7.2 specify the location of $kevice executable and
the working directory in which it should be executed. Noripatervice executables are
placed in the Coda file system. This simplifies deploymeny:raachine which is a Coda
client will execute the latest version of a service. As tlst lae shows, it is also possible
to execute services located on local file systems. Howelversystem maintainer is then
responsible for ensuring consistency.

The Spectra server is multi-threaded, allowing it to acoepitiple concurrent requests.
Each RPC is handled by a separate thread, which routes thesketp the appropriate
service. When a transient request is received, the sereadidynamically creates a new
service to handle the request. If a RPC requests a persstevite, the server thread
determines if the specified service is currently runningt i not running, the service can
be created on demand.

A persistent service may choose to handle multiple requestsltaneously. When a
server thread receives a RPC for a service, it assigns a emeguatifier to the request and
writes the request to the service’s input pipe. When theisemreplies, it specifies the
identifier of the request to which it is replying.

Spectra provides an application library which simplifies/g® implementation. Fig-
ure 7.3 shows the main loop of a simple service. $leevi ce_i ni t library function
parses the command line arguments and extracts Spectrdispaformation, including
the input and output pipes used to communicate with the &psetver. In the main loop,
the service callser vi ce_get op, which blocks until a request is received. The function
returns the type of operation requested, a unique idenéifisociated with the request, and
application-specific input data. The sample service hag oné request type—services
that handle more than one request type multiplexophype. When processing is com-
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init Initializes the monitor.
term Called on termination.
predi ct _avai l Predicts the amount of resources available
for operation execution.
get _neasur ed_cnt Returns the number of resources measured.
start _op Starts measuring resource usage for an operation.
stop_op Stops measuring resource usage. Returns the amount
of resource consumed.
add_usage Adjusts measurements to account for resources
consumed on a Spectra server.
updat e_predi cti ons Refreshes the cached predictions of a
proxy monitor.

Figure 7.4: Resource monitor functions

plete, the service calkser vi ce_r et op, passing in the request identifier and application-
specific output data.

7.3.4 Resource monitors

Spectra measures supply and demand for many differentneesoun order to make correct
remote location decisions. This functionality is implerteghas a set akesource monitors
code components that measure a single resource or a groefatédd resources. The re-
source monitors are contained within a modular framewogesth by Spectra clients and
servers. In pervasive computing environments, it is diffibo anticipate what resources
might impact application execution—Spectra’s measurgrframework makes it easy to
add new measurement capability. Further, the modular desigws one to implement
several different methods of measuring a particular resmand choose the appropriate
method for each particular execution environment.

Currently, Spectra’s implementation includes six typesiohitors: CPU, network, bat-
tery, file cache state, remote CPU, and remote file cache $ateh monitor provides the
common set of functions shown in Figure 7.4. Prior to exeguan operation, Spectra
generates aesource snapshptvhich provides a consistent view of the local and remote
resources available for execution. Spectra first geneeatiss of servers that could possi-
bly execute some portion of the operation; this list mayudel the local client machine.
For each server in the list, Spectra iterates through th@fsetsource monitors, calling
predi ct _avai | . Each monitor returns predicted resource availability+dgample,
the network monitor returns predicted network bandwidttl Etency for communicating
with the specified server. The predictions in the snapstetised to decide how and where
the operation will execute.

During operation execution, the resource monitors obsapydication resource usage.
Before executing an operation, Spectra caligr t _op, which alerts each monitor to be-
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gin observation. After the operation completes, Spectlia s& op_op, which terminates
measurement and returns the amount of resources consurheddd_usage function
accounts for resource usage on Spectra servers—the maudidsrreported resource con-
sumption to the total resource usage of the operation.

Spectra logs measured resource consumption and createsdsntbdt predict future
resource demand. Thus, the more an operation is execuéohdte accurately its resource
usage is predicted.

The CPU monitor

The CPU monitor predicts availability using a smoothedneate of recent load. The mon-
itor first determines the amount of competition for the lo€&U by measuring the per-
centage of CPU cycles recently used by other processesntdhiculates the percentage
of cycles available for operation execution by assuming blaakground load will remain
unchanged and that the operation will get a fair share of tAel.Gt multiplies this value
by the processor speed to predict the number of CPU cyclesgoeind the operation will
receive. Narayanan et al. [64] describe this predictiootigm in more detalil.

The monitor observes CPU usage by associating an operatibnhe identifier of the
executing process. This distinguishes the CPU usage ofuc@mt operations. Before
and after execution, the monitor observes CPU statisticthioexecuting process and its
children using Linux’d pr oc file system. It returns total cycles used by the operation.

The network monitor

The network monitor predicts network bandwidth and latemsyg an algorithm first de-
veloped for Odyssey [68]. Predictions are based upon pas&iservation of communica-
tion between the Spectra client and remote servers. The RiekKapge logs the sizes and
elapsed times of short exchanges and bulk transfers. Thit shwall RPCs give an approx-
imation of round trip time, while the long, large bulk traass give an approximation of
throughput. The network monitor periodically examines fibeent transmission logs, and
determines the instantaneous bandwidth available to ttieenachine. It then estimates
how much of that bandwidth is likely to be available for commuating with each server,
assuming that the first hop is the bottleneck link in the nekw@/hen the network monitor
is queried, it returns the predicted latency and bandwid#ilable for communicating with
a specified server.

Observing network usage is trivial since all client-serm@mmunication passes through
Spectra. Whenever an application performs a RPC, the nktwonitor records the number
of bytes sent and received. After the operation completesyrtonitor returns total bytes
transmitted, total bytes received, and the number of RP@empeed.
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The battery monitor

The implementation details of the battery monitor haveaayebeen described in Chap-
ter 6. Each method of observing battery status and energyeu&@mart Battery, ACPI,
and modulation) is implemented as a separate monitor. Thitaodesign of the resource
monitor framework makes it easy to select the appropriatesmement methodology when
compiling for different hardware platforms.

When asked to predict resource availability, the batterynihoo returns the amount
of energy remaining in the client’s battery (if the compugecurrently battery-powered).
It also returns the global feedback parametervhich represents the current importance
of energy conservation. During operation execution, theitoo observes energy usage.
After the operation completes, it returns the total amoungreergy consumed. Since it
is difficult to distinguish the energy usage of concurrengrations, Spectra ignores data
gathered from concurrently executed operations when nmgglelemand and predicting
future energy needs.

The file cache state monitor

File cache state is an important resource in pervasive @mvients because data access
consumes significant time and energy when items are unblailacally. The file cache
state monitor estimates these costs by predicting whichahed objects will be accessed
by an operation.

The file cache state monitor interacts with the Coda file sydtepredict cache state.
Coda hides server access latency by caching files on clidfiten the data accessed by an
operation is cached locally, the operation will take lesgetiand consume less energy. To
predict this effect, the monitor asks Coda which files aréscache. The monitor performs
ani oct | onthe Coda pseudo-device, which causes Coda to write d tigti@ntly cached
files to a temporary file. Although it is possible that cactaestvill change slightly during
operation execution, the changes are unlikely to be sigmficThe monitor also obtains an
estimate of the rate at which uncached data will be fetchea file servers.

During operation execution, the monitor observes Coda @itesses by listening to a
special Unix port. Upon operation completion, the monitiurns the names and sizes of
accessed files. This method does not yet support concuperdtions. However, a similar
approach to that used by the CPU monitor could be used if Cede tw associate a process
identifier with each file access. Section 7.3.6 describesth@nist of file accesses is used
to predict which files will be accessed during future operadi

The remote proxy monitors

Resource monitors on Spectra servers measure remote cesstate. They communicate
this information toremote proxy monitorsunning on Spectra clients. Currently, Spectra
servers execute local CPU and file state monitors, which conicate with remote CPU
and file cache state proxy monitors on clients.
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Prior to operation execution, each proxy monitor prediesource availability on servers
that could be used for execution. The proxy monitors cacldatility information to im-
prove performance. If a server has recently reported abidithg the proxy returns the
cached value. Otherwise, the proxy queries the server digadlgn The staleness threshold
is resource-specific—I currently use a one minute timeaubédh CPU and file cache data.

Spectra periodically polls servers to determine if theyaotve. When a server sends
a positive acknowledgment, it also returns its resourcesmat, which includes the avail-
ability of all measured resources. Upon receiving a snapshe Spectra client calls the
updat e_pr edi ct i ons function of each proxy monitor. This process lets Spectiiaig
the resource status of servers that are not in active use.

When Spectra executes a remote RPC, server monitors obsswerce usage and
report the total resource consumption as part of the RP@nrsgp The Spectra client passes
this data to proxy monitors by calling theadd_usage functions. The proxy monitors
accumulate server resource consumption and report tHexthéan the operation completes.

7.3.5 Predicting resource demand

Spectra uses measurements of application resource usggedcate models that predict
future demand. It assumes that the resources consumed lpeeation will be similar to
those consumed by recent operations of similar type.

Spectra provides defautiredictorsthat model resource demand. For numerical data
such as CPU and energy consumption, Spectra’s defaultgpoedjenerates simple linear
models of application behavior. The default file prediceosomewhat more complicated,
and is described in the next section. We believe that Spectegault predictors will prove
sufficient for most applications; in fact, we use them foraitrent Spectra applications.
However, we also recognize that some applications may requore complex predictors
to generate accurate predictions. Spectra therefore gevain interface through which
application-specific predictors can be specified.

When an application callsegi st er fi del i ty, Spectra creates predictors for each
resource type. Each predictor reads the logged resourg®e wsta and generates a pa-
rameterized model of demand that is stored in memory. Whesesjuent operations are
performed, Spectra updates the in-memory model in additidogging resource usage.

Each model predicts resource demand as a function of aiphdadelity and operation
input parameters. Fidelities and input parameters maytheradiscrete or continuous. The
default predictor uses binning to model discrete variabtesaintains a separate prediction
for each possible discrete value. The default predictar adaintains a generic prediction
that is independent of any discrete variable—this preaiicts used whenever a specific
combination of discrete variables has not yet been encoetht@he default predictor uses
linear regression to model continuous variables. It adj@st changes in application be-
havior over time by giving more recent samples a greater teigits predictions.

For some applications, resource usage depends heavilytip@pecific data on which
an operation is performed. For example, the input docuntetite Latex document prepa-
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ration system will significantly affect resource usage: @ p@ge document consumes more
CPU cycles and battery energy than a 2 page document.

Spectra’s default predictor anticipates this relatiopshith data-specific models of re-
source usage. Applications such as Latex associate eachtiopewith the name of a
data object. The default predictor maintains a LRU cachéefmost recent data objects.
When asked to predict future demand, the predictor usesaaspecific model to predict
resource usage Iif it finds such a model in its cache. Othenwisses the more general,
data-independent model. The size of the LRU cache is a paeas@ecified by applica-
tions.

7.3.6 Ensuring data consistency

Since Coda relaxes data consistency under poor networktammito achieve acceptable
performance, Spectra must interact with Coda to ensurege¢habtely-executed operations
read the same data that they would have read if they had besmutexl locally. This is
vital for applications such as compilers and document meaes that read files commonly
modified on clients.

Prior to executing an operation, Spectra predicts whicls Bl likely to be accessed.
Spectra provides a default file predictor that builds upa@rtbmerical predictor described
in the previous section. In essence, the file predictor raaiata numerical prediction of
access likelihood for each file that may be accessed by amtper When updating each
file’s model, the file predictor assigns the value of 1 to a fdeess, and the value of 0 when
a file is not accessed. Each resulting prediction thus repteghe likelihood that a given
file will be accessed.

Spectra uses the file predictor to estimate the cost of Segm@ache misses. It compares
the list of files that may be accessed by an operation to theflisached files. For each
uncached file, it estimates the number of bytes of data that beufetched from file servers
by multiplying the file size by the predicted access likeildo Summing this value over
all files that may be accessed yields a prediction for the tatmber of bytes that must be
fetched to perform an operation. Spectra divides this ptexi by the rate at which Coda
will service cache misses to estimate the total amount o timat will be spent servicing
cache misses.

Spectra uses the file predictor to maintain data consist@&efpre executing an opera-
tion remotely, Spectra ensures that all modifications te fleéh non-zero access likelihood
have been reintegrated to file servers. Spectra also enbiatanodifications made during
the remote execution of an operation are immediately \asiblthe client. The file cache
state monitor provides a list of files accessed during anater. The Spectra server
reintegrates all local modifications to those files and delgg/reply to the RPC until the
reintegration completes.

If a large amount of data must be reintegrated in poor networkditions, then data
consistency significantly increases remote operationugi@ttime. Spectra estimates the
added execution time before deciding where to execute aratipe. It calculates the
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reintegration cost by multiplying the size of the modificais by the predicted bandwidth
available to the file server. If the predicted reintegratosts are too high, Spectra avoids
them by executing the operation locally.

7.3.7 Selecting the best option

When applications calbegi n_fi del i t y_op, Spectra selects a location and fidelity at
which to perform the operation. It first determines whichvees could possibly execute
the operation. Then, Spectra and Odyssey poll the resounoétans to obtain a snapshot
of resource availability on the client and potential remséevers. Finally, the Odyssey
multi-fidelity solver, described in Section 6.2.4, is usedécide how and where to execute
the operation. The server selects the alternative thatmmags an input utility function.
Because it uses search heuristics, it is not guaranteeddot $ke optimal alternative—
however, as the results in Section 7.4 show, it usually sekegery good option.

Spectra provides a default utility function that has so fawpn sufficient for all Spec-
tra applications. As with Spectra predictors, applicatiomay override the default utility
function with an application-specific implementation. Tegault utility function evaluates
execution alternatives by their impact aser metrics User metrics measure performance
or quality perceptible to the end-user—they are thus distiom resources, which are not
directly observable by the user (other than by their effethtetrics). Spectra currently
considers three user metrics: execution time, energy Usageapplication fidelity.

A utility function represents a specific characterizatidrtlee desirability to the user
of each possible alternative for execution. If the utilit;m€tion poorly characterizes user
preferences, then the alternative selected by Spectra widyenthe most desirable (even
when it maximizes the utility function). In my evaluation®pectra, | assume that the util-
ity function represents a good characterization of usefiepeaces. A qualitative evaluation
of the results in Section 7.4 suggests that the defaultytilinction produces a reasonable
approximation of user preferences—the choices made bytiSpmapear to be correct.

As the solver searches the space of possible alternativealls the utility function
with specific input parameters, fidelities, execution pJarsl server choices. To evaluate
each alternative, the default utility function first predi@ context-independent value for
each metric: total execution time, total energy usage, arettor representing application
fidelity. It then weights each value by how important it cuntig is to the user. It returns
the product of the weighted values as the utility of the akére.

The default utility function predicts execution time to I tsum of local and remote
CPU time, network transmission time, time to service caclsses, and time to ensure data
consistency. This simple model reflects Spectra’s curreptementation, which does not
allow computation and network transmission to overlap.

The utility function uses the models of operation resoursage described in Sec-
tions 7.3.5 to predict resource demand. It matches dematitetprediction of resource
availability contained in the resource snapshot. It calad local CPU time by dividing
the predicted cycles needed for execution by the prediateauat of cycles per second
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available on the local machine. Remote CPU time is calcdlsimilarly. Network trans-
mission time is calculated by predicting the number of bytdse transmitted and dividing
by the available bandwidth. Spectra then adds the affeatenty by multiplying the pre-
dicted number of round trips by the round-trip time. Spectkulates the time to service
file cache misses and ensure data consistency as descritteddrevious section.

The importance of execution time is application-specifiberefore, Spectra requires
each application to provide a function that expresses tleatslity of different latency
values. Many Spectra applications use the simple expressi@ whereT is the predicted
execution time. This has the nice property that an operahantakes twice as long to
execute is only half as desirable to the user.

The default utility function predicts energy consumptiaing the history of past ap-
plication energy usage, as described in Section 6.2.3. tgp@eights the importance of
energy conservation by using goal-directed adaptatioe.Wéighted energy component of
utility is calculated ag1/F)*<, whereE is predicted energy usageis the global feedback
parameter, anél is a constant (currently set to 10). The exponential fumciibowsc to act
as a weighting factor—high values otause energy usage to be the dominant component
of the utility calculation. Thus, whemis 0, energy usage does not impact utility at all, and
whenc is 1, energy usage has a very large impact. The valuddiafits the maximum im-
pact of energy usage on the utility calculation. Higher ealofk make energy usage more
dominant when energy conservation is extremely criticat,rhake the utility calculation
very sensitive to slight changes in the value @fhen energy conservation is less critical. |
have set the value dfto 10 to balance these concerns.

Fidelity is a multidimensional metric of application-sjfecquality. Since fidelity is
fixed as an input to the utility function, no prediction is eesary. However, each applica-
tion must provide a function which specifies the desirapoiteach fidelity as a numerical
value. Spectra’s default utility function calls the progeifunction to obtain the application-
specific desirability of the input fidelity.

7.3.8 Applications

Three applications have been modified to use Spectra: thesJpeech recognizer, the
Latex document preparation system, and the Panglossdliteal language translator [24].
| modified the first two applications, while Pangloss-liteswaodified by SoYoung Park.

Speech recognition

The Janus speech recognizer was previously described iio8dc5. It has three possible
execution plans: local, hybrid, and remote. It also supptvb fidelities: full-quality and
reduced-quality recognition. Janus assigns reducedtguatognition the value 0.5, and
full-quality recognition the value 1.0. For execution timlanus specifies that utility is
inversely proportional to the expected latency.

The speech recognizer can use a task-specific vocabulaegcogmize utterances in a
particular context. Since the choice of vocabulary infllesesource usage, Janus specifies
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the vocabulary hame when executing an operation—this alldpectra to generate data-
specific predictions for recently used vocabularies. Stheedata files accessed by Janus
are typically static, there are no data consistency issurehé application.

Document preparation

The Latex document preparation system generates a graphitéle from multiple input
files. Latex only has a single fidelity, since documents mystally be generated at high-
est quality. The application has two possible executiongléocal, in which all processing
is done on the client, and remote, in which all processingpisedon a remote server. As
with Janus, Latex specifies that utility is inversely prdpmoral to the expected latency.

| have modified Latex to use Spectra by creating two minimalecoomponents: a
front-end and a Spectra service. The front-end calls Spéaselect an execution location.
It specifies the name of the top-level input file so Spectrapaaameterize its predictions
by document. The service runs Latex as a child process winygrested.

Data consistency is a significant consideration when exggliatex. The user will
often have locally modified one or more input files. Spectraineasure that any modifica-
tions are reintegrated before processing is done remotely,

Natural language translation

Pangloss-Lite translates text from one language to anothean use up to three transla-
tion engines: EBMT (example-based machine translatido¥sary-based, and dictionary-
based. Each engine returns a set of potential translatmnshfases contained within the
input text. A language modeler combines the output of therasgto generate the final
translation.

Pangloss-Lite fidelity increases with the number of engimsed for translation. Since
the EBMT engine has the largest data set, it is assigned &yide0.5. The glossary-based
and dictionary-based engines produce subjectively woeseslations—they are assigned
fidelity levels of 0.3 and 0.2, respectively. When multiphganes are used, their respective
fidelities are added since the language modeler can combeéie dutputs to produce a
better translation. For example, when the EBMT and glosbased engines are used, a
fidelity of 0.8 is assigned.

For Pangloss-Lite, any execution that takes longer tharcérsks is undesirable—i.e.,
the execution component of the utility function assigns uatue of 0. Conversely, all
translations that take less than half a second are equaligt;gbey are assigned a utility
value of 1. Translations that take timEg, between one half and five seconds are assigned
utility (7 — 0.5)/(5 — 0.5).

All three translation engines and the language modeler neagxXecuted remotely.
While execution of each translation engine is optional |#mguage modeler must always
be executed. Thus, there are 54 separate execution plansMinich Spectra may choose.
Pangloss-Lite seldom modifies its data files, so data camsigtis of little concern.



116 CHAPTER 7. REMOTE EXECUTION

mm | ocal / Reduced
= Local / Full

= Hybrid / Reduced
=1 Hybrid / Full =
—= Remote / Reduced
= Remote / Full

== Spectra

100

50+

Execution Time (seconds)

Baseline Energy Network CPU File cache

This figure shows speech recognition execution time for the iiesource scenarios de-
scribed in Section 7.4.1. Each data set represents a diffsoenario. The first six bars
show the execution time for each possible combination of@tken plan and fidelity. In
each data set, the alternative selected by Spectra is maikiec “S”. The final bar in
each data set shows execution time when Spectra is usedetti e best alternative.
Each bar represents the mean of five trials—the error bars 8666 confidence intervals.

Figure 7.5: Speech recognition execution time

7.4 Validation

My validation of Spectra measured how well Spectra adapth#amges in resource avail-
ability. | executed Janus, Latex, and Pangloss-Lite undarigty of scenarios in which |

varied resource availability. For each scenario, | meabamplication latency and energy
usage for each possible combination of fidelity, executilampand server choice. | also
asked Spectra to choose one of the possible alternativepdication execution. If Spec-
tra chose the best possible alternative, | considered ttmome successful; otherwise, |
considered it a failure. The results of this validation arewen in the next three sections.
Section 7.4.4 provides a more detailed evaluation of theh@aal of Spectra execution.

7.4.1 Speech recognition

For the speech recognition validation, I limited possibteaition to two machines. The
client machine, an Itsy v2.2 pocket computer, represemsyipe of small, highly-mobile
devices used for pervasive computing. Spectra used thet&atery energy monitor to
measure Itsy energy usage. An IBM T20 laptop with a 700 MHziBemlll processor and
256 MB DRAM served as a possible remote server. Since thddtds a PCMCIA slot
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This figure shows speech recognition energy usage for thegyemesource scenario de-
scribed in Section 7.4.1. The first six bars show energy usageach possible combi-
nation of execution plan and fidelity. Spectra selected tam&e / Full alternative, so
it is marked with a “S”. The final bar shows energy usage whezc8a is used to select
the best alternative. Each bar represents the mean of fals-trthe error bars show 90%
confidence intervals.

Figure 7.6: Speech recognition energy usage

(such as is available on the Compaq iPAQ handheld), the twchmes were connected
with a serial link.

| first recognized 15 utterances so that Spectra could ldarapplication’s resource
requirements. | then measured how well Spectra performeshwicognizing a new utter-
ance in five different resource scenarios.

Figure 7.5 shows measured execution time for each scenBhne first data set shows
results for the baseline scenario, in which both computave mo significant CPU activity
and are connected to wall power. The first six bars show ei@ttiine for each alternative
available to Spectra. The local execution plan is cleargrior to the hybrid and remote
plans, taking 3—9 times as long to execute. The large digparcaused by the speech rec-
ognizer’s substantial use of floating-point instructiowbjch are emulated in software on
the Itsy’s StrongArm processor. However, using the hybxeoation plan and performing
some computation locally takes less time than using the temeecution plan.

The “S” label in each scenario in Figure 7.5 indicates whitbraative was chosen by
Spectra. In the baseline scenario, Spectra correctly @sobe hybrid execution plan and
full vocabulary. This combination takes less time to exedttn all but one alternative.
The quicker alternative executes only slightly faster,liag a fidelity only half as desirable
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This figure shows Latex execution time when preparing a emocument in each of
the four resource scenarios described in Section 7.4.2h Hata set represents a differ-
ent scenario. The first three bars show the execution timedch possible execution
location—the location selected by Spectra is marked witG"aThe final bar in each data
set shows execution time when Spectra is used to select gteabernative. Each bar
represents the mean of five trials—the error bars show 90%d=mce intervals.

Figure 7.7: Latex execution time for the small document

to the user. The last bar in each data set shows the execirtiewthen Spectra chooses
the best alternative—the difference in height betweenhhisand the one indicated with
an “S” shows Spectra’s decision overhead. In all scenahesterhead is minimal—the
difference in height is within the 90% confidence intervals.

Each remaining scenario differs from the baseline by vayyine availability of a single
resource. In the energy scenario, the client is batterygped/ with an ambitious battery
lifetime goal of 10 hours. The second data set in Figure 7dwvsHatency results for this
scenario, and Figure 7.6 shows measured energy usage. esiag/ conservation is crit-
ical, Spectra chooses the remote execution plan and thedcdlbulary. Although hybrid
execution takes less time, it consumes more energy becguseien of the computation
is done on the client. As in the baseline scenario, Spectr@aity chooses to avoid the
reduced vocabulary—the small energy and latency benefiteotloutweigh the decrease
in fidelity.

The network scenario halves the bandwidth between thetcimoh server. This makes
remote execution especially undesirable, and Spectraatyrchooses to use the hybrid
execution plan and full vocabulary. The CPU scenario loadsctient processor by exe-
cuting a CPU-intensive background job. The cost of local potation increases, making
the remote execution plan more attractive. Spectra chabsegemote plan because the
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This figure shows Latex execution time when preparing a l&feplocument in each of
the four resource scenarios described in Section 7.4.2h Hata set represents a differ-
ent scenario. The first three bars show the execution timedch possible execution
location—the location selected by Spectra is marked witB"aThe final bar in each data
set shows execution time when Spectra is used to select Hiaalbernative. Each bar
represents the mean of five trials—the error bars show 90%dmorte intervals.

Figure 7.8: Latex execution time for the large document

performance cost of doing the first recognition phase lgaadw outweighs the benefit of
reduced network usage.

In the file cache scenario, the Spectra server is made uablaiby simulating a net-
work partition. However, the Coda file servers remain adbéssPrior to execution, the
277 KB language model for the full vocabulary is flushed fréwm tlient’s cache. This does
not affect reduced-quality speech recognition. HoweWer,execution time of full-quality
recognition increases significantly because the languaggehmust be refetched from a
Coda file server. Spectra anticipates the cache miss, arabeldo use reduced-quality
recognition. Since full-quality recognition would be appimately 3 times slower than
reduced-quality recognition, the decrease in fidelity isegtable.

7.4.2 Document preparation

| next evaluated how well Spectra supports the Latex doctipreparation system. Latex’s
resource requirements differ markedly from those of Jahasex performs less computa-
tion per operation, but reads and writes a larger number es.fiSince some of the input
files are likely to have been modified on the client, data &iascy is important.

| executed the Latex front-end and the Spectra client on &hTBinkPad 560X laptop.
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This figure shows Latex energy usage when preparing a 14-g@genent in the energy

resource scenario described in Section 7.4.2. The firsé thegs show energy usage for
each possible execution location. Spectra selected ReéBnstethat alternative is marked

with a “S”. The final bar shows energy usage when Spectra id tseelect the best

location. Each bar represents the mean of five trials—thar bars show 90% confidence
intervals.

Figure 7.9: Latex energy usage for the small document

| ran Spectra servers on the laptop and on two remote serserger A had a 400 MHz

Pentium Il processor, server B had a more powerful 933 MHzierenlll processor. Thus,

there are three possible alternatives: local executiorhenaptop, remote execution on
server A, and remote execution on server B. The laptop convated with the servers
using a 2 Mb/s 2.6 GHz wireless WaveLAN network.

| used two documents for evaluation: the smaller documestMigages in length, and
the larger was 123 pages. | first executed Latex 10 times dna@sument to allow Spectra
to learn application resource requirements. | then medshiogy well Spectra performed
when preparing the documents in four different resourceaces.

Figure 7.7 shows the measured execution time for preparafithe smaller document.
The first data set shows the baseline scenario, in which albcters have no significant
CPU activity and are connected to wall power. All files neefteddocument preparation
are cached on every machine. Since little data is transiitter the network, CPU speed
is the primary consideration in this scenario. Remote etx@ciproves faster than local
execution, with server B preparing the document more quithén server A due to its
faster processor. As shown by the “S” above the third barc®aehooses to use server
B. The fourth bar in the data set shows that the time used bgt&p® choose the correct
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This figure shows Latex energy usage when preparing a 128-gagument in the energy

resource scenario described in Section 7.4.2. The firsé thags show energy usage for
each possible execution location. Spectra selected ReéBnstethat alternative is marked
with a “S”. The final bar shows energy usage when Spectra id tseelect the best

location. Each bar represents the mean of five trials—tha bars show 90% confidence
intervals.

Figure 7.10: Latex energy usage for the large document

execution plan is minimal. Figure 7.8 shows similar restdtghe larger document.

In the file cache scenario, server B does not have any documeut files cached
locally. The execution of Latex is delayed while it fetchdsgifrom the server. Figures 7.7
and 7.8 show that file cache misses greatly increases thentered to execute Latex on
server B. Spectra correctly anticipates this and switcheswion to server A for both
documents.

In the reintegrate scenario, a 70 KB input file for the smallecument is modified on
the client. Before preparing the smaller document on a rersetver, Spectra must ensure
that the modified input file is reintegrated to the file serveks Figure 7.7 shows, rein-
tegration over the wireless network significantly incresasgecution time for both remote
execution options. Since the modification already existshenclient, the speed of local
execution is unaffected. Spectra therefore chooses toheslctal execution plan for the
smaller document.

The modified source file is not an input for the larger documéstFigure 7.8 shows,
Spectra predicts that the modified file will not be needed aekdhot force reintegration.
Spectra therefore chooses the fastest plan: executionreerd®. In this scenario, data-
specific prediction allows Spectra to choose the fastestudian plan for each document.
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This figure shows the accuracy of Spectra’s choices for hod \w&here to execute
Pangloss-Lite operations. It shows results for five différgentences translated in three
resource scenarios. In each case, the 100 possible alkesavailable to Spectra are
ranked by their utility—the height of each bar gives the petie into which Spectra’s
choice falls. Thus, a height of 99 indicates that Spectdacsae is in the 99th percentile.
Each bar represents the mean of five trials. The error bars 8686 confidence intervals.

Figure 7.11: Accuracy of Spectra choices for Pangloss-Lite

The energy scenario is identical to the reintegrate scenaricept that the client is
disconnected from wall power and a very aggressive goal dtteby lifetime is specified.
For the smaller document, Spectra chooses server B, eveghitbis takes more time to
execute. Figure 7.9 shows the reason for this choice: remaeution on server B uses
slightly less energy than the other options. Because engmgfyparamount concern due to
the aggressive battery goal, Spectra opts for energy saangr a smaller execution time.
The choice for the larger document is much clearer, sincelgian on server B saves both
time and energy.

7.4.3 Natural language translation

| evaluated Pangloss-Lite using the same experimentgb setdior Latex—this evaluation
was performed with the help of SoYoung Park. | translatedtao&29 sentences from
Spanish to English to allow Spectra to learn applicatiorouese requirements. | then
asked Spectra to choose the best option for translatingdiditianal sentences of different
length from Spanish to English.

Pangloss-Lite has more alternatives for execution thameejprevious application—
Spectra may choose from 100 different combinations of looaand fidelity. Due to the
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This figure shows the utility of using Spectra to choose how amere to execute
Pangloss-Lite operations. It shows results for five différeentences translated in three
resource scenarios. Each bar shows the ratio of the utilitgnmSpectra chooses an alter-
native to the utility achieved when an oracle with no ovetheekes the optimal choice.
Thus, the ideal height of 1.0 indicates that Spectra has riedieest possible choice and
incurred no overhead. Each bar represents the mean of fale-trthe error bars show
90% confidence intervals.

Figure 7.12: Relative utility of Spectra choices for Pasglb.ite

large number of alternatives, the results are presenteddifferent format. | rank the
alternatives by the utility they achieved. Each bar in Fegarl1l shows the percentile into
which Spectra’s chosen alternative falls. A value of 99 @aties that Spectra has made an
optimal choice, while a value of 0 indicates that Spectranhade the worst possible choice.
Each bar in Figure 7.12 compares the utility achieved whezca is used to choose an
alternative to the optimal utility that would be achievediif oracle with no overhead chose
the best possible alternative. Even when Spectra choosegptimal alternative, it usually
will not achieve a ratio of 1.0 because its overhead incieaserall translation time.

In the baseline scenario, all computers have no signific&td Gctivity, are connected
to wall power, and have all data files cached. For the thredlsst&entences, Spectra
executes all three translation engines. For the two largetesices, Spectra does not ex-
ecute the glossary-based engine. Its choice of which eagmexecute is optimal for all
sentences. This scenario shows the importance of modghe@ton input parameters—
Spectra correctly predicts that execution time will in@eavith sentence size and switches
to a lower fidelity to achieve acceptable performance faydasentences.

Spectra runs the dictionary-based engine locally for the $mnallest sentences and ex-
ecutes all other components on server B. Remote execuigasysignificant performance
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improvements for the glossary-based and EBMT engines sedhey have large CPU re-
guirements. The location of the dictionary-based engimkthe language modeler does not
affect performance much because their processing regammesrare small. Thus, although
Spectra’s location choice for these two components is notmap for all sentences, the
performance penalty is small (less than 0.07 seconds).

The baseline scenario illustrates an important propertgpgctra. When alternatives
have significant difference in utility, Spectra almost afwanakes the correct decision. If
it does choose an alternative that is not best, the utiliiysathoice is usually very close to
optimal. For the five sentences in the baseline scenariaitility of Spectra’s choices are
all within 2% of optimal. Even adding in the overhead of pigiithe correct alternative, as
shown in Figure 7.12, the utility of Spectra’s choices atevithin 7% of optimal.

In the file cache scenario, a 12 MB file needed by the EBMT engaxenot in server
B’s cache. This made execution of the EBMT engine prohibiyislow on server B. Spec-
tra therefore chose to use server A for remote executionignsitenario. Spectra executed
all engines for the smallest sentence, but did not execetgltssary-based engine for the
others. Because server A is slower than server B, the apiplicenore quickly reaches the
crossover point where the the fidelity benefit of executirgglossary-based engine is less
than the performance cost.

As with the baseline scenario, Spectra’s choices of whidinas to execute are op-
timal. While it chooses the correct location to execute tlesgary-based and EBMT
engines, it sometimes incorrectly places the dictionageda engine and language mod-
eler. However, the performance impact of these incorrezation decisions is less than
0.1 seconds for all sentences. With decision overhead tifitees achieved by Spectra are
within 7% of optimal.

In the CPU scenario, | varied the file cache scenario by exegitivo CPU-intensive
processes on server A. This proved to be an interesting sogsace the optimal choice
of server and engines to execute was different for each iseatd-or the 11 and 35 word
sentences, Spectra’s only mistake was in locating the Eggmodeler, and it achieved
utility within 5% of optimal. For the 23 word sentence, Spaaghade an optimal choice in
four of five trials, but chose the incorrect server in oneltiligading to the high variance
shown in Figure 7.12. For the 47 word sentence, Spectrastemsly chose to use server A
when server B was optimal, and consequently achievedyutifity 55% of optimal—this
was the worst decision made by Spectra in any of our expetsné€nor the largest sentence,
Spectra incorrectly chose to execute the glossary-basgdliationary-based engines in
four trials when the combination of EBMT and dictionary-bd®ngines was best.

In general, Spectra did an excellent job of choosing the #éstnative for Pangloss-
Lite execution. On average, it achieved 91% of the optimiéityut

7.4.4 Overhead

| measured Spectra’s overhead by performing a null oparatine which returns immedi-
ately after being invoked. Figure 7.13 shows the amounioé theeded to execute the null
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| Activity | No Servers| 1 Server| 5 Servers|
registerfidelity_op 1.2 ms. 1.5ms.| 1.2ms.
beginfidelity_op 8.3ms. | 13.1ms.| 65.5ms.
file cache predictioh 5.2 ms. 8.5ms.| 8.5ms.

=]

other resource prediction 0.8 ms. 1.6ms.| 7.2ms.
choosing an alternative| 0.4ms. | 1.0ms. | 43.4 ms.

other activity 19ms. | 20ms.| 6.4ms.
do_local.op 59ms. | 47ms.| 5.1ms.
operation execution 49ms. | 40ms.| 4.0ms.
other activity 1.0 ms. 0.7ms.| 1.1 ms.
endfidelity_op 21ms. | 21ms.| 2.2ms.

| total | 18.4ms. | 21.4ms.| 74.0ms.|

This figure shows the amount of time Spectra takes to perfanoilaperation. The three
columns show the amount of time spent on each activity whdn @&nd 5 remote servers
are available for execution. The times shown represent tennof ten trials. This figure
shows results for a relatively small local file cache (leenth0O0 files); for a full cache,
measured time for file cache prediction is 359.6 ms.

Figure 7.13: Spectra overhead

operation when Spectra has 0, 1, and 5 remote servers on Wit choose to locate the
operation.

With no remote servers are available, the null operatioesak8 ms. to execute. The
majority of this time is spent in thbegi n_fidel ity op anddo_l ocal _op system
calls. File cache prediction takes 5.2 ms. with a relativtypty cache; however, it can
take as long as 359.6 ms. when the file cache is full. The exeesgerhead of file cache
prediction is due to the inefficient file system interface-emtime a prediction is needed,
Coda writes the entire cache state to a temporary file. If 8peeplaced this interface with
one that sends incremental updates through a Unix socketevbefiles are evicted from or
added to the cache, then the overhead of file prediction weilthuch less. The execution
of the local operation takes 4.9 ms., mostly due to the cositef-process communication.

Spectra’s overhead increases with the number of potergirakess. As Figure 7.13
shows, the primary reason for the additional overhead igithe taken to choose the best
alternative. With each additional server, Spectra has rpossible alternatives from which
to choose. However, total Spectra overhead is only 74 mé fwié servers, which is very
reasonable for the targeted set of applications—thoseptivédrm operations of a second
or more in duration.
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7.5 Summary

Remote execution is an important dimension of energy-awdsptation. Applications
can execute part of their functionality on remote servergetiuce their consumption of
battery energy on a client machine. However, the goal of ceduenergy consumption
will often conflict with competing goals such as reducingaxen time and maintaining
high application fidelity.

Spectra provides the necessary system support to helpcapplis arbitrate between
these competing goals. Spectra is designed for pervaswieoaments: it predicts the
availability of battery energy, file cache state, networkdaidth, and CPU cycles. It also
observes application resource usage to predict futuresneblding these predictions, it
evaluates possible locations and fidelities for executma, advises applications how and
where they can best execute operations.

Evaluation of Spectra using a speech recognizer, a docupnepdration system, and a
natural language translator shows that Spectra often elsabe best location and fidelity
for execution despite wide variation in resource avaiigbiWhen Spectra does not make
the best decision, its choice is usually very close to ogtirRarther, the overhead of the
system is reasonable for applications which perform rerap&ations of a second or more
in duration.



Chapter 8

Related work

This dissertation is one of the first comprehensive effataddress higher-level energy
management. To the best of my knowledge, it includes semekadl contributions:

e It has described the design and implementation of PowekSdbp first tool to use
profiling to map energy consumption to program structure.

¢ It has shown that applications can modify their behavior ¢oserve significant
amounts of energy when battery levels are critical. The keyhad of conservation
is reduction of application fidelity.

e It has demonstrated that the operating system can efféctimanage energy as a
resource and meet user-specified goals for battery lifetime

e It has shown how system support for remote execution canlersgiplications to
dynamically balance the competing goals of energy consenjgperformance, and
high fidelity.

While there is no single research effort which spans all thigets discussed in this
dissertation, there is a large amount of work that intessent or more areas. In this chap-
ter, | discuss work related to each part of the dissertafldre next section describes other
approaches to energy measurement. Section 8.2 descrigesirevork in energy manage-
ment, dividing this topic into efforts aimed at the higherdks of the system and efforts
aimed at hardware devices. Section 8.3 summarizes the mlestnt work in adaptive
resource management, and Section 8.4 describes workdétagpectra.

8.1 Energy measurement

While PowerScope is the first energy profiler, its developtmers aided by previous work
in CPU profiling. In particular, the implementation of thes&ym Monitor is closely related
to similar sampling-based profilers designed to run comtirsly, such as Morph [100] and
DCPI [3].

127



128 CHAPTER 8. RELATED WORK

Other than the profiling technique used by PowerScope, rerevo main approaches
to measuring application energy usage. The first approactthw shall refer to agnergy
accounting measures the energy consumption of specific system a&esivithen, when
applications execute, the energy accounting tool coumtsitimber of times each activity
occurs. By multiplying the number of occurrences by the gnesage per activity, the tool
estimates total application energy usage.

PowerMeasure and StateProfiler, developed by Lorch andhgB8t 54], provide en-
ergy measurements for Apple Macintosh PowerBook Duo lapt&owerMeasure bench-
marks the power expended by hardware components such askhend CPU while they
operate in various power states. For example, it measuegsaiver expended by the hard
disk when it is spinning and when it is idle. During applicatiexecution, StateProfiler
records transitions between power states and uses therharicdata to estimate total en-
ergy consumption. The tools report average power usage @atlenergy expended by
each hardware component.

The Millywatt tool, developed by Cignetti et al. [11], estates energy usage for ap-
plications executing on PalmOS handheld computers. Thiembodels power usage for
each hardware device state, as well as the cost of transijdretween states. When ap-
plications are executed in a modified simulator, the togddraystem calls to infer when
transitions occur between device power states. From tifidgnmation, the tool estimates
the energy usage of the simulated application.

Neugebauer and McAuley propose to incorporate energy aticmuinto the Neme-
sis operating system [66]. They observe that Nemesis alrpaalides accurate resource
accounting of traditional resources such as CPU, netwasglaly, and disk. Bellosa [5]
performs energy accounting using CPU performance counkéesproposes counting the
number of total instructions executed, number of floatiogapinstructions, and number of
cache misses to estimate the amount of energy consumed ByPth@nd memory subsys-
tem.

Energy accounting has several drawbacks. First, correctuating relies on the com-
pleteness of the energy model. The model developer mushbear& every hardware de-
vice that may be a significant source of power consumptior mbdel must also include
all possible power states and transition costs for eachcdeviihis means that developing
an accurate model is non-trivial. Further, a new model mestiéveloped for each hard-
ware platform on which energy measurements are needed. edoa@d drawback is that
accounting does not capture variance in power expendititténaa single state. For ex-
ample, CPU power usage varies with the instruction mix [8 wireless network power
usage varies with the amount of channel congestion [77Rgllyint is difficult to imagine
expending this approach to capture the effects of power gemant performed entirely in
hardware, such as the 802.11 standard for wireless networks significant advantage of
energy accounting is that it can separate out the energyogptson of asynchronous ac-
tivities such as disk spin-up which PowerScope assignsetauirently executing process.
A hybrid approach combining profiling and accounting may¢iiere be advantageous.

The second main approach to energy measuremegmbwser analysiswhich uses a
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model of the energy cost of individual instructions to cortghe total energy consumed by
the execution of a program. This approach is further sulddiVinto instruction-level and
architecture-level power analysis. Instruction-leveMgoanalysis is exemplified by Tiwari
et al. [86, 87, 49], who construct per-instruction energydele for several processors by
measuring the steady-state energy consumption of eachigtish as it executes within a
tight loop. They augment their model by measuring the adidgi energy consumed by
inter-instruction switching costs when two different ngttions execute sequentially, and
by measuring the effect of various stalls and cache missdassket al. [42] develop a
model that closely approximates inter-instruction enegfjgcts, but requires much fewer
measurements to construct.

Architecture-level power analysis uses a detailed hardwaodel to estimate power
and energy consumed by program execution. Two examplessodpiproach are Simple-
Power [91] and Wattch [6], both of which extend the populan@eScalar framework to
provide power estimates. A similar approach is used by Simemnal. [82] to develop a
cycle-accurate simulator specialized for Hewlett Packa®thartBadge platform.

Instruction-level and architecture-level power analysitargeted at exploring alterna-
tive hardware architectures and compiler optimizationsliké PowerScope, power anal-
ysis does not require a physical hardware implementatitwimg hardware designers to
explore many possible architectures. However, becaudeeadetailed nature of the mod-
els, power analysis is most successful when applied to kigimtels of code such as those
found in popular benchmark suites. It is not clear how powelysis can scale to ana-
lyze the behavior of large, dynamic programs such as Web $emsv Power analysis also
does not model the energy effects of hardware componenitsasuthe network, disk, and
display—such components constitute a large portion of dt@ £nergy consumption of
mobile computers.

Several researchers have used more ad-hoc approacheddorpaseful characteri-
zations of the energy and power usage of mobile computersrew§o6] examines the
relationship between average power consumption and agtive-idle) power consump-
tion, developing a methodology for predicting the activevpoconsumption for applica-
tions which are composed of idle and non-idle phases. MardrZatel [60] measure the
steady state component power consumption for severaldaptalels, as well as the effect
of several simple power-saving strategies. Ellis [18] nueas the power consumption of a
PalmPilot Professional while it operates in several ddfgrstates, and Ikeda [34] reports
on how the power usage of components of the IBM ThinkPad faip&s changed over time.

8.2 Energy management

Most previous work in energy management has concentratettietower-levels of the

system. To date, very few efforts have focused on the operatystem and applications.
Next, | describe those efforts that focus on the highertlef’ithe system. Then, | discuss
previous research in hardware energy management, aduyegsik in processor, network,
and disk power management. | conclude by detailing compisie energy management
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approaches which span multiple layers.

8.2.1 Higher-level energy management

Ellis’ Milly Watt project [18, 89] is exploring the developemt of a power-based API that
allows a partnership between applications and the operaistem in setting energy use
policy. They have demonstrated that a power-aware pageadidm policy coupled with
dynamic hardware policies can dramatically improve meneogrgy-efficiency [47]. This
work opens a further dimension for energy-aware applicatieby reducing their memory
footprint, applications can allow the operating systenmdasition unneeded memory banks
to low-power states.

Chase’s Muse architecture [8] reduces the energy needsadtany center by manag-
ing server resources. Muse employs an economic model inhnhistomers bid for ser-
vice. When the marginal benefit of increased revenue frortoousrs exceeds the dynamic
cost of energy usage, Muse powers up additional serversleWhise’s goal, maximizing
service center profit, is very different from Odyssey’s goimeeting desired battery life-
times, both systems share the general approach of tradilugtien of service for energy
conservation.

Several projects have explored the use of compiler optitaiza for reducing applica-
tion energy usage. Tiwari et al. [87, 86] examine the enerefit of instruction-level op-
timizations such as instruction reordering and energyedircode generation. They achieve
limited gains, mostly by exploiting processor-specificté#as. Simunic et al. [82] exam-
ine energy-efficient optimizations for a MPEG applicatise@uting on a StrongArm 1100
processor. They note that compiler optimizations produdg a 1% energy benefit for the
application, while hand-crafted source code optimizatiproduce a 35% energy benefit.
However, since their hand-coded optimizations also predu82% reduction in execution
time, it is not clear how much of the energy reduction is siymhle to the faster execution
achieved by improved software implementation. If compdptimizations prove success-
ful in reducing application energy usage, it is likely thiaey will be complementary to
energy-aware adaptation.

8.2.2 Processor energy management

Most processor energy management techniques exploit #rgyebenefits of reducing the
CPU clock frequency. Burd and Broderson [7] use an analytdehto show that reducing
CPU clock frequency, by itself, does not reduce processerggnusage. However, when
combined with dynamic voltage scaling, reducing the claekjfiency can noticeably re-
duce processor energy usage. This approach is used in mahgrmmobile processors,
including the Transmeta Crusoe chip [63].

Given a processor which can operate at multiple clock fragigs and voltages, the
operating system must balance performance and energyreatiea concerns to select the
best processor speed for operation. Scheduling for varigpéed processors is therefore
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another dimension of energy-aware adaptation.

There have been a great number of scheduling algorithmspeapfor variable-speed
processors. They can be most easily classified along theohaisplication transparency.
At one end are scheduling algorithms which require no appba modification. These
transparent algorithms infer application performancedsd®/ observing their behavior. At
the other end of the axis are algorithms which require appbas to specify their perfor-
mance requirements.

The first transparent scheduling algorithm was proposedyby/iser et al. [97]. They
observe that for any given amount of computation to be coregleithin a specified time
period, the minimum energy is expended when the clock frequeés set so that the com-
putation takes the entire time period. Their algorithm udeservations of recent CPU load
to predict future CPU needs. It adjusts the clock frequea@litninate projected idle time.
The clock frequency is recomputed at fixed time intervalgjting the maximum delay
penalty that can be incurred by running at a reduced frequeBath Govil et al. [27] and
Pering et al. [71] propose several alternatives to thisralym and simulate their perfor-
mance. They find that complex prediction schemes are ofteffiective, but that simple
prediction schemes can outperform Weiser’s algorithm.tM462] extends Weiser’s algo-
rithm to account for the effects of non-ideal batteries amshmary hierarchies.

Grunwald et al. [29] measure the effectiveness of seveaalsfvarent algorithms on
an Itsy v1.5 modified to support voltage scaling. They find gradictions based upon
CPU load observations are insufficient to provide energyngmvwhile still meeting the
performance goals for real-time multimedia and interactpplications.

Another class of algorithms attempts to infer applicatioogessing requirements with
more detailed monitoring techniques. Flautner et al. [26hitor inter-process communi-
cation to classify tasks into interactive, periodic, proeily and consumer categories. For
each process, they also monitor processing requiremeptsdict future CPU needs. They
adjust processor frequency so that each application’sigieeticomputations will finish
within the inferred deadlines, capping the maximum amodtiqesformance degradation
possible. The PACE system [55], proposed by Lorch and Smithnitors CPU activity
and 1/O events to associate processing with specific usenféice events. They calculate a
statistical model of the processing requirements for eaelmte and adjust CPU clock fre-
guency to minimize energy usage while ensuring with highbphulity that processing for
interactive events completes within a 50 ms. deadline. tR&aunotes a serious drawback
of this class of algorithms: when an application performswndifferent activities, each
of which has different processing requirements, it is vefffadilt to discriminate between
activities and maintain separate predictors for each iagtivor such applications, generic
predictions may simply prove too inaccurate.

A final class of algorithms requires applications to spetifgir processing require-
ments to the operating system. Pering [72] uses a real-fopeach, in which applications
specify either a minimum rate at which they wish to executea deadline by which a
particular unit of work needs to complete. The scheduleznapits to minimize energy
consumption by running at the lowest possible clock fregyeand voltage that meets ap-
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plication constraints. Pillai and Shin [73] propose selsimilar algorithms which target
periodic applications executing on an embedded proceSson et al [81] describe an al-
ternative approach, in which the compiler automaticallied®aines application processing
requirements and inserts explicit voltage scaling systaits mto the application.

Odyssey’s design falls somewhere between the last twoedagsalgorithms. Like the
techniques proposed by Flautner and Lorch, Odyssey marafgglication activity in order
to determine future processing needs. However, Odysseyresgthat applications regis-
ter operations and signal their execution. This allows @dydo overcome the difficulty
noted by Flautner—Odyssey can determine which one of masgiple activities is oc-
curring and can accurately predict its processing requergs At the same time, Odyssey
requires significantly less modification to application meucode than the real-time class
of algorithms. In particular, Odyssey does not require ppibns to specify their future
processing requirements. Finally, Odyssey is unique imignog the ability to account for
shifting priorities between energy use and performance.il&\8ome voltage scheduling
algorithms provide tunable parameters that could be uséalemce these concerns, they
provide no guidance as to how these parameters should be set.

8.2.3 Storage power management

Most efforts to reduce storage energy consumption haveerdrated on saving power by
spinning down disk drives when they are not in use. Wilkeg {@8t presented the idea of
adaptive disk power management, which uses a history otiigsactivity to predict when
the disk can be productively put in a low-power mode. He algmokthesized that a similar
algorithm might be useful for determining when disks shobddrestored to full-power
mode.

Greenawalt [28] uses a stochastic model to investigatsltlotd policies for spinning
down the disk. The model assumes that disk requests followissén arrival pattern,
which may not be particularly realistic. Douglis, Krishnamd Marsh [17] compare fixed-
threshold and predictive spin-down strategies with annogkipolicy. They simulate these
strategies for two traces of disk activity, and conclude thad-threshold strategies with
short timeouts are best, and that the performance of preglistrategies is hindered by
the randomizing effect of the buffer cache. Li et al. [51, S8]dy several disk power
management parameters. Their results show that spinning the disk after two seconds
of inactivity saves more energy than any other fixed-timesitategy, while producing a
small number of spin-up delays.

Douglis, Krishnan, and Bershad [16] explore adaptive stjiats for spinning down the
disk. They define a new metriqumps to be the number of disk spin-ups that occur
when the disk has been spun down for less than a parameteniakigle of the spin-up
delay. They present simulation results that show that edaptive strategies can achieve a
better balance between bumps and energy consumption theedasfrin-down threshold.
However, it is not clear that the bumps metric adequatelgceslthe adverse effect of spin-
ups on the user. Golding et al. [26] present a taxonomy ofrdlgus for predicting idle
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time, and apply these algorithms to the task of deciding wieepower down the disk.
They describe an implicit power-performance tradeoff veéhedgorithms that are successful
in reducing energy consumption create more spin-up detagsalgorithms that create few
spin-up delays consume more energy. Lu et al. [57, 58, 56]sitaulate several adaptive
disk power management algorithms and evaluate their dparahder Windows NT.

Like the CPU policies described above, none of these diskridifigns account for dif-
fering priorities between energy use and performance. tlitiath, the evaluations of these
algorithms all assume that patterns of disk activities aredfi They do not analyze the
possible beneficial effect of changing application or opegesystem behavior.

Other work in storage power management has focused on neglaard-disk drives in
mobile computers with other, low-power media. Douglis et[&ab] study the possibility
of using flash memory as a replacement for hard drives. Thagrtehat flash offers low
energy consumption, good read performance, and accepatdeperformance. Marsh
et al. [59] examine the possibility of using flash as a sederd} buffer cache to reduce
power consumption by allowing the hard disk to be idle moterf Schlosser et al. [80]
note that MEMS-based storage may have significantly lesepmquirements than tradi-
tional storage devices. If mobile computers contain mldtghorage media, Odyssey could
possibly make power-performance tradeoffs by adaptivelyiding which media applica-
tions should use.

8.2.4 Network power management

Stemm and Katz [85] measure the power consumption of sewieless network devices
and show that the majority of energy is consumed while thetsfaces are idle. They
propose a protocol that shuts down the interface when naenareating an implicit trade-
off between energy consumption and the average delay fomirgy packets. Kravets and
Krishnan [43] also present a communication protocol foadigg wireless network in-

terfaces when not in use. They discuss the tradeoff betweergy consumption and the
average delay for incoming packets, and show that an adaptrategy performs better
than a strategy with a fixed-length timeout. However, theydprovide any guidance for
how one should set the parameters of such an adaptive strateg

Kravets, Schwan, and Calvert [44] study how communicatrotgeol parameters, such
as the rate of packet acknowledgment, affect the energyucopison of a mobile host.
They are in the process of developing a framework that monitetwork conditions and
adapts communication protocol parameters to reduce er@mggumption. This frame-
work is similar in spirit to Odyssey, but concentrates ontieévork layer rather than the
application level.

In the realm of ad-hoc networking, Xu et al. [99] and Chen e{H)] both propose
routing algorithms that disable some nodes in the networerder to conserve energy.
Li et al. [52] advocate using a routing algorithm that maxes the total lifetime of the
network, defined to be the amount of time until which a messagmot be sent due to
insufficient battery energy. Ad-hoc routing allows yet dretdimension of energy-aware
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adaptation, in which the routing algorithm trades routiegiprmance for decreased energy
usage.

8.2.5 Comprehensive power management strategies

The Advanced Power Management (APM) specification [35] joiewa standard interface
for power management. It allows the operating system toyqtle power state of de-
vices such as the hard drive and place these devices in lav@poodes. More recently,
the Advanced Configuration and Power Interface (ACPI) dmation [36] has expanded
the APM interface by allowing detailed power managemenndfvidual hardware com-
ponents. These initiatives define mechanisms for power genant, but do not dictate
policy. They are therefore complementary to the work désctiin this dissertation.

Lu, Simunic, and De Micheli [58] describe a software arattitiee in which user-level
power managergollect utilization information from hardware devices aodntrol the
power state of the devices. Simunic et al. [83] extend théesitly proposing a specific
model of hardware device usage patterns, based upon tidegpémdent semi-Markov de-
cision processes. They show that their approach can achedter results than alternative
policies when managing processor, hard disk, and wirelessark power states. While
their power managers will play a role similar to Odyssey ied@ining which energy-
performance tradeoffs to make, their work is at an earliagstof maturity.

8.3 Adaptive resource management

My thesis has two important characteristics which diffeigge it from the large body of
previous work in adaptive resource management. Firstggrisra largely unexplored re-
source in this area. It differs from more commonly studiesbreces such as network and
CPU in that present resource allocation decisions have @& grgact on future resource
availability. Second, Odyssey does not assume that apiplsahave a-priori knowledge
of their resource (energy) requirements—instead Odysbsgrwes the behavior of appli-
cations to infer their needs.

In addressing the challenge of managing energy as a res@ulgssey builds upon sev-
eral previous systems which have provided adaptive resomanagement. Chen’s work
in the Amaranth project [75, 76, 48] addresses resource gegmeant in the presence of
multiple QoS dimensions and multiple resources. This warfgts environments in which
applications specify their resource requirements andsusgeecify their preferences with
utility curves. Chen restricts the types of utility funat®that users can specify, allowing
her to calculate the optimal fidelity at which applicatioh®sld execute. Odyssey takes a
different approach, allowing application writers to sggciode procedures which encapsu-
late arbitrary utility functions, but not guaranteeingtthpplications will execute at optimal
fidelities.

Like Amaranth, the ERDoS project [9] also targets multidnsienal QoS data, re-
quiring users to specify a benefit function detailing theifprences and applications to
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describe their resource requirements. Odyssey differa fstoth ERD0oS and Amaranth in
that it does not require applications to explicitly spectgir resource requirements. This
has considerable benefit when managing energy as a reseumce it is often difficult for
applications to know how much energy they will consume ofed#t platforms and with
different power management settings.

The Rialto operating system [38] provides modular, usetfe@resource management
that attempts to dynamically maximize the user’s perceitiity of the entire system.
Although Rialto provides a flexible framework for managingltiple resources, it is not
clear whether battery could fit cleanly into the frameworkal® makes the simplifying
assumption that resources can be allocated independeatligver, an application’s energy
use clearly depends upon its usage of CPU, network, and ds&hkurces. Also, Rialto
requires that applications be aware of their own resourgairements.

Goal-directed adaptation utilizes feedback control tdfqrer resource management.
Feedback-based approaches have been previously usedlicesource management prob-
lems as network congestion control [37] and CPU schedu8ag [The SWIFT toolkit [25]
takes a more general approach by providing a framework fadimg feedback-based
highly adaptive systems using modular composition of saniqplilding blocks. Odyssey’s
use of feedback is unique in two ways. First, Odyssey ext#melsise of feedback to a
novel domain, that of energy management. Second, Odyssestadhe statistical gain
specifically to reflect dynamically changing relative piies for stability and agility in the
system.

8.4 Remote execution

Remote execution is a well-established field in systemsarebe While most remote exe-
cution systems target only performance benefits, a few texystems have explored how
remote execution can reduce application energy use.

Rudenko et al. [77] demonstrate the potential energy benafitemote execution by
comparing the energy cost of executing several tasks batllyoand remotely. Their
RPF framework [78] assists in migrating tasks and adaptidetides whether a given task
should be executed locally or remotely based upon a histbpast power consumption.
Kunz’s toolkit [46] uses similar considerations to locatelite code.

Although both systems monitor application execution timé RPF also monitors bat-
tery use, neither monitors individual resources such awar&tand cache state, limiting
their ability to cope with resource variation. The predictimodels used in these systems
also seem overly simplistic. Neither accounts for the pemnce impact of concurrent
processes running on the client or server. In additionheeiéxploits the full potential of
the energy-performance tradeoff—they migrate jobs onlyases when both energy usage
and performance are not adversely affected.

Kremer et al. [45] propose using compiler techniques toctetesks that might be exe-
cuted remotely to save energy. At present, this analysigtgsand thus can not adapt to
changing resource conditions. Such compiler techniques@nplementary to Spectra, in
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that they could be used to automatically select Spectraatipes and insert Spectra calls
into executables.

Vahdat et al. [89] note issues considered in the design aft&pehe need for application-
specific knowledge and the difficulty of monitoring remoteaarces.

Butler [67] uses the AFS distributed file system to providasistency between local
and remote machines. Spectra’s use of Coda reflects a differi@ target environments;
AFS is an appropriate choice in fixed environments, but Godapport for disconnected
and weakly-connected operation is vital in mobile and pgEweenvironments.

Several remote execution systems designed for fixed enmienis analyze application
behavior to decide how to locate functionality. Coign [3&tally partitions objects in
a distributed system by logging and predicting communicaéind execution costs. Aba-
cus [2] monitors network and CPU usage to migrate functionial a storage-area network,
and Condor monitors goodput [4] to migrate processes in apotimg cluster. Because
these systems are not designed for pervasive environntbeisdo not monitor the range
of resources considered by Spectra. In addition, they deumgport adaptive applications
which modify their fidelity as well as their execution locati
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Conclusion

Energy management has been a critical problem since thestathys of mobile comput-
ing. There is continuing evidence that it will remain a chatie as the field evolves. A
large research investment in low-power circuit design aadiWare power management
has led to more energy-efficient systems. Yet, there is aigmvealization that more is
needed—the higher levels of the system, the operatingrayatel applications, must also
contribute to energy conservation.

This dissertation is one of the first detailed exploratioh&igher-level energy man-
agement. It has put forth the thesis that energy-aware atiapt the dynamic balancing
of application quality and energy conservation, is an essgrart of a comprehensive en-
ergy management strategy. It has validated the thesis wilspecific examples. The first
shows that applications can significantly reduce the engsgge of the platforms on which
they execute by degrading their fidelity. The second shoasahplications can adapt to
variation in resource availability by changing the locatishere functionality is executed.
Finally, this dissertation has shown that the operatinggsysan effectively manage battery
energy as a resource. Using goal-directed adaptationpd@tng system monitors energy
supply and demand and uses feedback to meet user-speciéisdguabattery duration.

In the next section, | review the specific contributions as$ tfissertation in more detail.
Then, in Section 9.2, | discuss some of the possible dinesfior future research generated
by this work. Section 9.3 concludes by reviewing the majestas that should be taken
from this research.

9.1 Contributions

This dissertation makes contributions in three major ar@de first area is conceptual—
this consists of the novel ideas generated by this work. €bersd area is a set of artifacts:
PowerScope, Odyssey, Spectra, and the other softwararsy i@t | have constructed to
validate my thesis. The final area of contribution is the gneneasurements and experi-
mental results which validate the ideas presented in tteedetion.
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9.1.1 Conceptual contributions

Energy-aware adaptation is the primary concept studiethi;ydissertation. In order to
achieve reduced energy usage, one must often sacrifice Soreasion of performance or
application quality. While energy-aware adaptation hasynaossible dimensions, | have
studied two specific ones to validate the concept: apptindidelity and remote execution.
This dissertation has shown that by embracing the dynaragetffs available through
energy-aware adaptation, mobile systems can significartnd their battery lifetimes.

Goal-directed adaptation is the second key concept disdusghis dissertation. | have
shown that the operating system can effectively manageryahergy as a resource by us-
ing feedback to meet user-specified goals for batteryiifetiBy monitoring energy supply
and demand, the operating system can balance the competiongras of application qual-
ity and energy conservation. Thus, while energy-aware tadiap provides the mechanism
for achieving significant energy savings, goal-directedpadtion provides the guidance in
deciding when energy conservation is appropriate.

The final important concept contained in this dissertat®the use of application re-
source history to guide adaptation decisions. | have shtvahdn adaptive system can
respond more agilely and effectively to changes in energyad®l by maintaining and con-
sulting a history of previous application energy usage.dditon, the use of history allows
applications to naturally express preferences which dyeompare fidelity, performance
goals, and projected energy usage.

9.1.2 Artifacts

In the course of this dissertation, | have developed threfemaatifacts: the PowerScope
energy profiler, the energy extensions to Odyssey, and tbet@premote execution system.

PowerScope is the first tool that uses profiling to map eneoggemption to applica-
tion structure. It enables developers to optimize theirectmt energy-efficiency by using
statistical profiling to identify those components respblesfor the bulk of energy con-
sumption. As improvements are made, PowerScope quantif@s lenefits and helps
expose the next target for optimization. Through success¥inement, developers can
improve a system to the point where energy consumption naesign goals.

| have made several improvements to the Odyssey platforrmédrile computing. Pri-
mary among these are the extensions for goal-directed atitapthat enable Odyssey to
monitor energy supply and demand and meet user-specifidd fpyabattery lifetime. |
have also added a modular resource measurement library yes@ygl—this library pro-
vides a clean framework for monitoring all resources of @nco a client operating in
mobile and pervasive environments. In addition to refittddyssey’s existing network
measurement into this framework, | have created measweenergy and file cache state.

Spectra is the first remote execution system to balance tm@etng concerns of per-
formance, application quality, and energy conservationis ldesigned specifically for
clients operating in pervasive environments—it monitarg@y and demand of CPU, net-
work, file cache, and energy resources. In addition, it dostenechanisms for ensuring
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the consistency of applications which execute part of theictionality remotely.

9.1.3 Evaluation results

The evaluation results in this dissertation contain severportant insights for the de-
velopment of higher-level energy management. First, | leh@wvn that applications can
significantly reduce their energy usage by modifying thelit(paf data presented to the
user. Further, these reductions are predictable and congpiary to existing hardware
power management techniques. These potential savingsfeximany types of applica-
tions: open-source and closed-source; CPU-intensive atvebink-intensive; and multime-
dia and office applications.

The evaluation results also show that remote execution eam ignificant source of
energy savings for applications such as speech recognitamument processing, and lan-
guage translation. However, they also reveal that cautiastrbe taken when deciding
where to locate functionality: the energy cost of additiametwork activity may often be
greater than the savings achieved by reduced CPU usag®, @ieeavailability of network,
CPU, and file cache resources significantly impacts the @btalacement of functionality.

Finally, the results contained in this dissertation shoat tjoal-directed adaptation can
meet user-specified goals for battery lifetime that vary dynaich as 30%. Further, the use
of application resource history improves both the agilitg &ffectiveness of goal-directed
adaptation.

9.2 Future work

Energy management remains a relatively new topic in systessarch. Consequently,
each of the systems on which | have worked has opportundgrdsifther improvement. In
the rest of this section, | discuss some of the interestitiggor future research which |
have not yet had the time to explore. Next, | describe possibprovement to the Pow-
erScope energy profiler. In Sections 9.2.2 and 9.2.3, | dstlie possibility of bringing
energy-aware adaptation into the realms of hardware povaweagement and closed-source
operating systems. In Sections 9.2.4 and 9.2.5, | specafaf@ssible extensions to the
Spectra remote execution system.

9.2.1 Hybrid energy measurement

One of the drawbacks of PowerScope’s profiling approach &ggnmeasurement is that
the tool does a poor job of capturing the effects of asynabmeractivity such as disk
accesses. The energy cost of an I/0O request that triggéradisity is erroneously charged
to the processes that execute while the request is beinigedyvather than to the process
that originally triggered the disk activity.

PowerScope’s accuracy could therefore be improved by parating some degree of
energy accounting, as discussed in Section 8.1. The firstirstis process is identifying
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which asynchronous activities are significant sources efggnusage—disk accesses and
the receipt of network packets are obvious candidates. ,Tdve could develop a bench-
mark suite that measures the energy cost of these actiatiesach hardware platform.
Finally, kernel modifications would be necessary to idgntihen each activity occurs.

Whenever PowerScope’s System Monitor takes a sample ofrayattivity, it could
identify which activities were occurring during samplelegction. It could also record ad-
ditional information that identifies the amount of each\attigenerated by a process—for
example, the number of disk accesses and network packeisedc The Energy Analyzer
would then subtract the power and energy cost of asynchsacitivities from each sam-
ple, so that the energy assigned to a given process refldgtthercost of its own execution.
It would assign energy impact of asynchronous activitighéoprocess that initiated them.

The hybrid approach promises to incorporate the best fesitnfraccounting-based and
profile-based energy measurement. Energy accountingdesvthe ability to correctly
assign the energy costs of asynchronous activities, whililipg provides accurate energy
measurements without the need for complex models of enevggunption. Profiling
also provides the ability to differentiate subtle diffeces in power measurement within a
single hardware state; for example, the energy cost of eéxerdifferent instructions. A
combination of the two techniques should therefore provesnagcurate than when either
is used in isolation.

9.2.2 Application-aware power management

This dissertation has explored only two dimensions of enekgare adaptation: application
fidelity and remote execution. Many other possible dimemsiexist—of these, the most
obvious is hardware power management.

Current approaches to hardware power management makecitipideoffs between
performance and energy conservation. Modern processouseeheir clock frequency to
save energy. Hard disks spin down after periods of inagtisdving energy but increasing
the time needed to service the next request. Wireless nkesvimterfaces disable receivers
for short periods of time, saving energy at the cost of redubeoughput.

Yet, current approaches to hardware power managementatiypiese only a single
policy for balancing energy and performance, typically ingpto exploit a knee in the
energy-performance curve. For example, the voltage sdimgdalgorithms discussed in
Section 8.2.2 all attempt to maximally reduce energy comgion without significantly af-
fecting the performance observed by the user. They do nasaftjr the user’s dynamically
changing priorities for performance and energy conseovati

Using a single policy seems unnecessarily restrictive. ér wgo plans to operate on
battery power for only a short time wants to maximize perfante. In contrast, a user who
wishes to accomplish the maximum possible quantity of wolhkevoperating on battery
power will be willing to sacrifice some performance for deged energy usage. In ad-
dition, the optimum tradeoff between energy usage and pegoce may vary depending
upon application workload. For example, when the user isingna remote shell appli-
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cation, the performance impact of disabling the networkriisice during idle periods may
have a large impact on application quality, but the perakiwgpact of lowering the client
CPU speed may be negligible. A coordinated policy for trgdémergy usage and perfor-
mance should therefore consider the possible benefits imstef reduced energy usage
and the possible costs in terms of reduced application pednce before making power
management decisions for individual hardware components.

Since these considerations are essentially identicaldsetltonsidered in this disser-
tation for application fidelity and remote execution, it seelikely that Odyssey could be
successfully extended to manage hardware power statess@&yy knowledge of desired
battery lifetime and ability to monitor energy supply andrdad enable it to make appro-
priate tradeoffs between energy consumption and appicgterformance. For example,
when battery levels are critical, it could use a more aggressolicy for setting clock
frequency, spinning down the disk, and managing networkeotivity.

While extending Odyssey to include hardware power manageosetainly seems fea-
sible, the interaction between data fidelity and hardwakggoananagement may be com-
plex. For instance, when the demand for energy exceeds\suppiay be hard to decide
whether to lower application fidelity or use more aggresp@er management strategies.
Answering this question precisely will require the abilityestimate the potential energy
benefits of various hardware power management strategigglbas the ability to estimate
their effect on application performance.

9.2.3 Support for adaptation in closed-source environmeist

Chapter 5 explored the feasibility of trading applicatioghefity for energy conservation
in closed-source environments. It showed that for at least mopular application, i.e.
PowerPoint, one can significantly decrease energy usagewsrihg fidelity. The next

logical step in this work is to implement system support foergy-aware adaptation in a
closed-source environment, specifically the Windows fammiloperating systems.

Odyssey currently has two features that would help in thie eéaporting system sup-
port to Windows. First, the Viceroy is already implementadaauser-level process. One
could replace the system call interface with a library-loeiseplementation that uses IPC
to communicate with the Viceroy process. Second, Odysseg dot currently enforce
its resource decisions—the cooperative model of resoumeagement is much easier to
support in a closed-source environment.

The most challenging part of porting system support for gp@ware adaptation to a
closed-source environment would be the implementatioh@fésource measurers. Since
these components perform detailed measurements of peegg@€PU, network, and power
usage, they are most logically placed in the kernel. Howevaser-space implementation
is not infeasible. For example, Odyssey could use ACPI tosoregpower usage and check
battery status.
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9.2.4 Extensions to Spectra

As Spectra is a relatively young system, there are a numbareafs in which it could be
improved. My experience with the system suggests that nggiiedictions often involves
tradeoffs between speed and accuracy. For example, whiemaésg remote CPU avalil-
ability, Spectra can either use a slightly stale cachedeyabu it can query the server to
obtain more accurate information. If the difference betvpessible alternatives is slight,
as for example with short-running operations, Spectra dald better to make a “quick
and dirty” decision using the stale, cached data. Howeveenypossible alternatives differ
significantly, Spectra should invest more effort to chod®edptimal alternative. This sug-
gests that Spectra itself should be adaptive—it shouldhisalthe amount of effort used to
decide between alternatives against the possible benefioafsing the best alternative.

Another interesting area of future research is server gioxing. When a set of remote
servers is servicing multiple clients, load-balancing nraprove performance. Addition-
ally, Spectra might make more accurate predictions if iteMer anticipate and adjust for
gueueing delays on a server when multiple clients are remgethe same service.

One could also improve Spectra’s execution model by supmpparallel execution of
functionality on multiple machines. This could provide saterable benefit for applica-
tions like Pangloss-lite, which have multiple code compasevhich are not sequentially
dependent. If Spectra were to execute these componentsalitghat could provide results
superior to those achieved in Section 7.3.8.

Since resource logs can grow quite large for complex opmratiSpectra would ben-
efit from methods that compress log data without sacrificiggiBcant semantic content.
Finally, there are a number of additional applications whiould benefit from Spectra’s
remote execution services, including rendering for virteality and compilation.

9.2.5 Proactive service management

Spectra attempts to select the optimal location and fid&ityapplication execution given
the current availability of resources in its environmentneCcan imagine a better sys-
tem, one which igproactive Such a system would not take the resource environment as a
given—instead, it would anticipate how it could change theienment to make it more
favorable for application execution.

For example, consider a situation where Spectra must regigatiecide to perform
an operation on one of two servers: the first has a faster psoceand a cold file cache;
the second has is slower but has necessary files cachedyloCalirently, Spectra would
always select the server with the slower processor if catfeets enable it to achieve faster
response times. However, if Spectra were proactive, it dauhultaneously execute an
operation on the slower server and also warm the file cachleeofaster server. The next
time the operation is executed, Spectra would produce am fagter response than with
either of the options possible before.

The key to such behavior is proactive service managemerddifional service dis-
covery protocols generates a list of candidate servers fven operation. Given such a
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list, Spectra currently selects the best server to perfdrenaperation. However, Spectra
could be modified to identify possible corrective actionsalihvould improve the desir-
ability of each server. If a set of corrective actions wouldka a server more desirable
than the one selected, Spectra would initiate those actilhen Spectra next executes the
operation, the application will benefit from the improvedaarce environment. Possible
corrective actions include warming the file cache, making@m®Rd network reservations,
and switching to a different network interface.

9.3 Closing remarks

It appears likely that battery energy will continue to begngficant constraint in the design
of mobile systems for the foreseeable future. Since sizevaight considerations limit
battery capacity, reducing system energy usage will caetio be a primary concern.

Energy management should be addressed at every layer of/skes Low-power
circuit design and hardware power management provide opdrital solution. The higher
levels of the system can also make considerable contrilsitmwards energy conservation.
The results in this dissertation show that the use of fidediuction and remote execution
can significantly extend the battery lifetimes of mobileteyss. Further, the results show
that energy conservation efforts at different levels of $ggtem are complementary—for
example, fidelity reduction improves the effectivenessartiware power management by
increasing the opportunity to put devices in low-powerestat

Inevitably, energy management involves implicit tradedietween energy conserva-
tion, performance, and application quality. Mobile sysseshould provide maximum flex-
ibility by embracing these tradeoffs. When battery lifedis critical, they should optimize
their behavior for energy conservation. When battery ilifietis unimportant, they should
maximize performance and quality. Energy-aware adaptgtiovides the ability to realize
both of these goals. It therefore will be a vital componena@omplete energy manage-
ment solution in future mobile systems.
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