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Abstract

Mobile interactve applicationsaarebecomingncreasinglyimportant. Onesuchapplication
alone— augmentedeality — hasenormougotentialin fieldsrangingfrom entertainment
to aircraft maintenance Suchapplicationsdemandgood interactve response.However,
their ervironmentsareresource-pooandturbulent,with frequentanddramaticchangesn
resourceavailability. To keepresponséimesboundedthe applicationandsystenmtogether
mustadaptto changingresourceconditions.

In this dissertation] presenta new abstraction— multi-fidelity computation— and
claimthatit is theright abstractiorfor adaptationn mobile,interactve applications! also
presentan API that allows a mobile interactve applicationto recastits corefunctionality
asamulti-fidelity computation,

I identify one of the key problemsin applicationadaptation:predictingapplication
performancetary givenfidelity. | solve this problemin two steps.History-basedredic-
tion predictsapplicationresourcedemandasa function of fidelity. A resouce modelthen
mapsapplicationresourcedemandand systemresourcesupplyto performance.History-
basedpredictionis validatedthroughfour casestudiesdemonstratingaccurateprediction
of CPU,memory network, andenegy demand.

| alsodescribehedesignandimplementatiorof runtimesupportfor multi-fidelity com-
putations:the overall systemarchitectureaswell aseachkey component.l presentfour
applicationcasestudies:of avirtual walkthroughprograma 3-D graphicsalgorithm,aweb
browser anda speechrecognizerin eachcase] shav how theapplicationusesthe multi-
fidelity API; thatthe programmingostof usingthe API is small;andthatthehistory-based
predictionmethodaccuratelypredictsapplicationresourcedemand.

In evaluatingthe systemprototype,l askthreequestions.First, is adaptatioragile in
the faceof changingload conditions?Second|s the systemaccurate in choosingthe fi-
delity thatbestmatchegheapplications’needs?Third, doesthe systenprovide substantial
benefitomparedo thenon-adaptie cased answerthesequestionghrougha seriesof ex-
perimentdothwith syntheticandrealworkloads.l shav thatadaptations agile,accurate,
andbeneficialin boundingresponsdime despitevarying CPU andmemoryload. | also
showv thatadaptatiorreduceghevariability in responsegime, providing amorepredictable
andstableuserexperience.
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Chapter 1

Intr oduction

An undertakingof greatadvantage put nobodyto know whatit is.
(prospectusf a “bubble” compan. Anon.,London,1720)

Wearablecomputingis alreadycommonin today’s world, andwill be widespreadn
tomorron’s. Wearablecomputerswill augmenta users ervironmentin a variety of ways,
simultaneouslynteractingwith usersandtheir physicalervironment. Thus,mobileinter-
activeapplicationsareof increasingmportance.Theseapplicationsamustprovide a good
interactve experienceput alsoconstrairtheirresource&onsumptiorio theavailablebattery
enegy, network bandwidth processingpower andmemorycapacity Userrequirementss
well asresourceconditionsvary acrossspaceandtime: the systemandapplicationamust
adapttheir behaiour to track this variation. Adaptationto resourcevariability is a use-
ful stratgy in mary mobile computingernvironments[35, 54, 79]: | will shov that, for
interactve applicationsit is essential.

How bestcanwe design,implementand executeinteractve applicationsin a mobile
ernvironment?This questions the mainfocusof this dissertationlt addressethe problem
with a novel theoreticalconcept— the multi-fidelity algorithm — andputsforth the thesis
thatit is a goodabstractiorfor adaptatiorin mobile interactve applications.It presentsa
resouce modelandanApplication Programmingnterface(API) which allow applications
to provide high-level descriptionsof their core tasksand policies. It also describeshe
systemsupportnecessaryo translatethesehigh-level descriptionanto effective runtime
adaptation.

The dissertatiorestablisheds claim throughthe designandimplementatiorof multi-
fidelity adaptationin Linux, andfour applicationcasestudies: virtual reality rendering,
radiosity speechrecognition,andweb browsing. It demonstratethat the costof adding
adaptatiorsupporto legag/ codeis small;thattheruntimesystemadaptswith accurag and
agility to variationsin resourceavailability; andthatsuchadaptationmprovesapplication
interactve response.

This chapterbegins with a brief scenariothat exemplifiesthe applicationdomainad-

1



2 CHAPTER1. INTRODUCTION

dressedy this dissertationandthe challengegpresentedy it. It thenstatesthe central
thesis,andpresentghe stepsrequiredto substantiaté&. Finally, it providesaroadmapto
theremaindeiof the dissertation.

1.1 Scenario— augmentedreality

An architectis designingthe renovation of an old warehousdor useasa mu-
seum. Using a weamble computerwith a head-mountedlisplay shewalks
throughthe warehouserying out manydesignalternativespertainingto the
placemenbf doors, windows,interior walls, andsoon. Often,shecanimme-
diatelyrejectthe proposedmodification:evenwith a “quick-and-dirty” repre-
sentation,an aestheticor functionallimitation becomesppatent. Occasion-
ally, a more detailedrepresentationis required, and sheis willing to wait a
little longer to view theresult.

For hands-feeopemation,our architectusesa speeb-driveninterface Atsome
locations, the wearable computerhas good wirelessbandwidthto a remote
computeserver and can perform speeb recanition remotely Elsevhel,

bandwidthand/or servercyclesare scaice and speeb recaynition mustbe
donelocally; sincethe wearable haslimited memorythe recanizerswitches
to a smallervocalulary, andasksthe userto usea restrictedsetof words.

At somepoint, the systemnoticesthat the battery is running low, and that

batterylifetimewill fall shortof theuser's statedgoal. It respond$yreducing
applicationfidelity and hencepowerconsumption:augmentedeality runs at

a lower resolution,and whenthe architect browsesweb pages, images are

compessedto reducethe enegy usage of the wirelessinterface The user
mightdecidethat this is unacceptableand that shewould prefer high fidelity

to long batterylifetime: sheusesthe speet interfaceto seta lessaggressive
batterylifetime goal.

This scenaridllustratesthe challengeghat confrontmobile interactve systems.They
mustcontinuallymonitortheavailability of multiple systenresourcespredicttheimpactof
theseresourcdevelsonapplicationsmake adaptve decisiondor eachapplicationthatbest
satisfyusergoals;andallow the userto modify thesegoalson thefly. In orderto design
and build sucha system,we needto answerseveral questions. What is an appropriate
programmingmodelfor applications?How canthe systemmonitor andpredictresources
accuratelyand cheaply? What other systemsupportis requiredto ensurethat userssee
crisp interactve responsdrom applications?How do we resol\e conflicting goalswhen
makingadaptve decisions?Whatis a simple yet effective way to allow usersto express
their preferences?
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1.2

The Thesis

Thethesisdirectly answerghe questiongaisedabove:

Mobile interactive applications are best expressedas multi-fidelity al-
gorithms.  Given system support for resouice monitoring, history-based
prediction of resource consumption, and adaptive decisionmaking, such
algorithms can simultaneouslyoptimize acrossmultiple user metrics of fi-
delity, performance,and resouiceconsumption. It is feasibleto implement
suchsystemsupport through a userlevel, gray-box approachwith no OS
kernel modifications.

This dissertatiorestablisheshethesisin thefollowing steps:

It arguesthatmobileinteractve applicationgresenspecialchallengesandopportu-
nities,andrequirea new approactio designingooththeapplicationsandthe system.
It introduceghe multi-fidelityalgorithmandshovs why it is theright abstractiorfor
mobileinteractive applications.

It providesa resourcemodelandan API for how multi-fidelity algorithmsinteract
with theoperatingsystem.This allows applicationgo expresshigh-level application
metricssuchas performanceandfidelity, ratherthanlow-level abstractionsuchas
resourcesln four casestudiesjt shavs thatthe costsof portinglegag/ applications
to the APl aremodest.

Applications are concernedwith fidelity and performance;operatingsystemsare
equippedo manageesourcesTo bridgethisgap,we mustbeableto relatefidelity to
resourceconsumptiorand performance.The dissertatiorshonvs how history-based
predictioncanmapapplicationmetricsto systenresource anautomaticaccurate,
andhardware-independentay.

It presentghe designandimplementationof multi-fidelity supportin Linux. This
supportis built on Odyssg, anexisting Linux-basedlatformfor mobile computing.
It presentexperimentalresultsthatdemonstrat¢hat multi-fidelity adaptations ag-
ile, accurateandleadsto betterinteractve responsdor applications.

The restof this dissertations organizedasfollows. Chapter 2 introducesa resouce
model a systematiavay to characterizeapplicationandsystembehaiour in termsof re-
sourcesupplyanddemand In additionto traditionalresourcesuchas CPU andnetwork,
themodelalsoincludesfile cache stateandbatteryenegy, which areof greatimportance
whenmobile.

Chapter3 definesfidelity, and extendstraditional notionsof datafidelity to include
variousadaptve “knobs” and“switches” that are commonin interactive applications. It
thenderivesthe notion of a multi-fidelity computation and arguesthat it is a naturalfit
to the needsof mobile interactve applications.Multi-fidelity computationalongwith the
resourcemodel,is the formal basisof this dissertation.
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Chapterd presentsa programmingnodeland API for multi-fidelity computations.in
designingthis API, | was concernedo minimize the amountof modificationto legagy
applicationcode:this considerationnfluencedseveral of my designchoices.The chapter
locatesthe API in the designspace and highlightsthe guiding principlesthatinfluenced
my design.

Chapter5 describesheruntimesystemcomponentshatsupportthe multi-fidelity API.
Here,one of my key designmotivationswas deployabilityof the systemsupportacross
platforms.Thechapteramguesthatpassivaesouce monitoringcansupporteffective adap-
tation; further, that it makes fewer demandson the underlying systemthan an alloca-
tion/enforcementpproach. It thendescribeghe overall systemdesign,and eachmajor
componenin detail: the resourcepredictors,the solver, the logger andthe remoteexe-
cutionengine. It concludeswith anevaluationof the overheadmposedby eachof these
components.

Multi-fidelity adaptationrequiresus to regulatean applications resourcedemandby
changingts fidelity. Thisrequiresusto know therelationshigbetweerfidelity andresource
demandfor eachhardware platformthatthe applicationmight executeon. For the appli-
cation programmetto completelyspecifythis relationshipis a heary burden. My multi-
fidelity prototypeuseshistory-basegredictionto learnthis relationshipautomatically by
logging applicationbehaiour andapplying statisticalmachinelearningtechniquego the
loggeddata. Chapter6 shavs how applicationresourcedemandpredictorsare built, and
describeghe key learningtechniquesusedin my applicationcasestudies: least-squags
regression data-specifigrediction andbinning

Chapter7 describescasestudiesof four mobile interactve applications— radiosity
virtual walkthrough speechrecognition andwebbrowsing. Thesearerepresentatie of my
targetdomain,i.e. resource-intense, mobileinteractve applicationgall four applications
would be involvedin the motivating scenariodescribecearlierin this chapter).Eachcase
studyshaws how the applicationusesthe multi-fidelity API; evaluateshe costof porting
theapplication,describeshe history-basedesourcelemandoredictorsfor theapplication;
andevaluategheaccurag of thesepredictors.

In previous chaptersyariouscomponentf the systemwereindividually evaluated.
Chapter8 is a holistic evaluationof systemperformance It answerdwo questions:does
the systemadapteffectively; anddoesthe adaptatioimprove applicationperformance?
evaluatethesystemwith syntheticworkloadsandsyntheticbackgroundoads;with realap-
plicationsandsynthetichackgroundoads;andwith realapplicationgunningconcurrently

Chapter9 summarizeselatedwork. Chapter 10 concludeghe dissertatiorby identi-
fying andsummarizingts key contrikutions. It thenprovidesanoverview of the systems
currentcapabilitiesanddescribengoingresearchn multi-fidelity adaptation.Finally, it
exploressomefutureresearcldirectionsopenedup by this work.



Chapter 2

A resourcemodel

Thateverythingshouldbe of the sameweightandmeasurehroughouthe Realm—
(exceptthe CommonPeople).
(W.C. SellarandR.J. Yeatman1066andAll That ch. XIX)

Thisthesisaimsto provide aframenork for applicationadaptationn mobileinteractve
systems.lts focusis adaptatiornto resouce variation: varying network bandwidth,CPU
speedandbatterychage levels. Designingsucha framewvork requirescleardefinitionsof
“resource”and“performance”. Whatis a resource?How is it measuredHow is perfor
mancemeasuredandhow is it relatedto resources?Are theredifferenttypesof resources;
what arethey? Whatarethe resourceselevantto a givensystem?This chapteranswers
thesequestionswith aresouce model

Most peoplehave an intuitive understandingf what “resource”means:thereis the
setof thingscommonlyconsideredomputersystenresourcesandthe metricscommonly
usedto measureghem. Unfortunately this intuitive understandings inadequate:n this
chapter developamorerigorousdefinition. | derive from first principlesaresourcanodel
that

e describespplication-systermteractionin termsof resourcesupplyanddemand

e representperformanceascostfunctionsof supplyanddemand.

¢ identifiesthreebroadclasse®f resourceandtheir characteristisupplyanddemand
metrics.

e shows how traditionalcomputersystemresourcedit this classification.

e providesacriterionfor whethera particularresourcas relevantto a givensystem.

Thoughthe modeloften matcheghe intuitive notion of resourcejt doespresensome
surprisingresults.Someresourcefave differentunitsfor supplyanddemandsometimes,
supplyanddemandarenot evenscalaror numericvalues.l will alsoshav how anunusual
resource— file cache state— fits into theresourcgaxonomyandarguethatit is arelevant
resourcdor adaptve mobile applications.
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| startwith ageneramodelthatis applicableto avarietyof systems— Internetseners,
massvely parallelsupercomputergnddesktopworkstationsaswell asmobile systemsl
identify threeresourceclasses— time-sharedspace-share@&ndexhaustible— andtheir
characteristicsupply demandandcostmetrics. At variouspoints,| shav how to restrict
the model,tradinggeneralityfor simplicity by makingassumptionsppropriateo mobile
interactve systemsl| illustratetherestrictedmodelwith someexamples.Finally, | define
a criterionfor decidingif aresourcds relevant, andlist the resourceshatarerelevantto
mobileinteractve systems.

2.1 What isaresouice?

A resourcer is a measurablentity thatis both scalce and useful I.e., thereis a finite
supplyandnon-zerodemandA resource has,associateavith it:

e aninstantaneouslemandd,(t), not alwayszero: the maximumamountof resource
thatthe consumercanusein thenext time interval [t, ¢ + §t]

e aninstantaneousupplys.(t), alwaysfinite: the maximumamountthatthe supplier
canprovidein [t, ¢ + dt]

e a setof costfunctionsc,(t) that computethe instantaneousost of resourcecon-
sumptionasa function of supplyanddemand.Eachcostfunction correspondso a
performancenetricof interest:e.g.,batterydrainor monetarycost. We will seethat
latencyor wall-clock time canalsobe a usefulaggregate costfunction, althoughits
instantaneousostfunctionis trivial (i.e. eachperioddt correspondso alateng cost
of 4t.)

How dowe applythis modelto applicationadaptationHere,the systemis thesupplier
of resourcesandthe applicationis the consumer Given somelevel of supply the appli-
cationadaptgts demandio maintainsomeperformancegoals. A key assumptiorhereis
thatinstantaneousupplyanddemandareindependentthat we canalter demandwithout
changingsupply Of course presentlemandcanaffect future supply:e.g.,agreaterenegy
drain (demand)eadsto a lower chage level (supply). If supplyanddemandareinstanta-
neouslyindependentye caninvertthecostfunctions:i.e., giventhesupplyandthedesired
cost(performance)we cancomputethe appropriatdevel of demand.

How doesthis definitionof resourcéhelpusto describeapplicationadaptationAppli-
cationsadaptby changingheir behaiour in responséo changesn systenstate.l abstract
out thoseaspectf applicationbehaiour that affect performanceandrepresenthemas
applicationdemandor oneor moreresourcesSimilarly, aspect®f systemstatethataffect
performancererepresentedssystemresourcesupply Thisindependencef supplyand
demandis crucialto my model: if supplyanddemanddo not affect eachother we can
measureor predictthemindividually, andthenapply a costfunctionto derive the desired
performancemetric. Independencés a key propertyof the supply and demandmetrics
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derivedin this chapter

In thischaptel derveindependensupplyanddemandnetricsfor CPU,network band-
width, memory disk bandwidth,disk space batteryenegy, andcachestate.| alsoderive
costfunctionsfor threeof the four key performanceametricsin mobileinteractve applica-
tions: interactve responseime or lateng, monetarycost,andbatterydrain. | explain why
thefourth metric— userdistraction— is outsidethe scopeof theresourcemodel.

2.2 Aggregatingresource measurements

Sofar, we have consideredgsupply demandandcostasinstantaneousalues.In practice,
we needaggra@ateratherthan instantaneousnetrics: e.g. batterydrain measuredver
sometime interval. Whatis the appropriategime interval over which to aggreyatesupply
and demand?How canwe corvert the instantaneousnetricsinto aggreateones? This
sectionintroducesthe notion of operation: a naturalunit of aggreation, especiallyfor
interactve applications! will arguethattime-seriesaarenotagoodway to do aggreation;
in the following section,l will shov how to derve aggregatemetricswithout usingtime-
series.

2.2.1 Operations and interactive applications

Theunit of aggreationis thetime interval over which we wish to characterizesupply de-
mand,andperformanceOftenthesetime intervals correspondo somesubtaskor compu-
tationexecutedby theapplication.l call thesesubtask®pemtions Thenotionof operation
is naturalto interactive applications A typical interactve applicationis idle, andconsumes
no resourcesuntil it recevessomeuserinput. It thenexecutesfor sometime, produces
aresponseandbecomesdle again. This executionis an operation. Interactve response
time is simply operatiorniateng, which canbe computedoy acostfunction. More complex
applicationsallow a seconduserrequestwvhile thefirst is beingprocessed,e., operations
canoverlapandrun concurrently

Interactve responsdimessmallerthan 100ms areinvisible to mostusers[12, ch. 2];
responseimesof severalminutesareunacceptablén mostapplications.Thus,this thesis
assume®perationlengthsrangingfrom tenthsto tensof seconds. denotethe aggreate
resourcedemandor anoperation(or time intenval) T’ by D, (T'); the aggreatesupply by
S.(T); andits aggreatecostfor somecostmetricC by C,.(T).

Figure 2.1 shows a simplified model of an interactve application— a web browser
— andan associateaperation. The applicationis normally idle, waiting for userinput.
Whenthe userclicks on a link, it initiatesa “show document”operation. This consists
of a network-boundfetch phaseanda CPU-boundenderphase(l countas“CPU-bound”
not only processingcycles, but alsotime spenton main memoryaccesses).The supply
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‘ Operation
i "show document"

Fetch

I
|
user request 1
| (network receive)
I
I

Idle state *

Render
response !
! (CPU)

Figure 2.1: A simpleinteractive application and operation

and demandfor CPU and network determinethe lateng costof the operation,i.e. the
interactve responséime.

Many interactve applicationsare easily describedn termsof operations. A speech
recognizemight have a “recognizeutterance’operation triggeredperhapsvhenthe user
pausedetweensentencesIn an augmentedeality application,the usergenerates re-
guestby moving or turning their head. The applicationresponddyy executinga “render
new view” operation.The applicationmight have multiple operationtypes:“add objectto
scene”and“deleteobject” in additionto “rendernew view”.

2.2.2 Why not time-series?

Whenwe aggreate, shouldwe retain information aboutthe exact time sequencef re-
sourceconsumption?\Ve could presere this informationby representingggreatesupply
anddemandastime-seriesi.e., infinite vectorsof supplyanddemandvalues,onefor each
instantin time. In practice,we would sampleat discretetime points, to keepthe vector
lengthsfinite.

Thetime-serieapproachasamajordravback:it destrystheindependencef supply
anddemand.Consideran applicationthat, at time ¢, hasa smallamountAt of processing
time remaining,after which it will block. l.e., its demandfor the CPU resourceat time
t is non-zero. If the supplyis zero,i.e. the applicationis not scheduledat time ¢, then
the demanadwill still be non-zeroattime ¢t + At. Ontheotherhand,if the applicationis
scheduledattime ¢, thedemandat ¢ + At will be zero. Thusthedemandattime ¢ + At
dependn the supply at time ¢. Further whenthe applicationblocks, it may generate
demandor someotherresourcesaydisk. Now thedemandor diskattime ¢+ At depends
onthesupplyof CPUattimet.

Time-seriescapturethe maximumamountof information, but they make supply and
demandnterdependentCanwe make simplifying assumptionshatresultin independent
metrics,yet retainenoughinformationto be useful?Theresourcdaxonomyin Section2.3
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shaws, for eachresourceclass,how to derive aggregatesupply and demandmetricsthat
presere independence.

2.3 A taxonomy of resources

| classify systemresourcesnto threebasiccateyories— time-shaed space-shad and
exhaustible— eachwith a characteristidorm for its supply and demandmetrics. This
classificationis not exhaustve; however, it is sufficient for the resource®f interestin this
thesis.In this section,l describeeachclass,its characteristicsupplyanddemandmetrics,
andcommonresourceshatbelongto it. For eachclass,l alsogive an exampleof a cost
metricasa functionof supplyanddemand My intentionin all casess to usethe simplest
supplyanddemandmetricthatallow a goodapproximatiorof performance.

2.3.1 Time-sharedresoures

Network transmit(andreceve) bandwidthandCPUaretime-sharear scheduledesources.
Thereis somesystem-widerate of supply R..(¢); at ary giveninstantone applicationre-
ceivestheentiresupply andothersreceve none.(l assumehatthe overheadf switching
betweerapplicationgs ngyligible.) Thus,for asingleapplication

() = R.(t) if theapplicationis scheduledo usetheresource
W10 otherwise

When an applicationwishesto transmitsomedata, or usethe CPU, it cando so at
whateverratethe systemwill support;.e.,its demands effectively infinite:

d.(t) = oo If theapplicationwishesto usetheresource
771 0 otherwise

Theinstantaneousesourceeonsumptionis min(s, (t), d.(t)).

Whenthetime-sharings sufficiently fine-grainedandthe costof switchingsmall,we
canapproximateresourcesupplywith a GeneralProcessoShare(GPS)[73] model: each
applicationgetsa steadysupplys,(t), where

> s(t) = Re(2)

all apps

| usethe following aggrgatesupplyanddemandmetricsfor anoperation?” thatlasts
for atime |T'|:

S,(T) = % [ syt
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D(T) = /T min(s, (), d.())dt

l.e., S, (T) is theaveragerateof supplyto operationl’, and D, (T') is thetotalamountused
by the operation:numberof CPU cyclesconsumedbytestransmittedgetc.

Note thataggregjatesupplyanddemandnow have differentunits: aggreyatesupplyis
theaverage rateof supply whereasaggrgatedemands theintegral overtime of demand.
My modelis thateachcomputatiorconsumesa fixedamouniwof resourceratherthantaking
a fixed amountof time. For supply it is morelogical to assumehatthe systemprovides
theresourceo the applicationat a certainrate, ratherthana fixed quantumper operation.
With thesemetrics,we cannow computethelateng costof usingresource-

_ D.(T)
r( )_ ST(T)

If the operationonly usesresourcer, andis never idle, thenthis is the latengy of the
operationj.e. L.(T) = |T|. Thus,expressingsupplyasaratemakeslateng afunction of
supplyandnotvice versa.

Clearly, GPSis anidealization.Howeverit is anacceptabl@nein practice,if thetime
sharings fine-graineccomparedo thelengthof anoperation.In thisthesis| treatnetwork
bandwidthand CPU astime-sharedGPSresourcesFor completenesd, alsoincludedisk
I/0 asa GPSresource However, my currentprototypedoesnot supportthis resourcefur-
ther, correctlyaccountingor positionallatenciesvould requirea morecomple treatment
for disk 1/0 thanthe simpleGPSmodel.

2.3.2 Space-shaedresources

Disk spaces the bestexampleof a space-sharegesource Thereis a fixedtotal amountof
spaceavailable: someis usedto storedataandtheremaindeis free space.Therearethree
kinds of objectsthatthis spacecontains:

e objectspermanentlystoredon disk: theseare never reclaimedandcanbe excluded
from ary computatiorof supplyanddemand.

e cachedcopiesof objects,whoseoriginalsareelsavhere(e.g. on aremotesener) or
canberecomputed! treatthe spaceusedfor cachingasa separateesourcecache
resourcesaredealtwith laterin this section.

e temporaryobjects,createdby the operationand deletedbeforeit completes:these
aretheonly objectsthatl considetto be partof disk-spacelemand.

Theinstantaneousupplyis the amountof free spaceavailablefor temporaryobjects.
Thedemands the total spacerequiredby the applicationfor the currentsetof temporary
objects.

sp(t) = free.(t)
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d.(t)= > size(X)

Xetemp(t)
wheretemp(t) is the setof temporaryobjectsownedby theapplicationattime ¢.

Thelateng costis nggligible if thereis sufficientfree spacefor all the objects:| donot
modelthe performancampactof disk spaceutilization or layout. If thereis insufficient
spacetheapplicationcannotrun: thenthe costis infinite.

e (t) = { oo if d(t) > s(t)

0 otherwise

The aggr@atedemands the maximumamountof temporaryobjectspaceusedby an
operation;theaggreyatesupplyis theamountof free spacethatis alwaysavailableduring
theoperation.Thus,we candefineconservativeggreatesupplyanddemandnetrics:

D,(T) = max d.(t)
SH(T) = mTin s (t)

_ [ oo if D(T) > 5,(T)
G(T) = { 0 otherwise

2.3.3 Cacheresources

Memoryis a space-shareresource put differs from disk spacein thatit is virtualizable
An applications virtual memory might not be completelyresidentin physicalmemory:
the remaindelis on backingstore,usuallydisk. In otherwords, physicalmemoryactsas
a cachefor virtual memory | call this a cache resouce suchresourcesnerit a different
treatmenfrom ordinaryspace-sharecsourcesA shortagef freespacas nolongerfatal:
thereis afinite costassociateavith eviction andreplacement.

A typicalcomputesystemhasalargenumberof cacheresourceseverylevel of amem-
ory hierarchy exceptthe bottommost,s a cacheresource.In this thesisl am concerned
with two cacheresourceshathave alargeimpacton mobileinteractive applicationsphys-
ical memoryandclientfile cache.l expectthat mostgeneral-purposenobile computing
deviceswill supporta file systemaswell asvirtual memorybacled by a disk drive, low-
power flash-basedtoragg26], or, in thefuture, MEMS-basedtoragg84].

Memory

Whentheapplicationaccessea non-residenpage,it causes pagefault. If thefaultis on
anew page,|t is satisfiedcheaplyfrom apool of free pagesif thepageis on backingstore,
it requiresa costly disk access.Thus,it seemsnsufficient only to measurghe amountof
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memoryavailableto an application: we mustconsiderthe currentcontentsof memoryas
well. The supplymetricis no longera numericscalarvalue— it mustcapturethe setof
residentpagesaswell asthe numberof free pagesavailableto the application.

Smemory (t) = (Resident(t), freepages(t))
Here Resident(t) is aset,while freepages(t) is ascalar

J () = {p(t)} if theapplicationis accessingagep(t)
memoryAt T {} otherwise

Thecostin termsof disk faultsgenerateds:

(t) = 0 if p(t) € Resident(t), or p(t) is anew pageand freepages(t) > 0
Cmemory\t) =\ 1 otherwise

How do we aggregate memorydemandand supply over an operation7? We could
recordthe exacttime sequencef pageaccesseffor the demand)aswell asthatof page
evictions (for the supply). This is unwieldy andresultsin interdependensupply andde-
mand: by makinga simplifying assumptionwe canreduceboth supply and demandto
independentscalar numericvalues.

Therearetwo reasongor pagingactvity: cold missesandcapacitymisses Theformer
occuron pageshathave never beenreadin from disk; the latter on pageghat have been
evicted due to memory pressure. In this work, I model the cost of pagingonly in the
pathologicalcasewheretherearea very large numberof capacitymisses:i.e., whenthe
systemthrashedy repeatedlyevicting andreloadingthe samepages.

Thrashingoccurswhentheworking setof anapplicationexceedghe memoryavailable
to it. Thus,the memorydemandof anoperationis the sizeof its working set. The supply
is the numberof pagesavailableto it. | approximatethe supply by the numberof pages
availableat operationstart: the applications residenfpagesandthe free pagesavailableto
it. | neglectthe pagingcostwhenthereis no thrashingthe costof thrashings assumedo
beinfinite.

Dinemory(T) = |Working(T)

Smemory(T) = |Resident(to)| + freepages(to)

. (0@ If Dmemory (T) > Smemory(T)
Crmemory(T) = { 0 otherwise

LiketheGPSmodel,theworking setmodelis anidealization.It is notvalid in situations
wherecold misseshave a major performancampact. It doesnot capturethe benefitsof
prefetting, sincethe aim of prefetchingis to avoid cold misses.For the purposesf this
dissertationthesdimitations of theworking setmodelareacceptableandl choosdt over
amoregenerabut morecomplex model.
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Client file cache

Many applicationsaccesdatafrom remoteseners; in mobile ervironments,the client

machineoftencacheghis dataonlocaldisk. Thusclientfile caches alsoacacheresource,
at a differentlevel of the cachinghierarchy This sectionshavs how to modela read-only
clientcachen termsof supplyanddemand.

We canmodelclient cacheaswe do memory; however, the working setmodelis no
longervalid. Cold missesarecommon,andcannotbeignored: evenif anobjecthasbeen
previously cachedjt might have beeninvalidatedby the sener. Ontheotherhand,thrash-
ing is rareon thetime scaleof atypical interactve operation.

Thus,for clientfile cachesn mobileinteractie ervironmentswe concentraten cold
missesandignore capacitymisses. The demandof an operationis the setof objectsac-
cessedthesupplyis the setof valid cacheentries.

Ditecache(T) = {X|X is accessetly T'}

S'titecache(T') = {X| X is cachedandits cacheentryis valid}

Objectsthatarein theformersetbut notin thelatercausecachemissesNotethatit is vital
to represensupplyanddemandassetsof objects ratherthanjust asthe aggreatesize of
theobjects:it is thesetrepresentatiothatallows usto determinenvhich objectswill trigger
cachemisses.

| assumehat cachemissesare servicedby fetching dataobjectsover a wirelesslink,
andstoringthemon the local disk. The primary costof suchmissess thusthe network
receivecost i.e. thetotal numberof bytesfetched:

Cfilecache (T) = Z bytes (X)

XeDfilecache (T)/\ngfilecache (T)

Fromthis,we caneasilycomputehelateng costasafunctionof bytesfetchedandnetwork
receve bandwidth.

This modeldoesnot capturethe costof eviction, sincel ignorecapacitymisseslt also
ignoresstalenessif the systemknows, or suspectthata sener hasa later versionof an
object, it would ideally balancethe costof revalidationandrefetchagainstthat of using
staledata. The model can be extendedto supportstalenessy storing someadditional
datawith eachcacheentry — its versionnumber the time it waslast validated,andthe
most recentversionnumberfor this objectthat the client is aware of. Given these,we
couldderive a probabilisticestimateof stalenessanda stalenesgostmetricbasedon this
estimateIn somecasesstalenessanbedeterminedrom theobjectmeta-datae.g.,mary
cacheablevebpagesomewith an“expiry date”.



14 CHAPTERZ2. A RESOURCEBVIODEL

2.3.4 Exhaustibleresources

Thetime-sharedindspace-sharetesourcesonsideredibove arerenavable: time-shared
resourcesrerenaved periodically andspace-sharecesourcesarereclaimedwhenappli-
cationsreleasghem. Resourcesuchasbatteryenepgy do not fit this pattern: thereis a
fixed amountof resourceavailable, which is depletedby usageand mustbe augmented
by recharging. To characterizehe supplyof sucha resourcewe needto know the cur
rentresourcelevel E,.(t). When aggreating supply over a time interval, we mustalso
considerthe rechaging actiity duringthatintenal: thus,therechagerate R,.(t) andthe
maximumpossibleresourcdevel M, (t) arealsorelevant. M, (t) is oftena constant(e.g.
batterycapacity):for generalityl assumat variesdynamically Finally, theresourcemight
not supportarbitrarily high ratesof resourcedrain: theremight be a maximumallowable
depletionrate A, (¢). Thus,theinstantaneousupplyis the vector

Sr (t) = (Er (t), Rr(t), Mr(t)a A, (t))

Theinstantaneoudemandd, (¢) is the rateat which the applicationwishesto deplete
theresourcdevel. Theactualdepletionrateis limited by both supplyanddemand.define
theinstantaneouslepletioncostmeasuredn Joules/s:

¢y (t) = min(d,(t), A, (1))

In thecaseof batteryenegy, thesupplymetricmustalsocaptureanimportantaspecof
enegy-relatedstate:wall power. | assumehatwhenon wall power, applicationbehaiour
hasno effect on batterychagelevel. Then

Sbattery (t) = (Ebattery (t) ) Rbattery (t) ) Mbattery (t) ) Abattery (t) ) Wa” (t))

(Wall(t) is abooleanfruewhenonwall power andfalsewhennot; notethat Rystery (1) >
0 <= Wall(t).)

(0 = 0 if Wall(t) is true
Cattery L) = min(d,(t), A-(t)) otherwise

The aggrggatedemandof anoperation?” is the total amountof resourceconsumedy
it:
D.(T) = i A
AT) = [ min(d, (1), A (1)t

Theaggregatesupplyis theamountof resourcehatis availablefor theapplication:this
depend®nthecurrentresourcdevel, therechagerate,andthesystempolicy for rationing
the resource. In the caseof batteryenegy, | assumehat the operationcan run until it
completesor the batteryis completelydrained. In this case,the aggrgyatesupplyis the
entireavailableresourceincludingtherechaging thathappengsluringthe operation:

SH(T) = Ey(to) + [ Re(t)dt
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Theaggreatedepletioncostis theamountof resourceconsumed:
Cr(T) = D,(T)
For batteryenengy, takingwall powerinto account,

{0 if onwall power
Chattery (T —{ Diastery(T)  Otherwise

For simplicity, | assumehatwall-power statusdoesnot changeduringanoperation.

In my system,l useFlinn’s goal-directedadaptatiormechanisn{34] to adaptenegy
consumption.Goal-directedadaptatiorusesa a variantof the depletioncostmetric. The
costof an operationdependson its enegy consumptionweightedby the “criticality” of
the batteryresource. This weight reflectsthe extent to which the systemis meetingthe
users goalfor desiredbatterylifetime: it is zerowhenon wall power, smallwhenbattery
resenesareplentiful, andincreasesstheseresenesshrinkrelative to the desiredifetime.
The batterylifetime goalwould be setby the userbasedon the amountof work they need
to do, or theamountof time they will be away from wall power.

2.4 Combining resources

Sofar, we have looked at supply demandand costfor operationghat consumea single
resource.How do we characterizeoperationghat use multiple resources?Consideran
operation?’ with a network-boundphase€r....,, duringwhich it recevesdata,anda CPU-
boundphas€l,,.

We canstill measurehetotal resourcelemandasbefore. TheCPUdemandD,,,,(T') =
D cpu(T,py) isthenumberof cyclesusedby T, andsimilarly the network receve demand
is the numberof bytesrecevedby T,..,. We canapproximatesupplyby assuminghatthe
averagesupplyrateis the samefor bothphases:

SCPu(TCPu) = Sczm(T)
Srecv (Trecv) = Srecv(T)

Sincethe phasesresequentialthetotal latencg

cpu (Tcpu) Srecv (Trecv)
— Dcpu(T) + Drecv (T)
Scpu (T) Srecv (T)
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2.4.1 Linear and additive costmetrics

Lateng in the above exampleis anexampleof alinear, additve costmetric. A linearcost
metricfor someresourcer andoperation!’ satisfies

CT(T) =X, - DT(T)

whereX, is aconstanfor the periodof the operation.Lateng is alinearcostmetricwith
respectto GPSresources.X, = ﬁ where S,.(T) is the averagesupplyrate. Battery
depletionis alinear costwith respecto CPU andnetwork if we assumehateachcycle of
processingandeachbytetransmittedor receved,consumes fixedamountof enegy.

An additive costmetricfor anoperationl’ thatusesresources,, r», . . . satisfies
CT)=C,(T)+C,(T)+...

Lateng is an additive costmetric if all the resourcesare accessedequentially Battery
depletionis alwaysadditve assuminganidealbattery:thetotal enegy consumptiorof the
CPU, network, disk, etc. is the sumof their individual consumptions.Monetarycostis
alwaysadditive.

A costmetricthatis bothlinearandadditive satisfies:
C(T) =X, D, (T) + X, D,, (T) +...

E.g. anoperationthat only usesGPSresourcesand usesthem sequentiallywill have a
linear, additive lateng costmetric. If they are usedconcurrently thenit is linear with
respectto eachresourceput not additive. If we considerthe effect of memoryusingthe
working setmodel, thenit is additive but not linear: the memoryeffect addsocc to the
lateng if thrashingando if not.

2.4.2 Concurrent useof resources

If anoperationusesresourcesoncurrentlylateng is notadditive. If all resourcesreused
simultaneouslythen

3

L(T) = max{L(Tepu), L(Tomit), - - -} = max{ 15)'::: ((71:))7 l;:::é;; -

More complex concurrenyg patternswill resultin correspondinglgomplex lateng metrics.

2.5 Resourcemodelfor mobile interactive systems

In this chaptersofar, | presentedc generalresourcanodelbasedon the notion of supply
demandand cost metrics. | shoved how to describeapplicationbehaiour as resource
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demand;systemstateas resourcesupply; and performanceas resourcecost. | derived
supply demandandcostmetricsfor commoncomputersystenresourcesndperformance
measuresln somecases) shaved how to simplify thesemetricsby makingassumptions
specificto mobileinteractve systems.

This sectionfurtherrestrictstheresourcanodelto thedomainof thisthesis:application
adaptationin mobileinteractve systemsWe startwith someexamplesof suchadaptation,
andapplytheresourcanodelto them.| thendefinetheresourcesndcostmetricsthatare
relevantto this thesis;l explainwhy money is not arelevantresourceanduserdistraction
not a costmetric. Finally, | shov how resourcedependencies— demandor oneresource
leadingto demandor another— canbe capturedby appropriatecostmetrics.

2.5.1 Example: remoteexecution

Consideraspeechrecognizerunningonahand-heldlevice. Dueto local resourcepoverty,

theactualcomputatioris doneon a powerful remotesener. Theapplicationrecordsa user
utteranceand shipsit to the sener, which doesthe recognitionand returnsthe result. |

amassuming “request-responsahodeof execution,wheretherequesi{send)phasethe
computatioratthesener, andtheresponséreceve) phaseareall non-overlapping.We are
interestedn theresponséime or lateng of the entire“recognize”operationwhich

e transmitsD,,,;; bytesof digitized speechdatato the sener,
o performsD;mote opu Cyclesworth of computatioronthesener,
e recevesD,.., bytesof recognizedext from the sener.

Thethreestepsaresequentiabndthe operationlateng is additive:
Lrecogm'ze = Lzmit + Lserver + Lrecv

Eachstepusesexactly oneresourcenetwork transmitbandwidth sener CPU,andnetwork
receve bandwidthrespectiely. We alreadyknow how to computelateng costmetricsfor
theseresources:

L _ Dwmit
Tmit — g
Tmit
L =L . Dremote cpu
server — remote cpu — g
remote cpu
L . Drecv
recv — g
recv

Here Symits Srecvs @NA Sremote opu arethe bandwidthto andfrom the sener, andthe pro-
cessingateavailableatthesener. Thus,we have thelinear, additive lateng/ costmetric:

Dwmit D’remote cpu Drecv

Lrecognize -

Sa:mit Sremote cpu Srecu
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The remotecomputationalso requiressufficient memoryat the sener. If we usethe
simple “working set” latengy costmetric (Section2.3.3),thenmemoryhasno effect on
lateng whenthereis no thrashingandit dominateghelatengy whenthrashingoccurs.In
this casejateng is notlinearany more,but it is still additive:

I _ oo If D'remote memory > Sremote memory
remote memory — 0 otherwise

Lrecogm'ze = Lzmit + Lremote cpu + Lremote memory + Lrecv

2.5.2 Example: webbrowser

Figure2.1shows the statetransitionsof a typical, if simplistic, mobileinteractve applica-
tion: awebbrowser Theuserrequesta documentthebrowserfetchest overthenetwork
andrenderst to the display The performancemetricsof interestarelatens andbattery
drain. Let usassumeéhefetchandrenderarenot sequentiabut perfectlypipelined.In this
case,the lateny is dominatedby the slower of two phasesj.e. we have a non-additve
lateng costmetric(Section2.4.1)

Lshow document — maX(Lfetcha Lrender)

Supposeave have adocumenbf size X bytes,whichrequiresP cyclesof processindo
render If the availablenetwork receve bandwidthis B, andthe available processingate

is R, then

X D
Lfetch = X5 = Srecv = Lrecv
recv

Sy

P
Lren er — 5 Cpu:Lcu
der= RS P

Hence
Dreey Dcpu

Srecv ’ Scpu )

Lshow document — maX(

Batterydrainor enepgy useis still linearandadditive: if the CPUconsumed’,,,, Joules
for every cycle of processingandthe wirelessinterface P,.., Joulesper byte of datare-
ceived,then:

Eshowdocument = Ecpu + Erecv = Pcpu ) Dcpu + Precv ) Drecv

2.5.3 Which resourcesarerelevant?

Theresourcalefinitionandtaxonomydevelopedherefit a wide variety of resourcesEven
the threetraditionalresource®f economicdit into the taxonomy:Land asspace-shared,
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Resource Type Demandunits | Supplyunits
CPU Time-shared| cycles cycles/s
Enegy Exhaustible | Joules Joules
Network bandwidth(xmit) | Time-shared| bytes bytes/s
Network bandwidth(recv) | Time-shared| bytes bytes/s
Physicalmemory Space-sharedbytes bytes

File cachestate Space-shared (setof objects)| (setof objects)
Disk I/O (read) Time-shared| bytes bytes/s

Disk I/O (write) Time-shared| bytes bytes/s

Disk space Space-sharedbytes bytes

NotethatCPUdemands ameasuremerdf processotime, not of theactualnumberof instruction
cyclesusedby the application.| simply scaleprocessotime by processoclock speedto obtain
cyclesfrom second.This scalingcompensatefr differencesn measuredCPU time dueto dif-
ferencedn processoclock speed.However, it doesnot wholly eliminatethe effect of variation
in processoarchitecturethe samecomputatiormightstill requiredifferentnumbersof cycleson
differentprocessors.

Figure 2.2: Resourcesrelevant to mobile interactive systems

Labourastime-sharedand Capitalasan exhaustibleresource.Many suchresourcesre
notrelevantto mobileinteractve systemr evento computersystemsn general.Gasoline
is usedin mary systemscontainingautomobilesput is usuallyirrelevantto a hand-held
computer

What resourcesand costmetricsarerelevantto this thesis,i.e. to mobile interactve
systems?| identify four key costmetrics: latencyor interactve responsdime, battery
lifetime, monetarycost anduserdistraction | thendefinerelevantresourcessthosethat:

e fit into my resourcgaxonomy

e areinvolvedin the interactionbetweena mobile interactve applicationandthe un-
derlying system:thereis non-zercapplicationdemandandfinite systemsupply

e have asignificantimpacton atleastoneof the costmetricsmentionedabove.

On the basisof this definition, we can exclude gasolinefrom the list of relevant re-
sourcesWe canalsoexcludemong. Application-systemnteractionmightinvolve mone-
tary cost(e.g.if datais transmittedoveracommercialwirelessnetwork); but money is not
directly involvedin the interactionitself. The supplierof money is not the systembut is
externalto it.

Figure 2.2 shows the resourceselevantto a mobile interactve system. Of these,my
currentprototypesupportsCPU, memory enegy, network bandwidth,andfile cachestate
on the local machine,aswell as CPU, memoryandfile cachestateon remoteexecution
seners.
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2.5.4 Userdistraction: not aresourcecostmetric

Userdistractionis animportantaspecbf aninteractve application,especiallyin amobile
environment.A mobileuseris probablyengagedn oneor morereal-world taskswhile they
areusingthe computer It is critical to provide theinformationor computatiorrequiredby
theuserwith minimal distraction.

Userdistractionis afactorof mary things,including:

theinput/outputdevicesused.E.g. requiringkeyboardusemight be distracting
thenumberandtype of userinteractiongequired.E.g. pop-updialogwindows
thereal-world taskthatthe useris engagedn

themodein which resultsarepresentedtext, graphical video,...)

violation of userexpectation.E.g. a low-quality resultwherehigh quality was ex-
pected

To expressuserdistractionasa costmetric in my resourcemodel, we would have to
represenall theseaspect®f applicationbehaiour andsystenstateas‘resources” Rather
thanstrivefor animpossiblygeneratesourcenodel,l choseo treatuserdistractionexplic-
itly asametricthatis outsidetheresourceanodel.In Chapter3 we will seeyetanothemuser
metric of greatrelevance:outputquality. Although we canoftentradeoutputquality for
resourcausagetheformeris notdirectly aresultof thelatter: rather bothresultfrom adap-
tive choicesmadeby the application.For this reason] treatoutputquality independently
outsidetheresourcemodel.

2.6 Resourcedependencies

In Section2.5.2, we saw that using wirelessnetwork bandwidthhasan enegy cost. In
general,a cost metric for one resourcemight be in termsof demandfor another E.g.
memorypagingresultsn diskaccessCPUusageconsumegneqy; file cachemissesause
fetchesover the network. We canview theserelationshipsasa dependeng graph: there
is adependengfrom aresourcdo its costmetrics,which might themselesberesources.
Figure 2.3 shavs the dependenciebetweenthe resourcesand cost metricsin a mobile
interactve system.

Elementghatarenotsupportedn my currentprototypeareshavn in italicsanddashed
lines. The prototypedoesnot supportthe monetarycost metric, or the disk spaceand
disk bandwidthresourceslt “skips over” the dependenciesn disk bandwidth;it usesthe
working setmodelto directly estimatelateng costasa function of memorysupply and
demand;andit assumeshatthe only costof file cacheaccesss the network fetchin the
caseof a miss. It alsoignoresthe dependeng of enegy consumptioron CPU, network,
and disk bandwidth. Instead,it measuregnegy consumptiondirectly as a property of
applicationbehaiour.
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Figure 2.3: Dependenciedpetweenresources

2.7 Summary

In this chaptey | presentedh resourcemodelbasedon supply demandandcostmetrics.
| startedwith an extremelygeneralmodel,andthensimplified the modelby makingrea-
sonableassumptiongboutthe target domain: mobile interactve systems.l characterized
traditional systemresourcesn termsof supply and demand,and also a novel resource:
cachestate.| shoved how to derive costmetrics— lateng, batterydrain, and monetary
cost— asfunctionsof supply and demand. Money and userdistractionare outsidethe
resourcemodel; disk I/O anddisk spaceare coveredby the model but not supportedby
the currentprototype;CPU, enegy, network, memory andfile cachearesupportedoy the
modelandthe prototype.
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Chapter 3

Multi-fidelity computation

Thereasonablenanadaptsimselfto theworld ...
(G.B. Shav, Reason

Mobile interactve usersrequire low responsdimes and long batterylife. In other
words,applicationamustboundthe lateng andbatterydrain of interactve operations As
wesawv in Chapter2, thesecostsdependartly onresourcesupply whichis highly variable,
especiallyin mobile environments.Wirelessnetwork bandwidthvariesdueto contention,
noise,andradio shadavs. Time-sharedesourceseefluctuationsin offeredload, bothon
the local hostand on remoteseners. Hardware enegy-saving measures— scalingCPU
frequengy, reducingnetwork transmitpower, or selectvely disablingmemorybanks— are
yet anothersourceof variability. The client OS cannotcontrolall of thesefactors:hence
therewill alwaysbe somevariability imposedby the ervironment.

If we cannotguaranteeupply we mustregulatedemand:applicationsmustadaptde-
mandto matchsupplyin orderto maintainperformance.in this chaptey | introducethe
multi-fidelity computatiorasa simpleyet effective abstractiorfor adaptatiorin mobilein-
teractive applications Multi-fidelity computatiorgeneralizeandsubsumesary previous
approacheto applicationadaptationasalsoseveraltheoreticalextensiongo the notion of
algorithm. This generalizedefinition of multi-fidelity computationis one of the contri-
butionsof this thesis,andthe basisof the API andsystemdesigndescribedn Chapterst
andb.

| startby definingfidelity, andshav thatthe notionof datafidelity doesnot capturethe
entirerangeof fidelity adaptation.] complementatafidelity with a new concept:com-
putationalfidelity, anddefinemulti-fidelity algorithmsbasedon this broaderdefinition of
fidelity. 1 thenextendthe definition of fidelity further, to include performance-tuninga-
rametes. | briefly discussthe role of nontunableparametes in fidelity adaptationand
outlinethedifferencedetweerfidelity andoutputquality. Finally, | discusspreviouscon-
structsthataresimilar to multi-fidelity algorithms:approximatioralgorithms,anytime al-
gorithms,andimprecisecomputations.

23
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3.1 Fidelity

Previous work hasshown the value of adaptingdatafidelity: degradingdataobjectsto
reducenetwork bandwidthusagg37, 71] or batterydrain[31]. Fox etal. [37] have shavn
thatdegradingdigital imagescanreducefetchtimesfor webdocumentsNobleetal. [71]
describeasystenthatsupportsnultiple concurrenadaptve applicationseachwith its own
metricof datafidelity. Datafidelity is generallydefinedasthe extentto whichthedegraded
versionof a dataobjectmatchedhe perfector referenceversion.

Datafidelity, while valuable,is not sufficient to describethe entire rangeof fidelity
adaptation.Considera searchover animagedatabaseWe could run anapproximatever-
sion of the query which runs fasterbut might be more inaccurate:e.g., we canreduce
the harvest[36] — the amountof dataexamined— asin online aggregation [46] or con-
gressionalsampling[4]. Anotherexampleof approximategueryingis approximatemedi-
ans[60], whereaccurag is tradedfor mainmemoryusage.In all thesecasesye degrade
fidelity by providing a lesstrustworthy result: however, this fidelity is not associatedavith
ary specificinput dataitem, but with the computationitself. Similarly, we couldimagine
performinga numericalcomputationto differentdegreesof accurag; again,the accurayg
is nota propertyof theinput data,but of the computation.

| definecomputationafidelity asaruntimeparameteof acomputatiorthatcanchange
the quality of its outputwithout changingits input. Both dataand computationafidelity
sharea key characteristic:they allow usto tradeoutputquality (resolutionof animage,
or accurag of a search)for resourceconsumption.I combinethe two into a generalized
definitionof fidelity:

o A fidelity metricis aruntimeparameteto a computatiorthataffectsits outputqual-
ity, eitherby changingtheinput dataor by changingthe computationtself.

e A single computationcan have several fidelity metrics: i.e., fidelity canbe multi-
dimensional.

e Eachfidelity metric hasa specificrangeof values,either discreteor continuous.
E.g.,thelossines®f JPEGcompressiomnimageis usuallyrepresentedsa number
betweerD, and100: thisJPEGlevelis acontinuoudidelity metricwith avaluerange
[0,100]. If thealgorithmonly allows specificJPEGlevels (say25, 50, 75,and100),
thenwe have a discretefidelity metric. Discretefidelity metricscanalso be non-
numeric:e.g.,aspeectrecognitioncomputatiorcanchoosebetweera “large” anda
“small” vocahulary.

e Fidelity valuesfor eachmetric are ordered: eachvalue resultsin a higher output
quality thanthelast.
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3.2 Multi-fidelity algorithms

Traditionally, an algorithm hasa well-definedoutput specification E.g., ary candidate
for a sorting algorithmmustpresere all its input elementsand orderthemaccordingto
a given criterion. Only algorithmsthat adhereto this outputspecificationare considered
acceptableandwe comparethembasedon CPU time consumedmemoryused,or other
metricsof resourcaisageandperformance.

In an interactive application,a fixed output specificationwill not always matchthe
users needs. It might exceedthe users needsandwasteresourcesor fall shortof them
and generataunusableresults. Considera list of itemsthatthe userwishesto browsein
sortedorder It is importantto producethe first few items quickly (say within 1s), for
goodinteractve responseTheremainingitemscanbesortedwhile the useris viewing the
first few. Often,theuserwill terminatethe operationafter browsing thesefirst few items,
resultingin resourcesavings; if we hadsortedthe entirelist beforehandwe would have
wastedresources.

The key featureof the above scenarias thatthe outputspecification— the numberof
sorteditemsto compute— is not known. In fact, in this casewe are surerof our latency
constaint thanof theoutputspecification.Thelateng constrainimpliesconstraint®nre-
sourcedemandwe mustnotusemoreCPUcyclesor transmitmorenetwork bytesthanwe
canwithin 1s,atthecurrentlevel of resourcesupply Similarly, batterylifetime constraints
imply constraintnthe computations enegy demand.

In this example theright thingto dois to presentasmary sorteditemsaswe cancom-
putewithin our resourceconstraints.We have invertedthe roles of resourceconsumption
andoutputspecification— ratherthanfix the outputspecificationrandaim for the lowest
resourceconsumptiorpossible we boundthe resourceconsumptiorandproducethe best
possibleoutput. Of course,in the generalcase we might not wantto fix eitherof theseto
a particularvalue: we might specify an allowablerange,andlet the systemfind the best
possibletradeof.

Sincethetraditionalnotion of algorithmdoesnot allow usto performthis inversion,|
definea multi-fidelity algorithm

A multi-fidelity algorithmis a sequencef computingstepsthat (in finite
time) yieldsaresultthatfalls within arangeof acceptabl®utputspecifications
or fidelity levels. Upon termination,a multi-fidelity algorithm indicatesthe
fidelity level usedto generateéheresult.

The key featureof multi-fidelity algorithmsis thatthey allow a rangeof differentout-
puts,giventhesamenput. Theoutputsarenotall equivalent,however: eachhasadifferent
fidelity. The essencef a multi-fidelity algorithmis thatwe cantradethis fidelity for re-
sourceconsumption— the resourceconsumptionin its turn affects the lateng, battery
drain,andmonetarycostof the computation.
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user preferences

Operation
"show document"

! (PEG quality) Fetch
user request 1 Fide”ty tunable params

non_tunable_ params i decision nont_unable_barams
(image size) | (image size)
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Idle state *
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' response : 3 (CPU, energy)

(network, energy)

Figure 3.1: An exampleof an interactive, multi-fidelity operation

Theoperationgliscussedn Section3.1canall be castasmulti-fidelity algorithms:my
definitioncoversbothdatafidelity andcomputatiorfidelity. By extendingarny computation
with a pre-processingtepthatdegradests input anda post-processingtepthatdegrades
its output,we cancreatea multi-fidelity computatiorthatsupportsary datafidelity metrics
definedon theinput or outputdata,in additionto ary computationafidelity metrics.

3.3 Mobile, interactive, multi-fidelity applications

Multi-fidelity algorithmsarean excellentmatchfor my targetdomain: mobile interactive
applications.Mobility resultsin variableresourcesupply necessitating@daptation.Inter-

activity meanghatthefinal resultof acomputatioris viewedby a user notfedinto another
computation.As we saw in the sortingexample,usersareimperfectsourcesof input and
tolerantsinks of output. They rarely specify the exact fidelity that they desirefrom an
operation;often they will accepta lower fidelity outputin exchangefor lower lateng or

longerbatterylife; if they aredissatisfiedwith the resultsof adaptationthey are ableto

take correctve action.

Clearly, therearesomeinteractve applicationsvherefidelity adaptations undesirable:
e.g.amedicalimagingapplicationwhereaccurag is of paramountmportance However,
thereis alarge classof interactve applicationswherefidelity canprofitably be tradedfor
performance— thesearethetargetdomainof this dissertation.

We canmodelan adaptve, interactve applicationas a collection of operationsgach
of which could be a multi-fidelity computation.Every time we begin sucha multi-fidelity
opemation[83], we have anadaptve decisionpoint: we canchoosdidelity valuesto match
currentresourcdevelsandlateng (or enegy) constraints.

Recallthe“fetch anddisplaydocument’operatiorof Chapter2. To sare network band-
width, we canJPEG-compressagesataproxy senerbeforefetchingthem. Thelossiness
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of compressiorepend®n the JPEGquality: a runtimeparameteto the compressioral-

gorithm. Herethe JPEGquality is a fidelity metric: if we reducefidelity, we reduceoutput
guality aswell asnetwork demand Figure3.1shavsthe multi-fidelity versionof thefetch-

and-displayoperation.It is similar to the non-adaptre version,with oneadditionalpiece
of functionality: choosingthefidelity andactingon thatchoice.Chapterst and5 describe
thedesignandimplementatiorof the systenthatprovidesthis functionality.

3.4 Performance-tuning parameters

Someapplicationshave useful adaptationghat do not affect output quality at all. E.g.,
remoteexecution— runningpartor all of acomputatioronamorepowerful senermachine
— doesnot changeits output. However, dynamicallychoosingthe split of computation
betweerlocal andremotehostsis still extremelyvaluablein a mobileenvironment[33]: it
allows usto tradelocal resourcedor network bandwidthandsener resources Similarly,
parametricquery optimization[50] tailors the executionplan of a databasejueryto the
runtimebuffer availability.

Suchdecisions— how to split a computationwhich executionplanto use,or whether
to usea CPU-intensie ratherthana memory-intensie algorithm— areruntime parame-
tersof the computation.Changingtheseperformanceuning parametes affectsresource
consumptionbut not outputquality. | view performanceuning parameteras degenef
ate cases0f fidelity metrics: thosethat have zeroimpacton outputquality. | extend my
previousdefinition of fidelity andof multi-fidelity computation:

A fidelity metric is a runtime parameterthat affects the output quality
and/orresourceconsumptiorof a computation.A multi-fidelity computation
is acomputationwith oneor morefidelity metrics.

3.5 Nontunable parameters

Fidelity metricsare tunable parametes. we canadjusttheir valuesto regulateresource
demand.A computationmay have otherparametershat affect its resourceconsumption,
but arenot tunable. They may have beenfixed by the applicationor the user or they may

be propertief theinputdata.E.qg.,the sizeof theinput dataoftenplaysanimportantrole

in determiningresourceconsumptionthe computationatompleity [19] of analgorithm

is the relationshipbetweenan algorithm’s input datasize and its resourceconsumption.
In Figure3.1, thereis onenontunablgarameterthe original (uncompressedimagesize.

This affectsboththe compressetmagesize (andhencethe network usagelaswell asthe

CPU costof renderingtheimage.
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Nontunableparametersre not candidategor adaptation:changesn their valuesare
outsidethe adaptve systems control. However, their valuesdo impactresourceconsump-
tionandhenceperformanceThusary adaptve systenmustbeawareof nontunablgparam-
etersandtheireffectonresource&consumptionAdaptive decision-makingvill beimproved
by takingall known nontunableparametergto account:.we canview themastheinputto
thedecisionprocesswhile thetunableparameterarethe output.

3.6 Output quality

By outputquality | meanthe userperceved quality of the resultsof a computationinde-
pendentof its otheraspectssuchasits performanceor monetarycost). Clearly, output
guality dependsn fidelity; it may alsodependon externalfactorsrelatingto the userand
their ervironment. E.g. the perceved quality of an imagedisplayedby a web browser
depend®nthedisplayresolutiontheambientight, theusers eyesight,etc. By fidelity, on
the otherhand,] meanobjectie, situation-independemheasures®f how a computations
degraded. Subjectve measurementsf outputquality are outsidethe scopeof this thesis:
| assumehroughoutthat outputquality is identicalto fidelity, or thatthatthereis afixed,
well-known relationshipbetweerthetwo.

3.7 RelatedConcepts

In additionto the examplesof Section3.1,| amawareof threeprevioustheoreticalexten-
sionsto theconcepbf analgorithmthatarerelatedto thiswork. | describeéheseapproaches
here,andshaw thatthey canbe viewed asspecialcasesf multi-fidelity algorithms(Fig-
ure3.2).

Approximationalgorithmsproduceresultsthat are provably within someboundof the
trueresult. A subsebdf this class— polynomialtimeapproximationschemeg39] — have a
tuning parameteanalogoudo fidelity: theerrorbounde. Lower valuesof ¢ leadto longer
runningtimes, correspondingdo higherfidelity requiring a higherresourceconsumption.
Approximationalgorithmsaretypically of interestfor intractable(NP-hard)problemsand
concentrat®n reducingasymptoticcompleity. A recentexceptionis thework by Frieze
etal. on approximatemethodgo do LatentSemantidndexing [38], a problemfor which
polynomialtime solutionsalreadyexisted. Similar to approximatioralgorithmsare prob-
abilistic andrandomizedalgorithms[64], alsousedto generatgolynomial-timesolutions
for intractableproblems Herethe“fidelity” metricis theprobabilityof computingacorrect
answeyratherthanthe errorboundon theanswer

In contrastmulti-fidelity algorithmsareapplicablein mary situationsvherelow-order
polynomialsolutionsareavailable. Sorting,for instancejs O(N log N) in compleity and
yet the example given earlier shaved why one might use a multi-fidelity algorithm for
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Anytime
algorithms

Any-dimension
algorithms

Imprecise
computations

Approximation
algorithms

Multi-fidelity computations

Thefigureshavs how approximatioralgorithms anytime algorithms andimprecisecomputations
canbe viewed as specialcasesof multi-fidelity computations.PTAs (polynomialtime approxi-
mationschemesgre a specialcaseof approximationalgorithms;any-dimensionalgorithmsand
imprecisecomputationsretwo differentgeneralizationsf anytime algorithms.

Figure 3.2: Conceptsrelatedto multi-fidelity algorithms

this purpose.In therealworld, evena reductionof time by a constanfactoris extremely
valuable. Further classicalcompleity measuresypically only measureéCPU usage and
occasionallyresourcesuchas memoryand network. They do not considerenegy: a
critical resourcan mobile computing.

A multi-fidelity algorithmmay be composedf diverse,unrelatedalgorithms,one of
whichis dynamicallyselectecbasedn runtimetradeofs. Thusapproximatioralgorithms
areproperlyviewedasa specialcaseof multi-fidelity algorithms.

Anytimealgorithms[21] andtheir generalizationany-dimensioralgorithms[66], are
a secondimportantextensionto the conceptof an algorithm. An anytime algorithmcan
beinterruptedat any point duringits executionto yield aresult— alongerperiodbefore
interruptionyields a betterresult. Any-dimensionalgorithmsare similar, exceptthatthey
allow more generalterminationcriteria. Sincea rangeof outcomess acceptablethese
classe®f algorithmscanbe viewedasmulti-fidelity algorithms.However, their generality
is restrictedby the requirementhat valid resultsbe available not only on completionbut
at all times. Hence,anytime and ary-dimensionalgorithmsare also subsetof the more
generaklassof multi-fidelity algorithms.

Thethird extensionjmprecisecomputation$29, 30, 48], supportggracefuldegradation
of real-timesystemsinderoverloadconditions.Eachcomputations modeledasa manda-
tory partfollowedby anoptionalanytime partthatimprovesthe precisionof theresult. The
real-timescheduleensureshatthemandatoryportionof everytaskmeetsts deadlineand
thattheoverall erroris minimized. Sincethey allow multiple outcomesimprecisecompu-
tationsareclearlyinstance®f multi-fidelity algorithms.However, their restrictedstructure
andreal-timefocusmakesthema subsebf thelatterclass.
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Chapter 4

A multi-fidelity API

Hadl beenpresenttthe Creation,] would have givensomeusefulhintsfor the
betterorderingof the universe.
(Alfonsothe Wise)

Chapter3 claimedthatamobileinteractve applicationshouldbeviewedasa collection
of multi-fidelity computationsfor the purpose®f adaptationHow arethesemulti-fidelity
applicationswritten? Whatsystemsupportdo they need,andwhat API shouldthey useto
accesst?

This chapterdescribesheprogrammingnterfacethatl have designedor multi-fidelity
applications;Chapter5 describeghe runtime systembehindthe interface. | startwith
somebackgroundtheprinciplesthatguidedmy designdecisionsandtheprevioussystems
which influencedthem. | shav that thereis a mismatchbetweenapplication-leel and
system-l@el abstractionsandintroduceapplication-specifigpredictors asa way to bridge
this gap.| thendescribehethreecomponent®f the programmingnterface:library calls,
application configuition files and hint modules | concludethe chapterwith a simple
exampleusing the API, and outline a 5-stepprocessfor porting applicationsto usethe
multi-fidelity interface.

4.1 Background

4.1.1 Guiding principles

My primary designgoal wasa low barrier to deployment to make it easyto createand
run multi-fidelity applications.Writing an applicationfrom scratchis often prohibitively
expensve: thus,| wasconcernedo minimizethe costof porting existingapplications To
easedeployment,l wantedthe applicationsandthe runtimesupportto run on off-the-shelf
platforms.Theseconsiderationged to the following designprinciples:
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e high-level API: provide abstractionshatareeasyfor applicationgo use,ratherthan
thosethatarenaturalfor the OSto provide.

e small, minimally invasiveAPI: the fewer modificationsmadeto applicationsource
code,thebetter

e configuiationfiles wherepossible usetext configuratiorfilesto communicatenfor-
mationto the system ratherthanAPI callsembeddedn the application.Thesefiles
areeasierto write, maintain,andmodify thanapplicationsourcecode.

e minimalism wheneerpossibleuseexisting OSfeaturegatherthaninventnew ones.
| useLinux asabasesystemandmy systenmrunson two popularkernelversions—
2.2 and 2.4 — andtwo hardware architectures— x86-based”C and StrongARM-
basedtsy [8].

4.1.2 Assumptions

My focusis to provide effective supportfor adaptationi assumehatany applicationusing
this supporthassomeinherentcapabilityto adapt. In otherwords, the applicationmust
have sometunableparametersi-urther | assumeccesso thesetunableparametersgither
throughsourcecodeor somecodeinterpositioningtechnique E.g., Puppeteef20] manip-
ulatesthe behaiour of Windows applicationcomponentshroughwell-definedinterfaces
suchasDCOM. Of the four casestudiesin this dissertationthreeareof source-gailable
applications.The fourth is an unmodifiedweb browseraugmentedvith an HTTP proxy:

the proxy, for which | hadaccesgo sourcecode transparenthadaptamagequality onthe

browsers behalf.

4.1.3 Historical context: Odyssey

Thiswork grew out of previouswork in Odyssg [71], asystemthatsupportediatafidelity
adaptationto changesn network bandwidth. The key abstractionin Odyssg was the
resoucecallbadk: applicationgegisteredatolerancenvindow with Odyssg, andreceveda
callbackwhenresourcdevelsstrayedutsidethistolerancevindow. Thecallbacktypically
triggeredanadaptatiorof datafidelity andanew tolerancenindow registration.

My implementationis basedon Odyssg: it extendsthe Odyssg APl andinfrastruc-
tureto supportmulti-fidelity computationlt usesexisting featuresof Odyssg, suchasthe
network bandwidthmonitor. Someof my designprinciples— minimalismanduserlevel
implementation— areinheritedfrom Odyssg. Others— the high-level API andthe ac-
centon minimal sourcecodemodification— are basedon pastexperiencewith porting
applicationgo Odyssg.
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4.2 The importance of prediction

Thereis a basicmismatch,or semanticgap, betweenadaptve applicationsthe OS, and
users:

e applicationprogrammerslealin application-specifiparametersfidelitiesandnon-
tunableparameters

e theOSmanagesystemstateandresources

e userscareaboutusermetrics:outputquality andperformance

Which of thesesetsof abstractionshouldthe API support? If the goal is to mini-
mize applicationprogrammenburden,thenthe APl shouldtalk aboutfidelities, ratherthan
resourcesSimilarly, userspecifiedooliciesandconstraintshouldbein termsof usermet-
rics.

How will the systemtranslatebetweenfidelities, resourcesand usermetrics? From
theresourcanodel(Chapter2), performances a functionof resourcesupplyanddemand;
supplyis a featureof systemstate;and demanddependson applicationbehaiour (i.e.,
on tunableand nontunableparameters)My designencapsulatethesedependenciesto
componentgalledpredictors.

e Resouce demandpredictors predictapplicationresourcedemandas a function of
fidelity andnontunablgparameters.

e Resouce supplypredictors predictthe resourcesupply available to an application
from obsenationsof systenstate.

e Performancepredictorspredictperformancenetrics— lateng batterylifetime, mon-
etarycost— asafunctionof resourcesupplyanddemand.

In additionto lateng, batterylifetime, and monetarycost, mobile interactve users
are concernedwith output quality and user distraction The latter are not performance
metrics,and cannotbe expressedisresourcecostfunctions. This thesisdoesnot address
the constructionof predictorsfor outputquality or userdistraction: however, the system
designallows for suchpredictorsto be easilypluggedin, if available.

Supplypredictorsaregenericsystencomponentsperformancegredictorsareapplication-
specific, but a single predictorwill often sere a large classof applications. Chapter5
describesupplypredictorsfor CPU, memory network bandwidth,andenepy, aswell as
the genericlatency” and“battery depletioncost” predictorsusedby all the applications
studiedin thisthesis.My currentprototypedoesnot containa monetarycostpredictor

Demandpredictorsare clearly application-specifichowever, | wishedto automateto
the extentpossible thetaskof constructingsuchpredictors.l outlinemy generalapproach
here:Chapter7 describesandevaluateshe specificpredictorsthat| or othersbuilt aspart
of my applicationcasestudies.
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4.2.1 Demandprediction thr oughlogging and learning

My approacthto predictingresourcedemands empirical. We samplethe fidelity spaceby

runningthe applicationat differentfidelities; we log the resourcedemandat eachsample
point; andwe usemadine learning techniquego build predictorsbasedon the samples.
At runtime,the systemcontinuedo obsene applicationresourcalemandthis information

is usedby the predictorsto updatethemselesusingonlinelearningtechniques.

Onecouldimagineananalyticapproactto the sameproblem.Algorithmic complexity
analysig19] cangive us CPU consumptiorasanasymptoticdunctionof input parameters.
In therealworld, however, constantsnatter andtheseconstantssary from one hardware
platformto another We could attempta moredetailedanalysis,basedon processospec-
ification sheets.With modernprocessorsthis is virtually impossible:we would needto
accountfor superscalarexecution,branchmisprediction,TLB missesandothercompli-
catingfactors.Further thiswill only give us CPUconsumptionandnot memory network
bandwidth,or batteryenegy consumption.

| proposethat algorithmiccompleity be usedasa startingpoint: to guidethe learn-
ing algorithmsthat procesdog data. This allows us to specializea generalasymptotic
functionalform to the specifichardware on which the applicationruns. We canalsospe-
cialize our predictionsto the specificinput dataon which the applicationoperatesinstead
of alwayspredictinga worst-caser average-casscenario.

4.3 Multi-fidelity API

Basedon the designgoalsexplainedhere,| have designecan API thatis

e smalt thebaseAPI has3 C library calls.

e high-level fidelities are the basic abstractionsand the applicationdoesnot deal
directly with resources.

e usesapplication configuation files thesedescribethe applications fidelities and
nontunablegarameterso the system.

e syndironous applicationsrequesta fidelity decisionat eachdecisionpoint, rather
thanwait for thesystento suggesaichange A synchronou#\PI is easielto program
to: the performancadvantage®f asynchrog canbeobtainedoy alibrary layerthat
exports the synchronousAPI, but usescallbacksand cachingto interactwith the
underlyingruntimesystem.

e supportsapplication-specifipredictors, in theform of hint modules.

The remainderof this sectiondescribesn detail the C library calls, the application
configuratiorfile syntax,andthe hint moduleinterface.
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4.3.1 Cllibrary calls

The basicAPI consistsof 3 calls (Figure 4.1). The applicationcalls register fidelity on

startup:the systenthenloadsthe specifiedapplicationconfigurationfile andhint modules
(predictors). At the beginning of eachmulti-fidelity computation,the applicationcalls

begin_fidelity_op. Thevaluesof nontunablgarameterarepassedsinputs,andthetunable
parameterarereturnedasoutputs.Theapplicationthenrunsthemulti-fidelity computation
with the parametersuggestedby the system.On completion,it callsendfidelity_op: this

lets the systemmeasurehe resourceconsumptiorand lateng of the computation. This

informationis loggedfor future examination andalsousedto updatetheresourcedemand
andperformanceredictors.

4.3.2 Application Configuration Files

In orderto choosefidelity valuesfor an application,the systemmustknow what fidelity

metricsthe applicationhas,andwhattheir allowablevaluesare. Thesearedeclaredn an

application configuation file (ACF) with a simple declaratve syntax: a sampleACF is

showvn in Figure4.2. EachACF corresponds$o an operationtype: thusthe API supports
multiple operationtypesperapplication althoughthe currentsystemprototypedoesnot.

The ACF declaresachfidelity metricwith the keyword fidelity, andeachnontunable
parametewith the keyword parameter. Eachof thesecanbe orderedor unordered.Or-
deredmetricshave real-numberedaluesin somerange which maybe continuouspr dis-
cretizedwith somestepvalue. An unorderednetrictakesoneout of afixedsetof possible
valuesrepresentedsstrings.

The ACFalsoprovidesauniquedescriptoistringthatdescribeshetypeof multi-fidelity
computationalog file for obsenationsof resourcedemandandthe methodto be usedin
selectingfidelity valuesat runtime. Thelatteris indicatedby the mode keyword, andhas
oneof two values:normal, in which the systemtries to pick the mostappropriatdidelity
valuesgiventhe currentresourcdevels, andtraining , wherethe systemsampledidelity
valuesrandomly Thetraining modeis usedoffline to generatdogs that cover the entire
fidelity spacewhich arethenusedto constructpredictors.

Hint modules

The ACF alsopointsto a hint module: a binary objectfile thatis dynamicallyloadedinto
the systemon applicationstartup. The hint modulecontainsresourcedemandpredictors,
which arespecifiedin the ACF asentrypointsinto the module.Predictorsarewritten asC
functionswhich receve thefidelity andnontunablgparameteralues,anda “snapshot’of
the currentresourcesupplylevels, asinput (Figure4.3). The modulecanalsospecifyan
application-specifitateng predictorto overridethegenericlateng predictor Thelatengy
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[*  register operation type with runtime system. |Input is a pointer to the

Application Configuration File for that operation type. Output is a
unique identifier for the operation type. */
int  register_fidelit y( IN char *conf file, OouUT int *optype_idp);
/* query runtime for appropriate fidelity, before starting an operation.
inputs  are:
dataname: a unique identifier for the operation’'s input data
optype_id: the identifier returned by register_fideli ty

num_params: number of non-tunable parameters
params: array of non-tunable parameter values
num_fidelities: number of tunable parameters (fidelities).

outputs  are:

fidelities: array of tunable parameter (fidelity) values
opidp:  unique identifier for this operation
*/
int  begin_fidelity_o p(IN const char *dataname, IN int optype_id,
IN int num_params, IN fid_param_val t *params,
IN int num_fidelities,
OUT fid_param_val_ t *fidelities,
OUT int  *opidp);
/* report completion of an operation. Inputs are the application id,
the operation id, and a failure code. The latter can be
SUCCESS: successful completion
ABORT: If the program crashes without calling end_fidelity_op , the
runtime will  log a value of “ABORT"; it is not meant to
be passed in directly to this function.
USER_ABORT: operation aborted by user
RSRC_ABORT:operation aborted due to resource constraint violation
FAILED: operation failed for some other reason
*/
int  end_fidelity_op( IN int optype_id, IN int opid, IN failure_code failed);

Figure 4.1: The multi-fidelity API
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description radiator:radios ity

logfile /usr/odyssey/et c/ radi at or. radi osit y.I og
mode normal

constraint latency

param polygons ordered O-infinity

fidelity algorithm unordered  progressive hierarchical
fidelity resolution ordered 0.01-1

hintfile lusr/odysseyl/lib /r ad_hint s. so

hint cpu radiator_radiosi ty _cpu_hi nt

hint memory radiator_radios it y_menory_hi nt

hint latency radiator_radio si ty _la te ncy_hi nt
update radiator_radiosi ty _updat e

utility radiator_radios it y util ity

ACFfor theradiositycomputation.Thereis onenontunablgarameter— the numberof polygons
in theinput data— andtwo tunableparameters— the choiceof radiosityalgorithm,andtheres-
olution. Thefile alsospecifiesalateng constraintof 10 second®n every radiositycomputation,
andprovidesa hint modulewith CPU,memory andlateng predictors.

Figure 4.2: Example Application Configuration File
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typedef int  (*hint_func_t)(

typedef int (*update_func_t

IN char *dataname,

IN fid_param_val_t *params,

IN fid_param_val t *fidelities,

OUT double  *val,

IN struct snapshot *res_snapshot,

IN struct server *whichserver);

)( IN char *dataname,
IN fid_param_val_t *params,
IN fid_param_val_t *fidelities,
IN int numvals, IN struct res value
IN failure_code failed);

*vals,

Predictorsand utility functionsare of type hint_funct. They receve asinput a uniqueidentifier
for theoperationsinput data(datanamg the nontunablgparameteandfidelity valuesaresource
supplysnapshotandthe sener choserfor remoteexecution(if ary). They returnafloating point
valuewhich is the predictedresourceconsumption.Updatefunctionsare of type updatefunct,
andare passedhe datanamefidelity andparameteralues,an arraycontainingresourcedemand
andlateny valuesandthefailure codepassedy theapplicationto endfidelity_op.

Figure 4.3: Signaturesfor hint module functions
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predictorinvokestheresourcedemandoredictors andthencomputedateng asafunction
of resourcesupplyanddemand.

The hint modulecan also containan updatefunction This function, if presentwill
beinvokedat the endof eachoperationandpassedhefidelity, nontunablgparameterghe
resourceconsumptiorand performanceof that operation. It canthenupdatethe internal
stateof the predictorsusingthis information.

Finally, the hint modulecontainsa utility functionn a function that mapseachadap-
tive choiceto a numberrepresentingisersatisactionor utility. Thusthe utility function
encodeghe users policy for trading off betweenfidelity and performance. The utility
functionis passedhe fidelity andnontunableparametersit cantheninvoke the resource
demandand/orperformanceredictorsandusethesepredictiongo calculatethe desirabil-
ity of any particularfidelity choice.Theutility functionis expectedo returnarealnumber
in therange[0, 1].

Resource constraints

As we saw in Chapter3, oneof theadwantage®f multi-fidelity computationss the ability
to inverttherolesof fidelity andresourceconsumptionto producethe bestfidelity, while
keepingresourcedemandwithin somebound. | call theseboundsresouce constaints
Theseresourceconstraintsnight be obtained

e from the user: e.g. a soldieron the battlefield might want to limit radio network
transmissiono avoid detection.

e by observingresourcesupply: e.g. the supplyof memoryactsasa constrainton the
demandijf we assumeheworking setmodelfrom Chapter2.

e from higherlevel performanceonstraintsa userspecifiedboundon lateng results
in aboundon CPUdemandthevalueof the CPUboundvarieswith the CPUsupply

Resourcendlateng constraintcanbespecifiedstaticallyin the ACF; they canalsobe
addedor updatedat runtimethrougha hint_constrint call. Optionally, the applicationcan
alsospecifyatoleranceboundanda constiaint violation callbadk function: if theresource
usage(or lateng) of anoperationexceedghe tolerancebound,the callbackfunction will
beinvoked. Currently my prototypesupportscallbacksonly for lateng constraints.

4.4 Example useof API

Figure 4.4 shovs an exampleuseof the basicmulti-fidelity APl by a radiosity applica-
tion. During initialization, the programcalls registerfidelity and the systemreadsthe
Application ConfigurationFile shavn in Figure4.2. The applicationthenwaits for user
requestsWhenit recevesa userrequestjt invokesbeagin_fidelity_op, passingn thename
of theinput datafile andthe numberof polygonsit containg(i.e.,a nontunableparameter).
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int  optype_id;
register_fidelit y( "/ usr/ odyssey/e tc /ra di at or.r adi osit y. conf"
&optype_id);

while  (done) {
int opid, success;
char *objname, *algorithm;
double num_polygons, resolution;
fid_param_val_ t nontunables[1], tunables[2];

get_user_reque st (&obj name &num_polygons);

nontunables[O] .0rdered _val = num_polygons;

begin_fidelity _op( obj name optype_id, 1, nontunables,
2, tunables, &opid);

resolution = tunables[0].or dered _val ;

algorithm = tunables[1].uno rd ere d_val;

success = do_radiosity(ob jn ame, resolution, algorithm)

end_fidelity o p(optyp e_id , opid, success);

Figure 4.4: Sampleuseof multi-fidelity API
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begin_fidelity_op returnsthe tunableparameteralues:the algorithmandresolutionto use.
After completingthe radiositycomputationthe applicationcallsendfidelity_op.

4.5 Conclusion

Theprocesf portinganapplicationto the multi-fidelity API consistof five steps:

e Describe Createan ACF thatlist the applications fidelity metricsand nontunable
parameters.

e Modify. Insertcallsto the multi-fidelity API into theapplication.

e Measue: Acquirealog of resourcalemandat differentfidelity values by usingthe
systemin “training” modeandrunningthe applicationrepeatedly

e Learn Usemachindearningtechniqueso build demandandperformanceredictors
basednthelogs.

e Hint: Build a hint modulecontainingthe applications utility function andthe pre-
dictors.

In Chapter7 | shaw, throughfour applicationcasestudies,that the one-timecost of
porting applicationsis modest;in Chapter8 | showv that the runtime benefitsof multi-
fidelity adaptatiorareconsiderable.



Chapter 5

Systemsupport for multi-fidelity
computation

I mustCreatea Systemor beensla’d by anotheiMan’s.
(W. Blake, Jerusalempl.10,1.20)

What systemsupportdoesthe multi-fidelity API require? What functionality canbe
suppliedby genericsystencomponentsatherthanapplication-specifiones?f application-
specificcomponentgarerequired how canthe systemaid in building them?

In this chapterl describethe designandimplementatiorof runtime supportfor multi-
fidelity computationl outlinethe principlesthatguidedthe designprocess] thendescribe
the high-level design,followed by a descriptionof eachkey component. Someof these
componentsveredevelopedby otherresearchersthesearedescribedoriefly, while com-
ponentslevelopedby measpartof thisthesiswork aredescribedn moredetail. | conclude
with a micro-benchmarlbasedmeasuremenof the overheaddsmposedby eachruntime
component.

5.1 DesignRationale

Deployabilitywasthe key considerationn my runtimedesign justasapplicationportabil-
ity wasin the API design.| wantedto deploy bothapplicationsandruntimeon off-the-shelf
platformswith minimal effort. This led to a designphilosophythatfavours

e minimalism | usefeaturesof theunderlyingOSwherepossibleratherthanreimple-
mentthem.

e agray-box[6] approacthatavoidskernelmodification.My runtimeis implemented
asa userlevel procesghatoccasionallyrelieson knowledgeof kernelinternals,but
never on modificationof theseinternals.

41
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What runtime supportdoesthe multi-fidelity API require? The runtime systems pri-
maryresponsibilityis to male fidelity decisiongor theapplicationat the beginning of each
multi-fidelity operation.Secondarilythe systemshouldprovide monitoringandlogging of
applicationresourcademandfor performancelehuggingpurposesndto build predictors
for resourcalemandn thefuture.

The focus of this dissertationis application adaptation: at eachdecisionpoint, the
systemtriesto pick the applications tunableparametewaluesto achiese the bestpossible
tradeof betweerperformanceandoutputquality. Clearly, applicationperformances also
affectedby OShbehaiour: changesn resourceallocation,CPUfrequeng or disk spindavn
policy will affectthe applications resourcesupply My approachs to observeandpredict
systembehaiour — i.e. resourceavailability andallocation— but notto modify it.

A purelypredictive approach23] hassereraladvantages:

e it preseresthe assumption®f my resourcanodelby avoiding cyclic dependencies
betweenresourcesupplyand demand. Ratherthan attemptto manageboth supply
anddemandmy approactpredictssupplyandregulatesonly demand.

e noQoSguaranteearerequiredfrom theunderlyingOS:| requireawealer property
thatof predictabilityof resourcellocation.Predictabilityrequiresonly thatthe OS’s
allocationalgorithmsbeknown, andthatthe OS export sufficiently detailedstatistics
to enableusto second-guesiss resourceallocationdecisions.However, it doesnot
requirethat theseallocationdecisionsconformto ary pre-arrangedotion of fair
share proportionalshare,or guaranteedate. We will seethatwhile the allocation
decisionsof areal OS (Linux) arenot perfectlypredictable— notall of therelevant
stateis visible at userlevel — we canstill build predictve modelsthatwork well in
practice.

e theapproactworksequallywell for resourcesvhereguaranteeareimpossible:e.g.,
wirelessnetwork bandwidthis affectedby environmentalconditionsthatareoutside
the OS’s control.

¢ legag/, non-adaptre applicationsareassuredhattheir resourceallocationsandper
formancewill not be affected: the OS continuesto make the sameallocationdeci-
sionsasbefore.

e a prediction-onlyapproachmakesit easierto avoid OS modificationusing a gray-
box approach:we canobsene and predictsystembehaiour entirely at userlevel,
perhapswith knowledgeof kernelinternalsbut without needingto modify them.

Thedisadwantageof a prediction-onlyapproachs alack of integrationbetweersystem-
level resourcemanagemerdéndapplication-leel adaptation.Whentherearemultiple ap-
plicationsrunning,the systemcould potentiallymake betterdecisionsf it knew how each
applicationwould adaptin responsedo thosedecisions. This thesisdoesnot addresghe
hard problemof integrating resourceallocation, hardware managementand application
adaptation:the systemleavesthe first two to the default OS mechanismsand passvely
obsenre andpredicttheir effect on applicationresourcesupply
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Figure5.1: Systemsupport for the multi-fidelity API

5.2 Design

Figure5.1 shows the high-level designof the runtimesystem.lts primaryfunctionality—
making fidelity decisions— is triggeredby a beagin_fidelity_op call from the application,
andis implementedy thefollowing steps:

1. Theapplicationpassesn thevaluesof the nontunablgparameters.

2. A setof supply predictors predictsthe applications resourcesupply for the near
future. This informationis capturedn a“resourcesupplysnapshot”.

3. A solversearcheshe spaceof tunableparameterso find the bestpossiblevalues.It
evaluatescandidatevaluesfor the tunableparameterdy computingtheir goodness
or utility.

4. Utility is computedby the application-specifiaitility functionin the hint module.
This function is given the tunableand nontunableparametervaluesaswell asthe
resourcesupplysnapshot.

5. The utility function invokes performancepredictors that computethe latengy and
batterydrainresultingfrom this particularchoiceof tunableparameters.

6. Performancepredictorsin their turn, call application-specificesouce demandpre-
dictors; they thencombinesupplyanddemando computeperformance.

The secondpieceof functionality— monitoringandlogging— is triggeredby a call
to endfidelity_op:
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7. Resoucedemandmonitors computethe aggreyateresourcalemanddf the operation
justconcluded.

8. A logger recordgheresourcalemandiunableandnontunablgarametevaluesand
the successHilure codeof the operationin adiskfile.

| divide the runtime designinto generic and application-specificcomponents. The
solver, supply predictors,demandmonitors,and logger are genericsystemcomponents.
The hint module,which containgthe utility function,demandoredictorsandperformance
predictorsjs application-specificAlthoughperformanceredictionis application-specific,
asimplelateng predictionschemevorksfor alarge classof applicationsl includeamong
thegenericsystemcomponents lateng predictorthatis usedby all theapplicationsstud-
iedin this dissertation.

Thischaptedescribesheimplementatiorof thegenericsystencomponentsthesolwer,
the supplypredictorsthe genericlateng predictor the demandmonitorsandthelogget

5.3 The solwer

Thesolver’staskis to searchthe spaceof tunableparameterandfind the setof valuesthat
maximizethe operations utility. It supportdwo basictypesof parameter:

e discrete thesehave afinite setof possiblevalues:e.g. integersfrom somerange,or
oneof asetof enumeratedalues.

e continuousthesetake areal-numberedaluefrom a specifiedrange.In otherwords,
the setof possiblevaluesis infinite but bounded

My searchstratey is very simple: for discreteparametersthe systemexhaustvely
searchesll combinationsof values. Although this approachhascomplexity exponential
in the numberof parametersit works well whenthe numberof parameterss small. For
continuousparametersit findsthe optimal valuesby a gradient-descerdpproach.When
therearebothdiscreteandcontinuougparametersl, combinethe two stratejies: for every
combinationof discreteparameteralues,the systemrunsthe hill-climbing algorithmto
find the optimal valuesof the continuousparametersl have foundthatthis simplesolver
is sufficientfor theapplicationd studied;moresophisticatedolverscaneasilybe plugged
into the systemwithout modifying othercomponents.

5.3.1 Restrictedvs. unrestricted utility functions

Theddifficulty of the solver’s taskdependdargely on the utility function. We canbroadly
classifyutility functionsinto two types,restrictedandunrestricted

Restrictedutility functionsareconstrainedo someparametrizedorm, e.g. polynomial
or piecaviselinear. Specifyinga utility function consistsof specifyingthe parametewral-
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ues: e.g. the coeficientsof a polynomial. With restrictedutility functions,the solver can
exploit its knowledgeof the underlyingfunctionalform for faster moreaccuratepr more
robustoperation E.g. Lee[57] hasshavn efficient, nearoptimalsolutionsbasedninteger
programmingor weighted-sunutility functionsover discrete prderedparametespaces.

Thedisadwantageof restrictedfunctionsis thatwe mustcoerceall utility functionsinto
thespecifiedorm. | intendutility functionsto beagenerakxpressiorof applicationpolicy,
andit is not clearif arny givenform will suffice for all usefulapplicationpolicies. Further
utility is a function of performancewhich is a function of resourcedemand.This means,
for example,that a linear utility functionis only usableby applicationsfor which both
resourcademandandperformancearelinearfunctionsof thetunableparameters.

| decidedto useunrestrictedutility functions:| only constraintherangeof thefunction
to [0, 1] andrequirethatthe sameinputswill always producethe sameoutputs(idempo-
teng). Thisallowedmeto

e useaprocedure-calinterfacebetweerthe solver andthe utility function. Thisinter
faceis standarcandindependenof solverimplementation.

e write utility functionsin C, ratherthandevise a specialsyntaxfor them. TheseC
functionsarecompiledandloadedinto the solver'saddresspace.

Thedisadwantage®f this approachare:

e utility functionsareTuring-completeandthe solver canmake no assumptiongabout
their behaiour. A pathologicalutility function cancausethe searchto fail, to be
inefficient, or to generatesuboptimakesults.

¢ loadingutility functionsinto the solver’s addresspaceis unsafe:a buggy or mali-
ciousfunctioncancrashthesystem.

Unrestrictedutility functionsgive ussimplicity, generalityandefficiengy attheexpense
of safetyandrobustness.In Section10.31 will discussalternatve representationthat
addresgheseimitations.

5.3.2 Search vs. feedback-contiol

An alternatve modelto search-baseddaptationis local feedba&-contiol: asthe system
runs,it continuallyevaluatests currentperformanceandincrementallyadjustdidelity up-
wardsor dovnwardsasrequired.A purelylocal approacthasmary dravbacks.It cannot
respondquickly yet accuratelyto dramaticchangesn the ervironment:thatrequiredarge
yetaccuratechangego tunableparametewalues which areimpossiblef it cannot predict
theeffectof thesechange®n performanceThus,mary iterationsof thefeedbackoop will
berequiredbeforewe corverge onthe correctparametewalues.Further if therearemulti-
ple tunableparametersye cannotknow which onewill give usthe desiredmprovement:
we musttry eachin turn, makingadaptatiorevenlessagile.
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In my design,l usefeedback-controbnly to augmentrediction. E.g., batteryenegy
is managedhroughgoal-directedadaptation[34], a form of feedback-controll alsouse
feedbackechniquesvhenapplicationbehaiour variesin waysthatthe predictorsdid not
anticipate. In suchcases, usefeedbackto correctthe predictors,ratherthan directly
adjustingthe applications tunableparameters.

5.4 Utility functions and resource constraints

In additionto utility functions,applicationsor usersmight have peroperationconstaints
on resourcademandor cost(e.g. latengy). As we saw in Chapter3, a valuablefeatureof
multi-fidelity computationis the ability to invert the roles of outputquality andresource
consumptionto say“give methebestpossiblequality without usingmorethan X unitsof
resourc€. Resourcenr performanceconstraintanight arisefrom the system the applica-
tion programmeyror theuser:

e To satisfy batterylifetime goals, the runtime systemdynamically setsconstraints
on peroperationenegy usage,basedon the currentbatterylevel andthe desired
batterylifetime. Similarly, to ensurethatexcessve memorydemanddoesnot cause
thrashing,the runtime systemcomputesa constrainton eachoperations memory
demandpasedon the currentlyavailablememorysupply

e The applicationprogrammercanspecifya lateng constraintin the ACF, basedon
their knowledgeof acceptableesponseimesfor the operation.

e the usercanoverride the applications default constraints,or add additionalones.
E.g.,asoldieronthebattlefieldcould constraimetwork transmissiorio avoid detec-
tion.

| assumehatperformancendresourceconstrainthave a binary effect on userutility .
If the constraintis violated, then utility is greatly reduced;if the constraintis satisfied,
utility is unafected. E.g.,whena memoryconstraintis violated,the systemthrashesand
utility is nearzero.As long aswe staywithin the constraintnemorydemanchasno effect
on utility. | representhis binary effect by multiplying a stepfunction(Figure5.2(a))into
theutility function. Whenthe constraints violated,the stepfunction’s valueis 0, andthe
utility isforcedto 0. Whentheconstrainis satisfiedthevalueis 1, andutility is unchanged.
The advantageof this multiplicative approacthis thatwe cancomposean arbitrarynumber
of functionsin this way, yet ensurethatthe rangeof theresultingfunctionis always|0, 1].

5.4.1 Constraints assigmoids
The disadwantageof stepfunctionsis that they do not allow us to specify toleranceor

“slack”. E.g.,theusermaydesirea lateng constraintof 100ms: all valuesbelow this are
equallygood. Above 100ms, the users utility degradessteadilyuntil it is nearzeroatls:
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Figure 5.2: Utility function for a latency constraint of 1 sec

all valuesabore this areequallybad. Thus,theregiontheregion betweerllOOmsandlsis
atolerancezone wherethe users utility degradegracefullyratherthansharply

To incorporatethe notion of tolerance,l usesigmoid(Figure5.2(b)) ratherthan step
functions.A sigmoidfor aconstraintvaluey andatolerances hastheform

1
1+ elz—w)/o

It goesfrom 1 at—oo to 0 at+oo. Thecurve hasthreeregions:the“good” part[—oo, u—o],
thetolerancezone|y. — o, u+ o], andthe“bad” part|u+ o, +00]. Theutility atthetolerance
zoneboundariess 0.88and0.12respectiely; in thetolerancezone utility degradesalmost
linearly. This meanghat,evenin the“bad” zone,utility canbeashigh as0.12. To avoid

this, | actuallyusethe sigmoid
1

1 + etz—m)/o
which hasboundaryvaluesof 0.98 and 0.02: the multiplier of 4 ensureghat the utility
outsidethetolerancezoneboundariess very closeto O (or 1).

My runtime systemprovidesa helperfunction that computessigmoidsfor any given
constraintandtolerancevalues.Applicationutility functionscanuseit to incorporateuser
constrainton lateng or resourcademandnto the utility. System-determinedonstraints
on memoryandbatterydrainaremultipliedin by theruntimesystembeforethefinal utility
functionis providedto the solver.
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5.5 Systemresourcepredictors

My currentprototypehasfive supply predictors— for CPU, memory network, enengy,
andfile cache— one genericperformancepredictor— for latengy — and one generic
demandpredictor— for file cache. Of these,the CPU, memory andlateng predictors
weredevelopedaspartof this thesiswork: | describeéhemin detail,andthe othersbriefly.

5.5.1 CPU

Thiscomponenpredicts atthestartof eachmulti-fidelity operationthe CPUsupplyavail-
ableto it in cycles/s.It is basedon anumberof simplifying assumptions:

e the computationof interestis containedwithin one processor thread,and its be-
haviour is independentf the otherprocesses the system.

e this processs entirely CPU-boundduringthe computation

e the scheduleiis round-iobin: it givesan equalprocessoshareto all runnablepro-
cesses.

e we have tempoal locality: the recentpastpredictsthe nearfuture whenpredicting
thenumberof runnableprocesses

e temporallocality operatestall time scalesf interest.l.e., theaveragebehaiour of
thelastls predictsthe averagefor thenext 1s,thelast10s predictthenext 10s, etc.
In this dissertatiorl amconcernedvith time scaledbetweer0.5sand50s.

Theseassumptionareidealistic,but we canderivefrom themasimplepredictve model
thatis effectivein practice.l predictaproces®’s CPUsupplyoverthenext T' secondss

Sepu = P/N

whereP istheprocessospeedandV is thepredictechumberof runnableprocesses— the
processoload — overthenext T secondsTo predict NV, the systemperiodicallysamples
theinstantaneoubad averagefrom /proc/loadarg andsmootheghis measuremenising
anexponentialdecayscheme:

Niy1 =aN;+ (1 — a)n;

Here NV; is the smoothedvalue correspondindo the:'th raw measurement;. The decay
constanty is computedbasedn the desireddecaytime constantl’s:

o= eitp/TS
wheret, is the time interval betweensamples:my prototypeusesat, of 0.5s. With this
valueof «, eachsamplewill decayby afactorl/e everyTs secondsi.e.,Ts determinesur
“window” into the past.Basedon the assumptiorof temporallocality overall time scales,
Ts is setto the time periodT" over which predictionis desired. This is alsothe desired
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lateng of the computation:if we areaimingfor alateny of 1s,thenwe try to predictthe
CPUsupplyoverthenext 1s.

This load-smoothingschemads identicalto the standardoad smoothingschemeused
in Linux. However, Linux only computessmoothedvalueswith certainfixed decaytime
constantg60s, 300s, and 900s). My schemeallows the decaytime constantl’s to be
choserdynamicallyto matchthe desirectime periodof prediction.We couldalsoimagine
morecomplex autorgressve models[10, 23] for betterpredictionaccurag: however, the
simpleexponential-decagchemenorks suficiently well for my purposes.

Sofar| have assumedhatthefutureloadof the systemis predictedby the pastload, at
theinstantproces® beginsacomputationThisis areasonablassumptiorfor all processes
but p, giventhattheir behaior is independenof p’'s. However, p itself will be CPU-bound,
andcontritbutealoadof 1 duringthenext T' secondsirrespectve of its offeredloadin the
past.p’s pastloadis thusanunderestimatef its futureloadandso N will underestimate
thetotalload. The systemactuallyusesa correctedestimate

Nip = Ng+1-—n(p)

wheren(p) is the amountof load offeredby p in the past. At ary givenmoment,n(p) is
eitherO (not runnable)or 1 (runnable);it is sampledrom /proc/pid/stat andsmoothedn
amannersimilarto Nz. Thusmy final predictorfor a proces®’s CPU sharerelieson two
measurementshe overall systemload N andasp’s pastioadn(p).

5.5.2 Memory

Physicalmemoryon Linux andmary otherOSess nota hardconstraint:applicationscan
usemorevirtual memorythanthe available physicalmemory However, if the combined
workingset[22] of all applicationexceedgheavailablephysicalmemory thenthe system
thrashes.Thus, | candefinethe “supply” of memoryto an applicationasthe amountof
memoryit canusewithoutthe systemthrashing(Section2.3.3).

Therearethreekindsof virtual memorypageghatanapplicationcansafelyuse:

e pagesalreadyownedby theapplication:its residentset
e unmappegagesrom thefreepool
e pagesownedby someotherprocesshut notin that processs working set: inactive

pages

Thus, the total size of an applications working setshouldbe limited to the sum of
residentsize,free pool sizeandnumberof inactive pages.The residentsetandfree pool
sizesarestraightforvardto measurehow do we estimatethe numberof inactive pagesn
thesystem?

TheLinux 2.4VM systemusespage aging, anLFU schemdor pagereplacementThe
leastfrequentlyusedpagesare placedon an “inactive list”: theseareassumedo be the
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pagedeastlikely to be accessedh the nearfuture. Victims for eviction arechosenfrom
this list. Thelist is divided into cleananddirty pages,dependingon whetherthe pages
have datato be flushedto disk. The numberof inactive cleanandinactive dirty pagescan
bereadfrom /proc/meminfo.

It would seemthatthatthe “inactive pages”statisticis exactly the onewe need:it tells
ushow mary pagesanbereclaimedwith alow probabilitythatthey will beaccessedgain.
UnfortunatelyLinux’snotionof inactwvity is relative membershipf thelist indicatesonly
thatapageis lessactivethanotherpagesn thesystempotthatit is inactivein any absolute
senseWhenthereis little memorypressurepageaginghappenselatively slowly, andonly
pageghathave notbeenaccessetbr alongtimewill make theinactive list. Whenthereis
demandor memory the kernelagesmoreaggressiely, andthe thresholdfor inactiity is
lowered.

Thus,the“inactive pages’statisticmight over or under estimatethe actualnumberof
inactive pagesn the system.Further someof theseinactive pagesbelongto the process
for whichwe aredeterminingmemorysupply:addingtogethettheresidentsetsizeandthe
inactive pagecountwill double-counthesepages.To compensatéor theseerrors,l usea
control-feedbackpproachAt eachdecisionpoint, the systemincreaseds estimateby the
amountof availablememory;if thereis swappingactuity, it infersthatthe applicationis
usingtoo muchmemory andreducests estimate:

Smemory < S, +F+1,—-P

memory

Here Syemory @NA Sy.,0r, @rethe new andold memorysupply estimategmeasuredn

pages)respectiely; F' is the numberof free pages;/: is the numberof inactive clean
pagesandP is the systempagingactivity duringthelastoperation.

P = mln(Pswapina Pswapout)

wherePsyqpin aNd Pyy,ap0u: arethe numberof pagesswappedn from, andswappedout to,
disk. Theintuition is thatwe needonly worry aboutpageshatareswappedin aswell as
out: thesearepotentialindicatorsof thrashing.

5.5.3 Latency

Thegeneridateng predictorcomputesateny asalinearadditvecostmetric(Section2.4.1).
It canbeusedfor any operatiorwhich spendsll its elapsedime usingeitherthe CPU (ei-
therlocal or remote)or the network: i.e., it doesnot overlapcomputationand|l/O, or use
multiple CPU’sin parallel.

Thepredictedateng is

Dcpu + D’remote cpu Dzmit D’recv + Drtt

L =
Scpu Sremote cpu Swmit Srecv Srtt
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Here S, andS,emote opu arethe available CPU supplyin cycles/s,returnedby the CPU
supply predictorsrunningon the local andremotemachinegespectiely. S;..i;; and.S;..,
arethe transmitandreceve bandwidthmeasuredy the network predictor; S, is thein-
verseof the network round-triptime, i.e. the numberof round-tripsper second.Resource
demand Dy, D.mit, €tC.)is obtaineddy invoking application-specifidemandredictors.
Here D, is thenumberof round-trips(i.e. sener RPCs)madeduringthe operation.

5.5.4 Other predictors
Network

For network prediction,l usethe existing Odyssg network monitoringinfrastructureg71].
Odyssg passvely monitorstraffic on eachconnection,and estimatests bandwidthand
round-triptime. The monitormakestwo assumptions:

e thebandwidthbottleneckis atthefirst hop,whichis sharedoy all connectionsthis
is areasonablassumptiorior mobile hostswith awirelessfirst hop.
e thebottlenecKink is symmetric,with equalthetransmitandreceve bandwidths.

Energy

The enegy predictormonitorsbatterychage levelsandpower state andestimateshere-
mainingbatterylifetime. | usethebatterymonitoringinfrastructuredevelopedoy Flinn[32],
which querieshe hardwareusingthe ACPI [49] interface.

File cachepredictor

| usethe Codafile system[55] to storedatasharedby clientsandseners,andto manage
dataconsisteng. The file cachepredictor[32] queriesCodato getthe file cachesupply
i.e., thelist of valid cacheentries.

5.6 Demandmonitors

At theendof eachoperationthesystencollectsinformationabouttheoperationsresource
consumptiorandperformanceThisis doneby a setof demandmonitors,oneperresource
or performancemetric. We obsened that supply predictorsand demandmonitorsfor a
givenresourcaisethe samemechanismsin my design,| combinetheminto asinglemod-
ule. Eachresourcas handledby a singlecodecomponenthatis responsibldéor measuring
bothsupplyanddemand.

Currently my prototypemonitors
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e thenumberof CPUcycles(bothlocalandremote)usedby theoperationfrom /proc.
Actually, /proc providesthe CPU usagein seconds] scalethis by the known pro-
cessorspeedn MHz (from /proc/cpuinfo) to obtainmillions-of-cycles.

e the numberof network bytestransmittedand receved, and the numberof RPC%s
(roundtrips) made.

e theoperationsworking setsize:| describethis measuremenn detailbelow.

e theenegy consumptionif the hardwaresupportsACPI, or if we areusingthe Pow-
erScopeenegy profiling infrastructurd 31].

¢ the Codafiles accessedly the operationpy queryingCoda.

e theoperationateng, by calling gettimeofday

5.6.1 Measuring an operation’sworking setsize

How do we measurehe working setsize of an operation? | assumethat the process
residensetsizeis anupperboundonits working setsize:thisis trueif thereis no memory
contentionj.e., the processs pagesarenever evicted during the operation.l approximate
the working setsize by measuringhe residentsetsize at the end of eachoperation. On
Linux, memoryallocationdoesnotalwayscreatenew residenpagesnordoesdeallocation
alwaysreducetheresidensetsize:theprocesss heapmaycontainresidentout unallocated
pages.This meanghe memorydemandmeasuremens only valid for the first operation
executedby the applicationprocesswhenwe generatdogs of memorydemandwe must
restartthe applicationfor eachoperation.

Thus,memorydemandneasurementreonly valid undercontrolledexperimentaton-
ditions: in Chapter7, | will shav how | generatdogs of memorydemandundersuchcon-
ditions, andusethemto generatepredictorsthat canbe usedeven whenthoseconditions
arenolongertrue.

5.7 Thelogger

Theloggerassemblesll theinformationaboutthe operation— thefailure codepassedn
to endfidelity_op, thetunableandnontunablegparametewaluestheresourceconsumption
andlatenyy — andwrites it out as a timestampedog entry | usea text formatthatis
meantto be human-readableggndalsoeasily parseabldy scripts: a seriesof white-space
separatedermsof the form (variable) = (value). A samplelog file entryis shavn in
Figure5.3.
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995296364.0889 80 [radiator:radio si ty ] opid=0 dataname="drago n_lig ht ed"
polygons=10859 0. 000000 algorithm="prog re ssi ve" resolution=0.07 8310
failed=0 energy:pid=167 47.0 00000 energy:start_t $=995296354.0 75474
energy:stop_ts =995296364. 086669 cpu=2014.159510 child_cpu=2014 .15 9510
memory=5622169 6. 000000 latency=9.93535 1 net:xmit=0.00000 0

net:recv=0.000 000 net:roundtrips=0 .0 00000 remote cpu=0.0 00000
remote_child_c  pu=0.00 0000 remote_coda:fi les = predicted_cpu=1 782.0 02520
predicted_memo ry =56652476.3 88394 predicted_late ncy=8.5 59642

constraint_lat ency =10.0 00000 constraint_memor  y=61245030. 400000

Figure5.3: A log entry for the “radiator” program

5.8 Remoteexecution

Remotesenersare accessedhroughthe Spectrg33] remoteexecutionengine,which is

integratedinto the multi-fidelity runtime. Thesesenersrun application-specifiservices:
Spectrakeepsrack of availablesenersandthe servicegprovided by them. It tracksband-
width andround-triptime to eachsener, andcommunicatesvith CPU andmemorypre-

dictorsrunningonthesener to obtainestimateof CPUandmemorysupply Spectraalso
providesan RPC-like interfacefor applicationgo communicatevith the seners. It tracks
thetraffic overeachRPCconnectionandreportsit to the network demandmonitor.

Whenafidelity decisionis to bemade thesolverobtainsalist of candidatesenersfrom
Spectraaswell asthecorrespondingesourcesupplyvalues.lt chooseshe senerthatwill
maximizeoperationutility, andusesthatsener for all remoteexecutionsequestedy that
operation.Thus,senerdiscovery andselectioraremanagedy theruntimesystemandare
completelytransparento the application.

5.9 Overheads

In orderto measurehe runtime overheadof the variouscomponents| createda “null”
operation:onethatuseshe multi-fidelity API but doesno computationFor thenull opera-
tion, overheads just the elapsedime from theinvocationof begin_fidelity_op to thereturn
from endfidelity_op. | computedthe percomponentostby selectvely enablingcompo-
nentsandcomparingthe resultingoverheado the baseline.Sincea single null operation
takeslessthan1ms, | ran 1000 consecutre operationsduring eachtrial, anddivided by
1000to getthe peroperatiorelapsedime. Eachoverheachumberis themeanof 100such
trials. | alsoreportthe standarddeviations, which were computedsimilarly: | computed
the standarddeviation over the 100 trials, eachof 10000perationsanddivided by /1000
to getthe peroperationstandardieviation.
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Component(s) Overhead

Total Component
(Baseline) 0.72ms (0.36ms)
Logging 0.87ms (0.29ms) 0.15ms
Logging+ Syntronousflushto kernel 0.92ms (0.40ms) 0.05ms
Local CPU monitor 2.10ms (0.84ms) 1.38ms
Local memorymonitor 8.82ms (0.53ms) 6.72ms
Loc. CPUmon. + Solver 12.66ms (1.50ms) 10.56ms
Loc. CPUmon. + Solv. + Genericlatencypred. | 20.66ms (0.87ms) 8.01ms

Thetableshavs microbenchmark-baseaverheaddor variousruntimecomponent.Thefirst col-

umn shovs whatcomponentsvereactive in additionto the baselineoverheadof two callsto the
API. The secondcolumnshows the meanperoperationoverhead(standarddeviationsin paren-
thesesomputedover 100trials of 10000perationseach.Thethird columnshawvs the additional
overheadmposedby the highlightedcomponentlone.

Figure 5.4: Per-operation overhead of runtime system

Figure 5.4 shavs the componenbverheadsneasuredn an IBM ThinkPad 560 with
a 233MHz Mobile PentiumMMX processoon a Linux 2.4.2kernel. The baselineover-
head— makingtwo callsto theruntimesystem— is primarily dueto the communication
overheadf the Odyssg infrastructure:eachAPI call is convertedto a systemcall, which
entersthe kernelandis thenredirectedto a userlevel processihe return pathalsogoes
throughthe kernel. Thereis a small costfor logging eachoperationto a disk file, anda
smalladditionalcostfor synchronouslylushingthelog from userspaceto the kernelafter
eachoperation.This ensureghatall completedbperationsareloggedevenif theuserlevel
sener crashesNotethatthis doesnot protectagainstOS crashessincethe OS kernelstill
buffers disk writes: synchronousvriting to disk on eachoperationwould imposean even
largeroverhead.

The CPUandmemorymonitorsmustopenandreadfiles in /proc atthe beginningand
endof eachoperationjn orderto computetheresourcalemandhtthe endof theoperation.
Theséfile operationsarethe mainsourceof overheadn theresourcemonitors.

To measurdhe overheadaddedby the solver, | addeda singlecontinuous-aluedtun-
able parameteto the null operation:the applicationsstudiedin this dissertatiorhave at
mostonecontinuous-aluedtunableparameterl alsoaddedapplication-specifi€PUand
lateng predictors.Sincethetunableparameteis real-valued,themeasureaverheads re-
ally that of the iterative gradient-descerdilgorithm. Adding discreteparametersvould
multiply this overheadby the numberof discretevalue combinations,since the solver
would checkeachof them separately Finally, the genericpredictorcheckslocal CPU,
network, andremoteCPU availability: thusit hasanadditionaloverheadcomparedo the
application-specifigredictor which “knows”, for example,that the operationonly uses
thelocal CPUresource.
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In theworstcase the systemcould have anoverheadf about27ms: addingthe over-
headof the last experiment(local CPU monitor, solver, andgenericlateng predictor)to
that of the local memorymonitor. Although a total overheadn the tensof milliseconds
seemdhigh, | foundit acceptabldor the applicationsstudiedin this dissertation All these
applicationshave operationatencieson theorderof 1 s or more,andthelateng gainsdue
to multi-fidelity adaptatioroutweighthe costsby far. Therearetwo mainwaysto reduce
theoverheadurther:

e moreefficientimplementation®f theapplication-systenmterfaceandthe solver.

e custominterfacesfor efficiently readingkernelresourcestatisticswhen measuring
operationresourcademandor thelogs. My gray-boxapproaclhrestrictsthe system
to the standardsysteminterface(/proc): | have madea consciouglecisionto accept
this limitation ratherthansacrificedeployability.

5.10 Summary

In thischaptel describedhedesignandimplementatiorof aruntimesystento supporthe
multi-fidelity API. | usea minimalist, gray-boxapproachhat avoids kernelmodification
but sometimeselieson knowledgeof kernelinternals.l presentedhe top-level designas
well andthendescribedhe principal systemcomponentsthe solver, the utility functions,
and predictorsfor resourcesupply resourcedemand,and performance.| describedin

detailthe CPU,memory andlateng monitors,which werebuilt aspartof thisthesiswork;

we briefly describedhe remoteexecutionengineandthe network, enegy andfile cache
monitors,which werebuilt by otherresearchersFinally, | shaved thatthe total runtime
overheadper operationcanrangefrom under1 msto almost30ms, dependingon which

componentgareused.The primary sourceof overheads readingkernelstatisticsfrom the
/procfile system.
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Chapter 6

Machine Learning for Demand
Prediction

Thouart besidethyself, muchlearningdothmake theemad.
(ACTS 26:24)

Resourceredictionis crucialfor adaptationin Chapters, | describedchow theruntime
systempredictsresourcesupply Herel addresghe complementanproblem: predicting
an operations resourcedemandas a function of its tunableand nontunableparameters.
Resourcalemandpredictorsare application-specificherel describethe basictechniques
thatwe useto constructhem.Chapter7 describesheapplication-specificesourcelemand
predictorsthatwe built usingthesemethods.

To build aresourcedemandpredictor | obsere resourcalemandat differentpointsin
theparametespace] appendhisinformationto ahistorylog; andl fit thelog datato some
parametricmodel using machinelearning. The aim hereis not to develop sophisticated
machinelearningalgorithms,but to show the feasibility of history-basegbrediction.| use
simple learningtechniquesyefining them only when necessatry This chapterdescribes
the learningtechniquesisedin this dissertation:least-squagsestimation online update
data-specifidearning, andbinning.

| startwith anoutline of the stepsnvolvedin constructingaresourcadlemandoredictor
from anapplicationlog. | thendescribeeachiearningtechniquen detail. Finally, | describe
how | evaluatepredictoraccurag, by measuringcommon-caserror and bad prediction
frequency

6.1 How to build a predictor

Using machindearningto build predictorsconsistof four steps:

57
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. Selectthe input and outputfeatuiles The output featureis the value we wish to

predict. The input featuresarethosetunableand nontunableparametershat might
affecttheoutput.E.qg. if wewishto predicttheCPUdemandf arenderingoperation,
we would expectthatit will dependon the numberof polygonsto be rendered.If
the applicationcanscalethe numberof polygonsbeforerendering thenthe scaling
factorwill alsohave animpactonthe CPUdemand.In this case the polygoncount
andthescalingfactoraretheinputs; CPUdemands theoutput.

. Selecta parametrizednodelthatrepresentshe relationshipbetweenhe inputsand

the output. Clearly, a thoroughunderstandingf the computationbeing measured
andthe multi-fidelity algorithmsin it will greatlyaid the selectionof agoodmodel.
However, | have foundthatit is possibleto build goodpredictorsevenwith a small
amountof domainknowledgeandsimplelearningmodels.

. Extractthe input and outputfeaturesfrom the applicationlog, andfind the optimal

modelparameteralues:thosevaluesthatminimizethe overall predictionerror.

. If required,addanupdatemethod:away to recomputehe optimal parametevalues

whennev measurementareobtained.This allows the predictorto track changesn
ervironmentalconditionsor userbehaiour overtime.

6.2 Least-squaresregression

In all theapplicationd studied onebasictechnique— least-squaresstimation42, 98] —

provedto be of greatvalue. Often,the outputis somelinearfunction of theinput features;
in othercaseswe cantransformthe input featuresin someway, andthenapply a linear
function.

Theleast-squaresiethodfits datato a linearmodelof theform

y:co—i-clxl—l—chQ—i-...cnx”:)?T-é

whereX7 is thetranspos®f theinputfeaturevector:

XT = (1,21, 29,..., 2y

andC is the coeficient vector

é = [Co,Cl,...,Cn]T

Givenasetof datapoints

(1/1, Xl% <y2, XE), ) (yk, Xk)

we find thevalueof C thatminimizesthe sum-of-squagserror

k
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Figure6.1: Least-squakeslinear fit for CPU demandin Radiator

by solving L
M-C=Y
wherethe matrix M andthevectorY aregivenby

(EachXT is thetransposef the correspondingk;.)

My codebaseincludesscriptsthat,givenanapplicationlog andthe namesof the input
andoutputfeatureswill computetheregressiorcoeficients.

For example,the “progressve radiosity” operationin the Radiator applicationhasa
CPUdemandhatcanbe modelledas

Dcpu =cy+ c1p + CoPpT

Herep is anontunablgparamete(numberof input polygons)andr is a tunableparameter
(scalingfactoror resolution).To build aCPUdemandredictorfor Radiosity | transformed
theinputfeaturesetfrom [p, r| to [p, pr], andthenusedleast-squaresstimationto find the
optimalvaluescy, ¢1, ¢;.

If we wantto build a predictorfor a specificdataobject,thenp is fixed, andwe can
combinethetermsc, + ¢;p into a singleconstant.In this casewe canusea simplemodel
with only 2 coeficients:

Dcpu =co+cr

Figure6.1shavs graphicallyhow | fit thelattermodelto the CPUdemandf Radiator for
aspecificsceng“dragon”) containingl 00K polygons.The pointsrepresentneasurements
of D.,, andr obtainedby runningthe programwith differentvaluesof . Theline repre-
sentsthe least-squaresegressiorfit to thesepoints,i.e. it is theline y = ¢y + ¢yz. (In this
casegy = 311.97 andc; = 20299.08).
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6.3 Online updates

Someapplicationruntime parametersreinvisible i.e. the predictoris unavare of these
parametersConsidera userbrowsing a virtual art gallery, who movesfrom paintingsby
Renoirto sketchedy Picasso.The JPEG-compressibilitpf theimageschangesandwith
it thenetwork andenegy demandf fetchingthem;but the applicationandsystemareun-
awareof thesechangesin othercasesthe predictoris awvareof someruntimeparameters,
but doesnotknow how they impactresourcalemandE.g.,in arenderingapplication,CPU
demandvarieswith the cameragpositionandorientation,but we do not know therelation-
ship betweencamergparameterand CPU demand:the camergparametergareasgoodas
invisible, sincewe do notknow how to make useof them.

Whenthereareinvisible parametershe predictormustuseanincompletemodel: one
that mapsvisible parameter¢o resourcedemand,but ignoresinvisible ones. Whenthe
valueof aninvisible parametechangessodoestheresourcalemandFromthepredictors
point of view, it appearsghatthe mappingfrom visible parameters$o resourcedlemandhas
changedthe predictormustupdateitself in orderto reflectthe nev mapping.How dowe
performthis updatewithout knowledgeof theinvisible parameters?

In mostcaseswe canmake useof a commonpropertyof dynamicsystemstempoal
locality. We canassumehat the invisible parameterghangeonly by smallamounts,or
with low probability, over shortintervalsof time. This meanghatthemappingfrom visible
parameterso resourcedemandalso changegradually Recentmeasurementsf visible
parametersand resourcedemandwill reflectthe currentmappingmore accuratelythan
olderdata.

To make useof temporallocality, we needpredictorsthat graduallyforgetthe pastas
they acquirenew data: i.e., we needonline updatemethodsthat give greaterweight to
recentdata. Suchmethodsallow usto track changesn applicationbehaiour over time,
without knowing the underlyingcausedor thesechanges.

6.3.1 Recursive Least Squares

For linear predictorsgeneratedy least-squaresstimation,thereis a well-known online
updatemethod:exponentiallyweightedrecursiveleast-squagsestimation98, pp. 60-65],
which we will referto asRLS. RLS is a simple modificationto least-squaresstimation
that givesgreaterweightto recentdata. It is iterative: the estimationcoeficientscanbe
recomputedheaplywheneerwe acquirea nen datapoint.
RLS usegheweightedsum-of-squaresrrormetric
k — — .
F = Z(yz — C - Xi)Qakil
=1

wherea (0 < a < 1) is the exponentialdecayconstant.Intuitively, eachnew datapoint
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Figure 6.2: Changein linear fit with camerapositionin GLVU

causegheimportanceof every previous datapoint to decayby a factora. Smallervalues
of o causehe pastto beforgottenmorerapidly.

To find C, we solve

where

Wheneerwe receve anew datapoint (y; 1, X11), we update
M <_ OCM + Xk+1)2]?+1
Y < oY + a1 Xin

andrecomput@ beforewe make anotherprediction.

RLS requiresus to maintainstateof size O(n?), and the compleity of solving the
matrix equationon eachupdateis O(n?), wheren is the numberof coeficients. However,
the costsof statemaintenancend incrementalupdateare independenbdf the numberof
data points thus, RLS is extremely efficient whenwe have a linear modelwith a small
numberof coeficients.

For example the CPUdemandf renderinga scendn thevirtual walkthroughapplica-
tion GLVU is linearin the numberof polygonsused.We canuse

Dcpu =Co+c1p

wherep is the numberof polygonsthat we scalethe sceneto. However, the value of
C = ey, c1]" alsodependson the cameraposition and orientation. I.e., asthe camera
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moves,the relationshipbetweenCPU demandandpolygoncountalsochangeswhenwe

arelooking at a comple portion of the scene,D,,,, will be higher (for the samevalue of

p) thanwhenwe arelooking at a portion of lower compleity. Figure6.2 shavs the CPU

demandf GLvU asafunctionof polygoncount,attwo differentcamergpositions.We see
thateachpositionhasa differentbestfit line, i.e., differentcoeficient valuescy, andc;. As

the cameramovesfrom position1 to position2, RLS will move the bestfit line from the
first line to thesecond.

A hybrid approach

An online methodsuchas RLS customizeghe predictve modelto the recentbehaiour

of the application. Sometimesthe recentpastmight be misleadingand causeprediction
anomaliesE.qg.,in theshortterm,evenif fidelity is decreasingiesourcedemandmight be

increasingfor otherreasons.RLS cannotdistinguishsuchtempoal variationin resource
demand(e.g., becauseof changingcameraposition) from parametric variation (due to

changingfidelity). Thus,it will concludethat resourcedemandis a decreasingunction

of fidelity; the solverwill thenattemptto maximizeutility by picking the highestpossible
fidelity, leadingto a large lateng for that operation. Theseanomaliesare rare and are
immediatelycorrectedby RLS; however, they do causeannging performanceglitches
whenthey occur

A staticpredictor sinceit incorporates wide rangeof input data,workloadscenarios,
andfidelities, is robustagainstsuchanomaliesput hasbadaccurag in the commoncase:
it doesnot customizets behaiour to thecurrentsituation.] combinetheadvantage®f the
staticanddynamicmethodsby usinga hybrid RLS approachl usea modifiedupdate:

T oM + My + X1 X4
a+p+1

}—} - aY + ,BYE) + yk+1Xk+1
a+p+1

Here M, andY, arethe valuesfor the offline least-square§it: we periodically “re-
inject” theminto the online predictor to exponentialdecayfrom forgettingthe offline his-
tory altogetherin otherwords,we now have a history-basegbredictorwhere

e themostrecentobsenationis givenaweightof 1.
e recent(exponentially-decayed)istoryis givena collective weightof «.
o Offline measuremeni@regivena collective weightof 5.

Sucha predictoravoids the unstableworst-casebehaiour without reducingagility in the
commoncase.l believe thatmerelyincreasinghe valueof o will not provide this benefit,
but only increasestability atthe costof agility. However, | have notdoneadetailedanalysis
to validatethis claim.
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In practice,3 shouldbe small: the offline datashouldprovide stability againstrare
anomalieshut not interferewith predictionaccurag in the commoncase.For the virtual
walkthroughapplication,| usea = 0.5 andg = 0.05. | have foundthatthesevalueswork
well in practice althoughl have notdonea sensitvity analysisontheseparameters.

6.3.2 Gradient Descent

Incrementafradientdesceni{63, pp. 89—94]is anonline updatealgorithmfor linearmod-
els. It is acheapebut lessrobustway to implementthe samefunctionalityasRLS. Given
alinearmodel

y=X".C

we updateé for anew datapoint (yy1, X’kﬂ) with
CC+n-(y—C- X)) XE

Intuitively, we move C in thedirectionof steepesgiradientwrt y, by anamountpropor
tional to the error obsened on the latestdatapoint. I.e., we wantto reducethe error with
the leastpossibleperturbatiorof C. The learningraten determinesow aggressiely we
compensatéor this error: highervaluesof n causeusto forgetthe pastmorerapidly.

Althoughthis algorithmis moreefficient— O(n) in bothtime andspace— thanRLS,
it is notasrobust. Its accurag dependritically onall inputfeaturese; beingonthesame
scale:if onez; is muchlargerthanthe others,the corresponding; will seea correspond-
ingly large correction.The neteffect will beanoscillationin the valueof this ¢;, andlittle
changen the othercomponent®f C.

For thecasestudiesn thisdissertation| uselinearmodelswith asmallnumberof input
featuresl useRLS for onlineupdatedecause¢heextra overheads negligible andjustified
by theaddedrobustness.

6.3.3 Online learning asfeedback-contiol

Online learningforms part of a control-feedbackoop: it modifiesthe predictors,which
influencethe adaptve behaiour of the system,which in turn determinesvhat newv data
pointswill be fed to the online learningalgorithm. Thus,the efficacy of online learning
will dependon the natureandthe rate of changesn applicationand userbehaiour. It
is properly viewed as a fall-back technique,for situationswhere offline learningis not
adequate.
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Figure 6.3: Data-specificCPU demandin Radiator

6.4 Data-specificprediction

Theresourcalemandf acomputatiordependsiotonly onits runtimeparameterdyut also
onits input data. Somefeaturesof the input dataareeasilyextracted,andcanbeincluded
asnontunablegarameterso the operation E.g.,input datasizeis oftenanimportantfactor
in determiningresourceconsumption.However, in the caseof complex operationssuch
asthe 3-D graphicscomputationsonsideredn this thesis thereoften aredata-dependent
effectstoo complex for usto expressor evento understand.

In someapplications,the sameoperationmight be executedmore than onceon the
sameinput data,with differentruntime parametewalues.Our architectmight first request
a quick-and-dirtyrenderingof a scene andthenwish to view the samesceneat a higher
fidelity. In suchcaseswe would like our resourcepredictorsto make useof previously
acquired data-specifikknowledge. In orderto do this, | requireapplicationgto provide a
uniquelabelfor its input data: this could be a filename,a hashof the data,or any other
uniquelyidentifying string. (This labelis passedo begin_fidelity_.op asthe datanamepa-
rameter

We cannow make data-specifipredictionsby maintaininga cacheof previously seen
labels: we have a genericpredictorcomputedover all log entries,andalsoa data-specific
predictorfor eachlabel seensofar. Whenwe seea new label, we createa new predictor
for it, andinitialize it with a copy of the genericpredictor Subsequentlyonly log entries
with thatparticularlabelwill be usedto updatethe data-specifipredictor

Of theapplicationsstudiedin this dissertationgdata-specifipredictionis of greatvalue
in thetwo 3-D graphicsapplications:GLvVU andRadiator Theresourcalemandof both of
thesedependsiot only on parametersuchaspolygoncount,but alsoon the specific3-D
scenebeingoperatedon. Oftenwe will performseveral operationson a singlescene:in
this casewe will wantto tuneour predictorfor thatparticularscene.

For example,the CPU demandof radiositydependson the resolutionr (a tunablepa-
rameter)andon the original polygoncountp (a nontunableparameter).In fact, CPU de-
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mandD.,,, is alinearfunctionof the scaledpolygoncountrp. However, differentscenes
have differentlinearrelationshipdbetweenD,,, andrp: i.e. therearedata-specifieffects
thatarenot capturedby the polygoncountp. Figure6.3 shovs CPUdemandor the“hier-
archicalradiosity” operationasafunctionof the scaledpolygoncountrp for two different
scenesWe seethat data-specifidinear predictorsare muchmoreaccuratehana generic
linear predictorthatattemptdo fit datafrom bothscenes.

Similarly, whenusing JPEG-compressioon web images,we could usedata-specific
predictorsfor the compressibilityof eachindividual image. Thesecould be computedof-
fline: e.g.,by compressingheimageat differentquality levels,measuringhe compression
ratio in eachcase applyinga least-squares-basaabdel,andstoringthe least-squareso-
efficientsalongwith theimage.

In speechrecognitiomalso,resourcalemandiepend®ntheinputdata,.e. theutterance
beingrecognized.However, we are extremelyunlikely to seeexactly the sameutterance
(i.e. sampledsoundwaveform)ever again. Thusdata-specifigredictionis of little usein
this application.

6.4.1 Binning

Whenwe have discreteparametersvith a small numberof value combinationswe can
build a predictorthatis essentiallya lookup table. Eachvalue or combinationof values
mapsto an entry in the table. Eachentry would containa predictorthat factoredin the
remaininginput featuresithosethatarecontinuous-alued,or arediscretebut with alarge
numberof possiblevalues.

E.g.,the speeclrecognitionapplicationhastwo discrete-aluedfeatures.”Vocalulary
size” canbe small or large and*“location” canbe local, remote or hybrid. We alsohave
one continuous-aluedfeature,“utterancelength”, which rangesfrom 0 to co. My local
CPU, remoteCPU, and network predictorsfor this applicationareall lookup tableswith
6 entrieseach:onefor eachcombinationof vocahlulary sizeandlocation. Eachentryis a
linearpredictorwhosesingleinputis utterancdength.

Building suchpredictorsis straightforward: we collect logs that cover all the value
combinationsyhichwe call “bins”. We thenseparat®utthelog entriesbelongingto each
bin, andapply othertechniquesuchasleast-squaresstimationto createa predictorfor
thatbin.

We call this technique®binning”; it is extremely simple, and perhapsdoesnot even
gualify as“machinelearning”. However, it hasgreatpracticalvalue: mary applications
have a small numberof discrete-aluedfeatureswith a small numberof possiblevalues.
We canview data-specifipredictionasa specialcaseof binning, wherewe do not know
all thebinsbeforehandbut createthemdynamicallyasandwhenwe seenew datalabels.
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Full vocalulary Reducedrocalulary

Local {local:map.dictjocal:map.In} {local:smallmap.dictiocal:smallmap.In

Hybrid | {remote:map.dictiemote:map.Irh | {remote:smallmap.dictemote:smallmap.Ifh

Remote| {remote:map.dictiemote:map.Irh | {remote:smallmap.dictemote:smallmap.Ifh

(a) File accesgpredictions

map.dict 55KB
map.Im 277KB
smallmap.dict 27KB
smallmap.Im 224KB

(b) File sizes

For eachcombinationof vocatulary size andlocation, the table shavs the local andremotefiles
accessedby Janus.The lower tableshaws the size of eachfile (the local andremoteversionsof
eachfile areidentical).

Figure 6.4: Binning for file acces9prediction in Janus

6.4.2 File accesgrediction

| usea simple extensionof the binning methodto predictfile cache demand the Coda
files thatwill beaccessetly anoperation.Thefile cachedemandpredictor built by Jason
Flinn [32], runsboth on clientsand on computeseners. It usesbinning on all discrete
parameterandignorescontinuougparameterstypically, it is only discreteparameterghat
have an effect on which files are accessedsincethey changethe executionpath of the
application.

Within eachbin, the predictormaintainsa list of files, with an associategrobability
of accessTheseprobabilitiesareupdatedafter eachoperationusingan exponentialdecay
scheme:if thefile wasaccessedby the lastoperation,we have a samplevalueof 1, oth-
erwise0. Giventhe accesgrobability for eachfile andthe file cachesupply(i.e., which
files arecached)the predictorcomputedind the probability of a cachemisson eachfile;
by combiningthis with the last-knavn file sizes,it estimateghe cache misscostin terms
of bytesfetchedfrom thefile sener(s). It thenqueriesCodato find the bandwidthto the
file sener(s),andcomputeshe expectedateng costof the cachemisses.

E.g., the Janusspeectpredictorhastwo discreteparametersvocalulary size(either
full or reduced)andlocation (eitherlocal, hybrid, or remote). Eachcombinationof these
parametersausesanudo reada differentdictionaryandlanguagenodelfrom Coda.The
vocalulary size and location determineexactly which files are accessedthesefiles are
read-only and hencetheir sizesare alsoknown exactly. Theseobsenationsgave rise to
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avery simplebinning predictor shovn in Figure6.4. Whenthe vocahulary sizeis “full”,
Janusaccessethelargedictionaryandlanguagemodel(map.dict andmap.Im); whenit is
“reduced”,it accessethesmallerversiongdmaps.dictandmaps.lm). Whenthelocationis
“local”, thesefiles areaccessefrom Codaat thelocal client. For “hybrid” and“remote”,
the computationis shippedto a remotecomputesener, and so the files are accessedt
thesener. Sincethevocahulary sizeandlocationexactly determinehefiles accessedhe
probability of accesss alwayseitherl or 0. In generalhowever, file accessemay not be
exactly predictablegiventhe parametewnalues. In thesecasesfor eachbin, we estimate
the probabilitythateachfile will beaccessedyasedn log entriesbelongingto thatbin.

6.5 Evaluating prediction accuracy

The error madeby a predictoris the differencebetweenthe predictionp andthe actual
obseredvaluez. Whenp andz are numericalvalues(e.g. CPU, memory or network
demand)we canrepresengerror by the numericaldifferencelp — z|. Typically, however,
we areinterestechotin the absoluteerror, but in therelative error

_p—=|
6_
a

Thisis theerrormetricthatl usefor real-valuedpredictorsghroughouthis dissertation.

Clearly, the error on a single predictionis not a good indicator of overall predictor
accurayg. We mustmeasureheerroroverasetof sampleshatcoversthespaceof predictor
inputs. We alreadyhave sucha sampleset: the log datausedto derive the predictorin the
first place. Corventionally a predictve modelis evaluatedon a testsetwhich is distinct
from the training setusedto generateéhe model: the two setsare chosenrandomlyfrom
thetotal setof obsenations. This would help usto detectcasesvherethe modelperforms
well on obseneddata(thetrainingset)but badly on future data(thetestset).

In the caseof linearregressionthereis no needfor suchseparationprovidedwe have
enoughdata. l.e., alinear modelcomputedrom a (large) randomlychosensubsetof the
datawill look very similar to thatcomputedover all the data,andthuswill have the same
predictionaccurag for future datapoints. In thisthesis,| uselinearpredictorsof very low
compleity (2 or 3 parametersyvith datasetswith 50 or morepoints,and,for simplicity, |
usetheentiredatasetbothto derive andto evaluatethe predictors.

Giventherelative errorfor eachsample we cancomputetwo aggreatemetrics:

e the bad predictionfrequency(fy): the percentagef sampleghathada prediction
errorabove somethreshold.l useathresholdof 20%.

e the common-caserror (Ey): an error bound satisfiedby the majority (90%) of
predictions. l.e., the common-caserror is the 90-th percentilevalue of the error
distribution.



68 CHAPTERG6. MACHINE LEARNING FORDEMAND PREDICTION

100% - - : .

80%

60%

Outliers

40%

20%

0% 1 \
0% 20% 40% 60% 80% 100%

Error threshold

Figure 6.5: Example of outlier distrib ution plot

Often, however, | will simply show the entiredistribution of errorswith anoutlier dis-
tribution plot. This plot haserrortoleranceon the z-axis,andthe frequeng of outliers—
predictionerrorsthatexceedthetolerance— onthe y-axis. In otherwords, it is the cumu-
lative frequeng distribution of (relative) predictionerrors. Figure 6.5 shovs an example
of sucha plot. On sucha plot, fs is they correspondingo an z of 20%; Ey, is the x
correspondindgo ay of 10%. In this example, foo = 8% and Eyy = 19%, which means
that:

o 92%o0f thetime, we will seelessthan20%error
o 90%of thetime, we will seelessthan19%error

6.6 Summary

This chapterdescribedhe techniqued useto build andevaluateapplicationresourcede-
mand predictors.Vé useleast-squaes regression andits online variant, recussive least-
squaes regression to model the dependencef resourcedemandon continuous,real-
valued parameters.l usebinning to modelthe effect of discrete-alued parametersef-
fectively by building a separateredictorfor eachvaluecombination.Similarly, | handle
dependencen input datawith data-specifigredictors. The chapterconcludeswith a dis-
cussionon evaluatingpredictoraccurag. In this dissertation] usethe outlier distribution
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plot to represenpredictoraccuray. | alsousetwo valuesderived from this plot: the bad
predictionfrequencyf,, andthecommon-caserror Ey.
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Chapter 7

Applications

Il n'existe pasde sciencesappliqiees,maisseulementiesapplicationgela science.
(Louis Pasteur)

In orderto validatethe multi-fidelity API andimplementation] andotherresearchers
porteda small, selectedsetof applicationsto the multi-fidelity API. | choseapplications
that:

e arerealistic,andnottoy applications.

e werewritten by otherpeople,to evaluatethe difficulty of portinglegag/ codeto the
API.

e areinteractve,andwould beusefulin amobile/wearablecenario.

e areresource-intense, requiringadaptatiorto run with goodperformancen mobile
hardware.

e permitadaptatiorof fidelity andperformancethis rulesout applicationghatcannot
toleratefidelity degradation(e.g. medicalimaging)or requireperformanceguaran-
tees(hardreal-timeapplications).

e arecompatiblewith, or easilyportedto, thebaseOS (Linux).

| chosefour applicationdor my casestudies:

GLVU, a“virtual walkthrough”program.
Radiator, aradiosityprogram
Netscapeawebbrowser

Janus aspeectrecognizer

Webbrowsingandspeechecognitionarewell-known applicationsandhave previously
beenshavn to benefitfrom adaptatiorf71, 31]. Herel shav how the benefitsof adaptation
canbeobtainedwith asmallamountof codemodification,andhow theeffectsof adaptation
onresourcalemandcanbe predicted.

71
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GLVU and Radiatorare relatively novel to the mobile computingworld: they are 3-
D graphicsapplications,chosenfor their relevanceto the augmentedeality scenarioof
Chapterl. Section7.2 explains briefly why theseapplicationsare important,and how
multi-resolutionmodelsprovide themwith anintrinsic notionof fidelity.

Theremaindeof this chaptelis organizedasfollows. Section7.1broadlydescribeshe
methodologyandevaluationmetricsusedin my casestudies.Sections/.3—7.6aredetailed
casestudiesof thefour applicationsjn the ordershovn above.

7.1 Methodology

In eachcasestudy | describethe applicationandits core multi-fidelity operation;the op-
erations tunableand nontunableparametersthe work involvedin porting the application
to usethe multi-fidelity API; the resourcedemandpredictorsl constructedor it; andthe
accuray of thesepredictors.The experimentaplatformin all casesvasanIBM ThinkPad
560 with a 233MHz Mobile PentiumMMX processorand 96MB of memory running
Linux 2.4. Theremainderof this sectiondescribeshe metricsthatl usein eachcasestudy
to quantify porting costandpredictionaccuracy.

7.1.1 Porting cost

Oneof theprincipalaimsof the multi-fidelity API is to minimizethecostof portinglegag
applicationgo it. In eachof the casestudiespresentedhere,| evaluatedthis porting cost
in termsof numberof modifiedsourcelinesandfiles. | derivedthis numberby runningthe
“diff” programto compareeveryfile in themodifiedsourceto the correspondingile in the
original source.l thenquantifiedtheresultsof this diff in termsof the numberof linesand
files modified,asdescribedbelown. |1 chosethe methodto err on the sideof caution:i.e.,
alwaysto overestimateatherthanunderestimaténe counts.

For eachdiffering segment,l countedthe numberof linesin the old andnew versions,
andtook the larger of the two values. The sumof all thesenumbersis the porting cost.
Whennew files wereadded,| addedtheir entireline countto the porting cost; whenfiles
weredeleted] ignoredthem. Similarly, modifiedandaddediles contributeto themodified
file count,but deletediles do not.Insomecasestherewerechangesinrelatedo the multi-
fidelity API: e.g.bugfixesandadditionof traceplaybackior repeatablexperimentsWhen
thediffs correspondingo thesechangesvereclearlyidentifiable,| excludedthemfrom the
line count;otherwise] includedthem.

Of course,lines andfiles changed’is not the only way to measurdhe costof modi-
fying code.However, it is the only metricthatwaseasilyreliably measurablén eachcase
study Further the smallamountof modificationrequiredin eachcasestudyindicatesthat
othermetricsof modificationcost(e.g. man-hourswould alsobe small.
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7.1.2 Prediction accuracy

For eachapplication,| also measuredhe accurag of history-basediemandprediction.
Recallfrom Chapters4 that theseare built by logging applicationresourcedemandfor

variousinput dataandruntime parametewalues. | appliedthe predictiontechniquedis-
cussedn Chapter6 — least-squaresegressiondata-specifigrediction,and binning —

to theselogs. | thencomparedhe valuesgeneratedy the predictorsto the actuallogged
values,andcomputedhe predictionerrors.| reportthe bad-predictiorfrequeng (f20) and
the common-caserror (Ey); | alsoshav the datagraphicallyasan outlier distribution
plot. Recallfrom Section6.5 that f5 is the percentag®f predictionsthat exceedan er

ror thresholdof 20%; £90 is the highesterrorobsenredon the best90% of the predictions
(i.e.,the90thpercentilearror);andtheoutlier distribution shows f, (percentageredictions
exceedinganerrore) asafunctionof e.

| evaluateddemandpredictorsfor thefollowing resources:

e CPU (bothlocal andremote),measuredn millions of cycles. Recallthat CPU de-
mandis actually measuredn secondsandthenscaledby the processospeed(in
MHz). In Section7.4.4we will seethatalthoughthis scalingdoesnot compensate
perfectlyfor all the differencesetweendifferentprocessorsi doesso muchbetter
thanatime-basedunscaled)neasuremerdcheme.

e Memory, measuredn MB

e Enegy, measuredh Joules

e Network transmitandreceve, measuredn bytes

The corecomputationsn theseapplicationsareoftenlargeandcomplex. My objective
in building and evaluatingresourcedemandpredictorswas not to understandr capture
every detailof thesecomputationsbut to extractasmall,simplesetof featureghataccount
for mostof thevariationin resourcalemandl believe thatthe simplepredictorsdescribed
hereshaw theviability of resourcalemandorediction:if greateraccurag is required|t can
beprovidedby moresophisticateghredictorsbuilt by domainexpertsandmachindearning
researchers.

7.2 AugmentedReality

Sectionl.1describedanarchitectusingaugmentedeality softwareto aid in adesigntask.
Onekey functionality of suchsoftwareis theoverlayingof virtual 3-D objectsor scene®n
therealworld. E.g.,in the architectscenariowe might wantto virtually addawall to the
interior of a room; this requiresthe softwareto overlay the relevant portion of the users
field of view with theimageof thewall.

A full-fledgedaugmentedeality applicationwould be extremelycomples, andrequire
substantiatlomainexpertiseto understanéndmodify. Further suchapplicationsarehard
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to find in source-gailable, Linux-compatibleform. | decidedinsteadto experimentwith

two simplerbut representatie 3-D graphicsapplicationghatimplementdifferentpiecesof

augmented-realitfunctionality. GLVv U is avirtual walkthroughprogram:it allowsauserto

specifya3-D sceneand“walk through”thescenei.e.,renderit from any camergposition
andorientation.Radiator usesradiosity[18] to colourandshadea 3-D sceneaccordingo

thelight sourceslluminating thatscene We canthink of Radiatorasa pre-processingtep
for gLvU: it producesa morerealisticlooking scenefor rendering.

7.2.1 Multir esolutionmodels

The input to both GLvU and Radiatoris a 3-D scenerepresentecs a polygonalsurface
model: a setof verticesandpolygons.A vertex is simply a pointin 3-D spacea polygon
is an orderedlist of vertices. The resourcedemandof mary 3-D graphicsapplications,
includingGLvu andRadiator scaleswith the numberof polygonsin theinputscene.

TheQSlim [40] programcorvertsa 3-D surfacemodelinto amultiresolutionmodel an
annotatedrersionof the original that provides successie approximationsy eliminating
somepolygonsand vertices. The degradedversionsare similar to the original, but with
fewer polygonsand correspondindoss of detail. This givesus a naturalway to trade
fidelity for resource&eonsumptionThefidelity metricis resolution thenumberof polygons
retainedn thedegradedversion,expressedsafractionof theoriginal polygoncount. This
numbervariesfrom 0 to 1.

QSlim usesa quadric-basegimplification algorithm[41] to annotatethe 3-D scene
with a list of edge contractions Eachcontractioneliminatestwo adjacentverticesand
replaceshemwith a single new vertex. It alsoeliminatesary polygonsincidenton the
contractecedge.By applyingor undoingthesecontractionsye canscalethe modelto any
desiredresolution.Thecontractionsareorderedn increasingorderof error: we first dothe
contractionsvhich causetheleastdeviation from the original shape.

| use QSlim-generateanultiresolutionmodelswith both GLVU and Radiator For
GLVU, we canreducethe resolutionof the input scenebeforethe main computation:i.e.,
resolutionis a datafidelity metric. In Radiator on the otherhand,the bulk of the com-
putationis doneon the degradedversion,but the final stepis appliedto the original, full-
resolutionversion. I.e., both the input and output of Radiatorhave resolutionl, but the
detail and accurag of the shadingand colouringin the outputdependon the resolution
choserfor thecomputationln this casefesolutionis moreproperlyviewedasa computa-
tionalfidelity metric.
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description glvu:draw

logfile /usr/odyssey/et c/ gl vu_dr aw.l og
mode normal

hintfile lusr/odysseyl/I ib /g Iv u_draw.so
utility glvu_draw_utili ty

update glvu_draw_update
init  glvu_draw_init

param polygons ordered O-infinity
fidelity resolution ordered 0-1

hint latency glvu_draw_late ncy_hint
hint cpu glvu_draw_Icpu _hin't

Figure 7.1: Application configuration file for GLvU

7.3 GLVU

GLVU [75] is atoolkit thatallows usto virtually “walk through”ary 3-D scene.The core
computationperformedby GLVvU is to rendera view of the scenebasedon the current
positionand orientationof the camera,.e. the user Thus,“render” is the multi-fidelity
operationfor this application: we tradeits fidelity againstits resourceconsumptiorand
lateny. Renderingis almostentirely processeboundin the absencef specialized3-D
graphicshardware, so | focus on the CPU resource. Figure 7.1 shows the Application
ConfigurationFile for therenderoperation.lt hasl tunableparameter— theresolution—
andl1 nontunableparameter— the scenes original polygoncount.

In the remainderof this section,| describethe multiresolutionextensionghat| added
to GLVU, andevaluatethe costof this modificationaswell asthatof insertingmulti-fidelity
callsinto gLvU. | thendescribethe constructionof a CPU demandpredictorfor the “ren-
der” operation:creatinglogs of resourcademandgcreatinga predictve modelwith offline
learning,andupdatingthemodelthroughonlinelearning.Finally, | evaluatethe predictors
accurayg in variousscenarios.

7.3.1 Extending gLVvU for multir esolutionrendering

| extendedGLV U'’s file parserto readmultiresolutionmodels,andthe “scene” objectto
supportdynamicscalingof polygoncount. The verticesof the multiresolutionmodelare
storedin abinarytree(Figure7.2). Wheneer anedgecontractioncollapseswo verticesu
andv into anew vertex w = e(u, v), we make w the parentof v andv. Eachleafof thetree
correspondo a vertex of the original model; eachinterior vertex correspondso an edge



76 CHAPTER7. APPLICATIONS

Thefigure shawvs how verticesof a multiresolutionmodelare organizednto a tree. The original
verticesof the modelarethe leavesof thetree,i.e.,v; — v7. A simplified versionis givenby a
cross-sectionf thetree,e.g.theverticesvy g, v4, vg, v7. Thefigurealsoshavstwo of themodel's
polygons,P; andPs,. In thesimplifiedversion,P; becomesnvisible sincetwo of its vertices(vs

andvs) have beencollapsed.P; is transformedrom [vs, vg, v7] tO [v10, Vg, V7).

Figure 7.2: Vertex treefor multir esolutionmodels

contraction.

The set of visible verticesat any given resolutionis given by a cross-sectiorof the
tree (the colouredverticesin Figure7.2). We apply a contractionby moving up the tree
(colouringwy; insteadof v,y andwv,) andmarkingasinvisible thepolygonsincidenton both
the contractedrertices:thereareat mosttwo suchpolygons.Reversingthesestepsundoes
the contractionpoth contractionandits inverseoperationtake O(1) time.

In additionto addingthevertex-treedatastructureandavisible-polygonbitmap,l mod-
ified the corerenderingloop to skip over ary polygonsmarkedinvisible. For eachvisible
polygon,we find its verticesby startingfrom eachoriginal vertex andmoving up thetree
until we find its unique*visible ancestor”. To avoid repeatedointerchasing,we cache
pointersto the visible ancestoof eachvertex. Thesepointersaresoft state:if we follow
oneanddo notfind avisible vertex, we recomputehe pointer

Thesedatastructuresandalgorithmsaredesignedor efficient contractionanddecon-
traction, especiallywhenthe tamget resolutionis closeto the currentresolution. The as-
sumptionis thatsmallchangesn fidelity will befrequentandlargeroneslessso.
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Files| Lines| Purpose
1 13 | ApplicationConfigurationFile
1 245 | Hint module
1 170 | Callsto gluecode
2 132 | Gluecode

5 560 | Total modificationsfor multifidelity
144 | 26951 | Original codebase
2 369 | Multiresolutionextensions

Figure 7.3: Modifications madeto GLVU

7.3.2 Porting GLVU to the multi-fidelity API

To make GLV U adaptve, | wrote an Application ConfigurationFile (Figure7.1), aswell
asahint modulecontainingthe CPUdemandredictordescribedaterin this section.| also
modifiedGLV U’s sourcecodeto invoke the multi-fidelity API. | did this by writing aglue
codelayerthatcorvertsfrom a GLV U-specificinterfaceto the genericmulti-fidelity API; |
theninsertedcallsto the application-specifienterfaceinto the sourcecode. The purpose
wasto minimize changedo existing sourcefiles, at the costof addingtwo additionalfiles.

Figure7.3shavsthecostof thesemodifications:560linesin 5 files, about2.1%of the
total codebase.l alsoshow the costof the multiresolutionextensions:thesechangesare
independenof the multi-fidelity API but requiredfor adaptation.

7.3.3 Predicting gLvU’'s CPU demand

My approacho demandoredictionis empirical(Chaptersgt and6): | measurghe applica-
tion’'sresource&consumptioroveravarietyof tunableandnontunablgparametevalues.and
derive a modelthat mapsparametewraluesto resourceconsumption.l generatedogs of
GLVU’sresourceonsumptioratdifferentresolutiondor 4 differentscenestangingin size
from 127K to 236K polygons.Figure7.4 shavs the four scenesndtheir polygoncounts.
Figure 7.5 shows the visual differencebetweenfull resolutionand 10% resolutionon the
“Notre Dame”scene.

For GLvU’s CPUdemand) usealinearpredictorof theform
Dcpu = ¢y + c1pr

wherep is the original polygoncount,r is theresolution,andpr is the polygoncountafter
multiresolutionscaling.

To evaluatethis predictor | collected100log entriesper scene gachwith arandomly
choserresolutionandcamergposition/orientation Figure 7.6(a)shows the graphof CPU
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(@) Taj Mahal (b) Cafe (interior)

1

(c) NotreDame (d) BuckinghamPalace(inte-
rior)
Scene Numberof polygons
Taj Mahal 127406
Cafe 138598
Notre Dame 160206
BuckinghamPalace 235572
(e) Scenepolygoncounts

Figure7.4: 3-D scenesusedin GLVU
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(a) Notre Dame,full resolution

| | GLVU Basic Exam|

(b) Notre Dame,0.1resolution

Figure 7.5: Effect of resolutionon output in GLVU
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The z-axisis the numberof polygonsrenderedi.e. pr wherep is the original modelsizeandthe
r is theresolution.They axisis the CPUdemandn millions of cycles.

Figure 7.6: cLvVU’'s CPU demand: random (top) and fixed (bottom) camerapositions
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demandagainstrenderedolygoncountfor theseexperiments We seea roughcorrelation
betweerrenderegolygoncountand CPU consumptionput with a large amountof varia-
tion. | repeatedhe experiment this time with the camerdixedat anarbitrarypositionfor
eachscengFigure7.6(b)). This gave usa stronglinearcorrelationbetweerpolygoncount
and CPU demandwith someamountof noise. However, eachscenefollows a different
line, indicatingthatwe needdata-specifigrediction.

I built both data-specifi@and data-independer(generic)linear predictorsfrom these
logs. Eachdata-specifipredictorwasderivedthroughleast-squaregegressionon thelog
entriesfrom a specificscene;the genericpredictorwas derived from the union of all the
logs. For eachscene| evaluatedheaccurayg of thedata-specifiandthegenericpredictor:
| thenaggreyatedthe resultsfor the genericpredictorto evaluateits accurag acrossall 4
scenes.

Figures7.7 and 7.8 shav theseresults. With a fixed cameraposition, data-specific
predictiondoesvery well (the bad predictionfrequeng is at most5%), but the generic
predictor performspoorly. This is unsurprising: camerapositionis scene-specificand
fixing the camerapositiondoesnot reducethe variationacrossscenes.Whenthe camera
positionis random,both schemegperformpoorly: the variationin camergpositioninjects
alargeamountof noiseinto the data.Theseresultsshown thatdata-specifipredictorsoffer
a clearbenefitover genericpredictors,but only if we cansomehav accountfor camera
movement.

User path traces

Theresultsjust presenteghav that CPU demands affectedby cameramovement.How-
ever, neitherthe “fix ed camera’nor the “randomcamera’scenarioss arealisticmodelof
suchmovement.Usersrarelyjump randomlyfrom onepositionto anotherandthey do not
stayatafixedposition.Ratherthey move alongsomepath,causinga continuousvariation
in camergpositionandorientationovertime.

In orderto createrepeatableyet realistic workloads,l usedGLvu’s path recod and
playbad functionality: asa usernavigatesa scenethe softwarecansave the camergposi-
tion ateachstepto adiskfile. Subsequentlywe canreplaythis trace,creatingexactly the
sameeffect asthe original user The tracedoesnot recordtiming information, however,
andthusdoesnot capture‘userthink time”.

| usedthesetracesasclosed-loopvorkloads whereeachoperationstartsassoonasthe
precedingoneis completed Suchworkloadsmodelanimpatientuserwho is alwaysahead
of the software. | createdfour suchtracesof realusers:onefor eachof the 3-D scenesn
the casestudy | alsomodifiedGLVU to automaticallyreplaythesetracesin batchmode,
without requiring userinteraction. In the remainderof this dissertationall experiments
with GLvVU arebaseddnthesetraces.
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Error threshold

(b) Fixedcamera

80%

Thegraphsshaw theoutlier distribution for linearpredictorsof CPUdemandn GLvU, bothwhen
thecameras positionedrandomlyfor eachrenderandwhenit is fixed. | evaluatedadata-specific
predictorfor eachsceneaswell asa genericpredictoroverall four scenes.

Figure7.7: CPU demandprediction in GLVvU: outlier distrib ution
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Scene Randomcamera| Fixedcamera

Jo0 Eqgo Jo0 Eqgo
Taj Mahal 27% 36%| 5% 14%
Cafe 46% 39%| 3% 12%
Notre Dame 27% 31%| 1% 9%
BuckinghamPalace| 22% 30%| 5% 12%
All scenes 45% 42% | 42%  54%

Thetableshavsthebadpredictionfrequeng andcommon-caserrorfor linearpredictorsof CPU
demandn GLvU, bothwhenthe camerais positionedrandomlyfor eachrender andwhenit is
fixed. We showv the accurag of a data-specifigredictorfor eachscene,aswell asa generic
predictorover all four scenes.

Figure 7.8: CPU demandprediction accuracyin GLVU

Online-update predictor

Given that cameraposition variesover time, and that CPU demanddependson camera
position,how dowe build acamera-avarepredictor?lt seemave mustlearnCPUdemand
asa function of all 6 cameraparametersin additionto polygoncount: 3 parametersor
positionand3 for orientation.Othercamergparameters— aspectratio, field-of-view, and
nearandfar clip planedistances— typically do not changeover time. However, building
sucha predictoris difficult, andcertainlyimpossiblewith a simplelinearmodel. The CPU
demandat ary particularcamergpositionwill dependon thelocal propertiesof the scene,
andthereis no singleglobalmodelthat cancapturethe CPU demandat all positions.We
might try to samplethe cameraparameterspace,and use a neaest neighbour[63, pp.
231-236]approachto find the closestmatchingsampleto any given positionat runtime.
Unfortunately samplingat a fine granularityin an 6-dimensionakpacewould requirea
prohibitively large numberof samples.

Instead|] adopteda simplerapproachl obseredthat,in realuse,camergpositionhas
tempoal locality: i.e., it changesncrementallyovertime. If CPUdemandhasspatiallo-
cality — asmallchangdan camergparametersausingonly asmallchangen CPUdemand
— thenit shouldalsohavetempoal locality — i.e., vary smoothlyovertime. Thissuggests
anonline-updateredictor— onethattracksrecenthistory, andgraduallyforgetsthe more
remotepast.

I implementedh data-specificonline-updateredictionschemdor GLvU. At applica-
tion startup thedemandredictorusesageneridinearestimatorderivedfrom the“random
camera’data. Whenerer a new scenes loaded,it createsa data-specifigredictorwhich
is initially identicalto the genericpredictor With eachsubsequentperationon thescene,
the data-specifipredictorupdatestself usinga hybrid RLS predictor(Section6.3.1)with
a = 0.5 andg = 0.05. Thuswe have specializedhe predictornot only to the scene put
alsoto the camergpositionwithin the scene.
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(a) CPUdemandandpredictionerror

(b) Views at highlightedtime points

The graphshows the CPU demandof renderingat full resolution,for thefirst 100 stepsof a user
traceon the “Notre Dame”scenewe alsoshow the % errorof the RLS predictoralongthe same
tihme Iinbe. IThe imagescorrespondo the cameraviews at the the four highlightedtime pointsare
shavn below.

Figure 7.9: cLvU’s CPU demand: usertrace, “Notr e Dame” scene
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| evaluatedthis online-updateschemeon userpathtracesfor eachof the four scenes.
l.e., | ranGLVU on thesetraces,andloggedboththe actualaswell asthe predictedCPU
demandFigure7.9(a)shavs how thepredictortracksCPUdemandvertime. We seethat
the very first predictionwas extremely inaccurate:we startedwithout any scene-specific
or camerapositionspecificknowledge. As soonasthe predictoracquiredfeedbackirom
thefirst operation t rapidly adjustedtself to track the currentsceneandcamergposition,
andsubsequentredictionsveremuchmoreaccurate Notethatalthoughthe CPUdemand
variesby afactorof 2, predictionerroris usuallyunder20%.

To illustratethe reasonfor the wide variationin CPU demand, selectedour points
in the tracewith widely different CPU demandvalues(the four highlightedpointsin Fig-
ure7.9(a)). The cameraviews at thesefour pointsareshavn in Figure7.9(b). Intuitively,
CPUdemanddependn the “complexity” of the visible portion of the scene:however, |
know of no quantitatve measurdor this compleity thatcouldaidin CPUdemandredic-
tion.

Figures7.10,7.11,and7.12show the overall predictionaccurag achieredby thedata-
specificdynamicpredictorson thefirst 100 stepsof eachof the 4 usertraces.l compared
thesewith data-specifichut static,predictorscomputedusingleast-squaresegressiorover
all log entriesfor aparticularexperiment.l rantheexperimentswith theresolution(fidelity)
varying randomly aswell aswith resolutionfixedat 1. In all casesthe dynamicpredic-
tors were substantiallymore accuratethan the static predictors;both staticand dynamic
predictorsdid betterwhenresolutionis fixedratherthanvaryingrandomly In realuse , we
would expecttheresolutionto vary, but notrandomly:the systenmwill adapttheresolution
to varying CPU load, and we can expecta predictionaccurag somevherebetweenthe
“randomresolution”andthe “fix edresolution’cases.

7.3.4 Summary

| studiedGLvu, a virtual walkthroughprogramwhosecore taskis the renderingof 3-
D scenes.| describedchow | modified this applicationfor multi-fidelity adaptationand
shavedthatthe costof this modificationwasreasonablel obsenedthatthis wasa CPU-
boundoperationandthat CPUdemancdcould be adaptedy changinghe numberof poly-
gonsrendered.l useda simplelinear modelto built a CPU demandpredictorfor GLV U,
basednlogsfrom 4 differentscenesl shavedthatpredictoraccurag is significantlyim-
provedby data-specifitearning— customizinghepredictorto new scenessthey appear
— andonlinelearning— trackingvariationover time dueto changesn camergposition.
With theseimprovementsthe common-caseredictionerrorvariedbetweem% and27%,
andthe badpredictionfrequeng betweenl% and16%.
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The graphsshov CPU demandpredictionaccurag for GLvU runningusertraceworkloads: for
eachscenethe cameramovesthroughthefirst 100stepsof thecorrespondingiserpathtrace,and
theresolutionvariesrandomly We comparethe staticlinear predictorwith adynamicRLS-based

linearpredictor

Figure 7.10: Static vs. dynamic predictors: random resolution
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(b) Dynamicpredictors

The graphsshov CPU demandpredictionaccurag for GLvU runningusertraceworkloads: for
eachscene the cameramovesthroughthe first 100 stepsof the correspondinguserpathtrace,
andtheresolutionis fixedat 1. We comparethe staticlinear predictorwith a dynamicRLS-based

linearpredictor

Figure 7.11: Static vs. dynamic predictors: fixed resolution

87



88 CHAPTER7. APPLICATIONS

Scene Staticpredictors Dynamicpredictors
Randomr Fixedr Randonr Fixedr

fooo Eoo | foo FEoo| fao Eoo| foo Ego

Taj Mahal 32% 42%| 12% 33% | 9% 18%| 1% 4%
Cafe 43% 33%| 78% 42% | 13% 23%| 1% 9%
Notre Dame 23% 36% | 21% 31% | 16% 27% | 3% 14%

BuckinghamPalace| 47% 52% | 42% 45% | 11% 22% | 4% 13%

The table shovs CPU demandpredictionaccurag for GLVU runningusertraceworkloads: for
eachscenethe cameramovesthroughthefirst 100 stepsof the correspondingiserpathtrace.We
comparethe staticlinear predictorwith a dynamicRLS-basedinear predictorin two caseswith
randomlyvaryingresolution,andresolutionfixedat 1.

Figure7.12: CPU demandprediction accuracyfor GLVU running usertraces

7.4 Radiosity

A radiosity[18] computatiorcoloursandshades 3-D sceneaccordingo thelight sources
presenin the scene We would run sucha computatioron our virtual or augmentedeality
wheneer the scenechangesj.e., when objectsor light sourcesare added,removed, or
modified. Radiosityis view-independentit is computedover over the entire sceneand
neednot be recomputedvhenthe camerapositionor orientationchanges.The outputof
radiosityhaseachinput polygonannotatedvith colourandlighting informationthatmake
for morerealisticrendering Figure7.13shons a scenaenderedeforeandafterradiosity
bothatlow fidelity (0.01)andathighfidelity (0.1) In theory thefidelity (i.e.,theresolution)
canbeashigh as1, but for a scenewith 100k polygons,this is well beyondthe resource
limits of my testplatform.

Radiator[96] is a publicly availableimplementatiorof severalcommonradiosityalgo-
rithms, with built-in supportfor multiresolutionmodels.It allows the userto loada scene,
selecta radiosity algorithmand a resolution,and run the algorithm. In this dissertation,
| considertwo of the mostcommonalgorithms: progressiveand hierarchical radiosity
While bothalgorithmshave non-trivial CPUandmemorydemandprogressie radiosityis
morememory-intensieandhierarchicatadiosityis moreCPU-intensre. Thustheoptimal
choiceof algorithmat runtimewill dependon the CPU andmemorysupply The output
gualitiesof thetwo algorithmsarecomparableandl assuméierethatthethey areequalat
ary givenresolution:a studyof userpercevedquality is beyondthe scopeof thethesis.

Figure7.14 shows the Application ConfigurationFile for Radiator It hastwo tunable
parametergynediscrete— thechoiceof algorithm— andonecontinuous— theresolution.
Thereis onenontunablearametertheinputscenes polygoncount.

Theremainderof this sectiondescribeshecostof modifying Radiatorto usethe multi-
fidelity API; theCPUandmemorydemandoredictordor bothprogressie andhierarchical
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(a) Beforeradiosity

(b) After radiosity(low fidelity) (c) After radiosity(highfidelity)

This scenecontainsthreeelements:a 100K-polygonmodelof a dragon,the ground,represented
by a single greensquarebelow the dragon,anda light sourcevertically above the dragon. The
top imageshaws the imageasrenderecbeforea radiosity computation:we seethat the lighting
hasno effect on the obsernedimage. The bottomimagesshav the sameimageafter a radiosity
computatioratlow fidelity (0.01),andat high fidelity (0.1).

Figure 7.13: Effect of radiosity on a 3-D model
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description radiator:radio si ty

logfile /usr/odyssey/etc /r adiator .r adiosity. log
mode normal

constraint latency 10

param polygons ordered O-infinity

fidelity algorithm unordered  progressive hierarchical
fidelity resolution ordered 0.01-1

hintfile fusr/odyssey/li b/ rad_hints .so

hint cpu radiator_radios it y_cpu_hint

hint memory radiator_radio si ty _memay _hin t

hint latency radiator_radios it y_| at ency_hint
update radiator_radios it y_update

utility radiator_radiosi ty uti lit vy

Figure 7.14: Application Configuration File for Radiator

radiosity;andtheaccurag of thesepredictors.

7.4.1 Porting Radiator to the multi-fidelity API

Figure7.15summarizeshe modificationsthatl madeto Radiator In orderto make Radi-
atoradaptve, | wrote an ACF, provided glue codefor the multi-fidelity API, andinserted
callsto the glue codeinto the application,boththe command-lineandthe Gul version. |
alsowrote a hint modulecontainingthe CPU andmemorydemandpredictorsdescribedn
this section.In all, | modified5 files and599lines,aboutl.2%of thetotal codebase.

| alsosimplified Radiators Gul. Theoriginal Gul hadsereralcontrolsfor expertusers
to experimentwith radiosity parametersettings. | eliminatedthese: the algorithm and
theresolutionarenow chosenadaptvely by invoking the multi-fidelity API, andall other
parameterarefixedattheirdefaultvalues.Theuseris givenasinglecontrolto specifytheir
desiredateng. My aimwasto simplify theuseof theapplicationfor anon-expertuser yet
intelligently adapthoseparameterghatimpactresource&consumptiorandperformanceTo
modify the Gul, I madea small numberof changego 3 sourcefiles, and editedthe Gul
layout definition using the XForms User Interface Designer[100]. The lasttwo lines of
Figure7.15shaw the costof thesemodification.

Additionally, | fixedanumberof memoryleaksandotherbugsin Radiator:thesemodi-
ficationsarenotcountedn theevaluation,asthey aretangentiato multi-fidelity adaptation.
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Files| Lines| Purpose

15 | ApplicationConfigurationFile

274 | Hint module

68 | Callsto gluecode(command-lineversion)
123 | Callsto glue code(Gul version)

119 | Gluecode

N R R R

(o]

599 | Total modificationsfor multifidelity
222 | 51065/ Original codebase

1 125 | cul layoutdescription

3 23 | Othercul modifications

Figure 7.15: Modifications madeto Radiator

Model Polygoncount
Dragon 108590
Whale 101814
Bunry 69543
Car 56972
Polarbear 48963
Humanbust 29450

These3-D modelswereprovidedby Andrew Willmott, designeiandauthorof Radiator

Figure 7.16: 3-D modelsusedwith Radiator

7.4.2 Predicting Radiator’s CPU demand

Radiators CPU demandpredictoris similar to gLvU’s: | measuredhe CPU demandof
both progressie andhierarchicalradiosityfor 6 differentscenes.Eachsceneconsistsof
a 3-D model, an overheadight source,and a greenpatchof “ground” underneath.The
modelswere chosento have a wide rangein size: from 29k polygonsto 109k polygons.
Figure7.16liststhe 3-D modelsusedin thetestscenes.

For eachscene] ranprogressie andhierarchicalradiosity50 timeseach,with a ran-
domly choserresolutionfor eachcomputation.Thelogsfrom theseexperimentsvereused
to derive both CPU andmemorydemandpredictors.To avoid measuremergrrorsdueto
heapre-use(Section5.6.1),1 restartedhe applicationfor eachexperimentakun. | limited
the CPUconsumptiorof eachrunto 300s (about70billion cycleson my testplatform)and
thememoryfootprintto 64 MB. Eachrunincludesapplicationinitialization andloadingof
thescendile, aswell astheradiositycomputationtself: thusthe actualresourcdimits for
the radiosity computationwere someavhatlower. This meantthat, for someof the larger
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models,| couldnot covertheentirerangeof possibleresolutions.

Figure 7.17 shows the resultsof theseexperiments.We notice thatthe CPU demand
for hierarchicafradiosityis anorderof magnitudehigherthanthatof progressie radiosity:
whenthe processois the bottleneck we shouldalwaysusethe latter algorithm. We also
seethat CPU demandincreasedinearly with polygon count, and that eachscenehasa
differentslope.

Theseresultssuggestdata-specifigredictorsfor CPU demand. Sincepart of the ra-
diosity algorithmoperateson the original model(i.e., on all the polygons) we expectthat
theoriginal polygoncountp, aswell asthescaledpolygoncountpr, will alsohave aneffect
on CPUdemandl usedalinearmodel:

Dcpu =cCy+ c1p + Copr

for the data-independergredictor For data-specifigrediction,however, p is a constant,
andl couldreducethemodelto

Depy = ¢y + ¢
Figures7.18and 7.19show theaccuray of data-specifipredictordor eachsceneandthat
of a data-independengredictor We seethatfor all scenesexceptfor the “Human bust”,
progressieradiosityhasvery predictableCPUdemandthedata-independemtredictorhas
a higher but still acceptableommon-caserror (17%) thanthe data-independerredic-
tors. Hierarchicalradiosity’'s CPU demands slightly lesspredictablefor data-dependent
predictorsandvery unpredictablavith the data-independemredictor(Eq = 55%).

Unlike GLvU, Radiatoris view-independentind unafectedby variationsin camera
position:thus,we do notneedonlinelearningupdatego capturesuchvariationsovertime.
However, | douseonlinelearningto customizehedata-independemprredictorto every nev
scenej.e., to createdata-specifipredictorsfor new scenestruntime.

7.4.3 Predicting Radiator’ s memory demand

To build amemorydemandoredictorfor Radiator | took the samelogsasbeforeandplot-
ted memorydemandagainstresolution(Figure 7.20). We seethat progressie radiosity's
memorydemandncreaseslmost? timesasfastashierarchicalradiosity’s. We alsosee,
for both algorithms,a stronglinear correlationbetweemrmemorydemandandthe polygon
countpr. Thereseemdo be data-specificity— eachscenefollows a differentline — but
all theselines have similar slopes,anddiffer only in their offsets. | hypothesizedhatthe
initial offsetis contributedby the original (full-resolution)model,andtheremaindeiby the
degradedversion.Thus,alinearmodelof theform

Dmemory = Co + C1p + Copr

shouldbeagoodpredictorof memorydemandywherec, is thefixedmemoryoverheadg: p
is the original model’s contribution, andc,pr is the memoryfor operatingon the degraded
version.
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Thez-axisis the numberof polygonsafterscaling,i.e. pr wherep is the original modelsizeand
ther is theresolution. The y axisis the CPU demandn millions of cycles. Note thatboth axes
areon very differentscalesor the two graphs.Progressie radiosityusesmuchlessCPU, but is
constrainedy its memorydemando a maximumof 18k polygons.

Figure 7.17: CPU demandof radiosity
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Thegraphsshaw theoutlier distribution for linearpredictorsof CPUdemandfor bothprogressie
andhierarchicaradiosity | showv thedistribution bothfor data-specifipredictorsandfor asingle
genericpredictorappliedacrossall scenes.

Figure 7.18: CPU demandprediction for Radiator: outlier distrib ution
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Model Progressie Radiosity | HierarchicalRadiosity

Jo0 Ego Jo0 Eqgo
Dragon 0% 5% | 4% 16%
Whale 0% 5% | 0% 3%
Bunry 0% 9% | 10% 22%
Car 0% 8% | 8% 18%
Polarbear 0% 14% | 6% 8%
Humanbust | 19% 24% | 4% 5%
All scenes | 4% 17% | 39% 55%

Thetableshows the badpredictionfrequeng f»q andthe commoncaseerror Eyq for linear pre-
dictorsof CPU demand for both progressre and hierarchicalradiosity We shov the accuray
bothof data-specifipredictors andfor a singlegenericpredictorappliedacrossall scenes.

Figure 7.19: CPU demandprediction accuracyfor Radiator

Figures7.21and7.22shav theaccurayg of a data-independetinear predictorof this
form, aswell asthat of data-specifigredictors. We seethatthe data-independenhodel
hasvery goodaccurag: we have 0% outliersfor both algorithms,andthe common-case
erroris 1.3%for progressie and3.3%for hierarchicaradiosity At runtime,l usethedata-
independenpredictorfor its simplicity: it avoidstheoverheadf doingonlinelearningand
maintainingscene-specifipredictors atavery smallcostin increasedgredictionerror.

7.4.4 Extrapolating predictorsfor higher fidelities

Thelimitations of my mobile hardwareplatformmadeit impossibleto measurdradiators
resourcedemandover the entire rangeof fidelities: | hadto restrictmemorydemandto
avoid thrashingandCPUdemando boundruntimeto areasonablealue.l couldmeasure
progressie radiosityonly up to 8k polygonsandhierarchicaradiosityup to 70k polygons,
whereaghelargestmodelhas109kpolygonsatfull fidelity.

This limitation led usto askthefollowing questions:

e Doesthe dataacrossall fidelities, on a fastermachine,shov the sametrendsas
before:linearanddata-independefbor memory;linearanddata-dependefor CPU?

e Canwe extrapolatethe measurementsn the baselineconfiguration(IBM ThinkPad
560with 233MHz Mobile Pentiumand96 MB memory)to predictresourcademand
onthefastermachine?

To answerthesequestions| repeatedhe measurementsf Radiatoron a fastsener
machine(2.2GHz Intel Xeonprocessqr512MB of memory):thistime | testedthe entire
rangeof resolutiongfor both progressie andhierarchicakadiosity Figures7.23and7.24
shov the CPU and memory demandcurves from theseexperiments. We seethe same
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The z-axisis the numberof polygonsafterscaling,i.e. pr wherep is the original modelsizeand
ther is theresolution.They axisis the memorydemandn megabytesNotethatthe z-axisis on

differentscaledor thetwo graphs.

Figure 7.20: Memory demandof radiosity
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(b) Outlier distribution: hierarchicakadiosity

The graphsshaw the outlier distribution for linear predictorsof memorydemand for both pro-
gressve andhierarchicaradiosity We show thedistribution both for data-specifipredictorsand

for asinglegenericpredictorappliedacrossall scenes.

Figure 7.21: Memory demand prediction for Radiator: outlier distrib ution
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Model Progressie Radiosity| HierarchicalRadiosity

Jo0 Eg | fao Eqgo
Dragon 0% 0.1% | 0% 2.1%
Whale 0% 0.2% | 0% 0.9%
Bunry 0% 0.2% | 0% 3.8%
Car 0% 0.7% | 0% 1.2%
Polarbear | 0% 0.5% | 0% 1.3%
Humanbust | 0% 0.5% | 0% 1.2%
All objects | 0% 1.3% | 0% 3.3%

Thetableshows the badpredictionfrequeng f»o andthe commoncaseerror Eyq for linearpre-
dictorsof memorydemandfor both progressre andhierarchicakadiosity We shav theaccuray
both of data-specifipredictors andfor asinglegenericpredictorappliedacrossall scenes.

Figure 7.22: Memory demandprediction accuracyfor Radiator

trendson the fastsener ason the ThinkPad (Sections7.4.2and 7.4.3): CPU demandis
linearbut data-dependentmemorydemands linearandappeardo be data-dependentbut
thedifferencedetweerscenesredueto thedifferencesn their original polygoncountp.

To confirm thesefindings, | generatedinear predictors— both data-dependerdand
data-independent- for the new data,and measuredheir predictionerrors. Figure 7.25
shawvs the CPU demandpredictionaccurag for the new data,and comparest with two
other cases:the original (ThinkPad) predictorstestedon the new (Xeon) data,and the
ThinkPad predictorgestedon the ThinkPad data.We seethat:

e asbefore,data-dependemtredictorsdo betterthandata-independermtnes.

e linearpredictorgdowell, but notaswell asbefore:perhapdecausaon-lineareffects
suchasL1 cachecontentionaremoreapparenathigherfidelities.

e The extrapolatedpredictor(TP/Xeon)doeswell for progressie radiosity but very
badly for hierarchicalradiosity In the latter case,the slopeof CPU demandvs.
polygoncount(Figure 7.23(b))is consistentlyhigherfor the Xeon. l.e., the faster
processois actuallydoing lessper cycle, causingthe extrapolatedpredictorto un-
derestimatehe numberof cyclesrequired.

e Theextrapolatedoredictor(TP/Xeon/unscaled)asenormouserrors.In otherwords,
if wejustmeasuré€CPUdemandn termsof time, withoutscalingfor processospeed,
thenwe consistentlyoverestimateCPU demandby a factorof 5-11 (the Xeon’s pro-
cessorspeeds 9.5timesthatof the ThinkPad’s).

Thesefindings confirm my previous obsenations: that CPU demandis linear and data-
dependentThey alsoshow that“cyclesconsumed’asa metric of CPU demanddoesnot
alwaystranslatewell acrossprocessoarchitecturespredictorsderived on one processor
mustbemodifiedwhenusedon another For simplepredictorsonlineupdateswill achieve



7.4. RADIOSITY

CPU demand (millions of cycles)

CPU demand (millions of cycles)

25000

20000

15000

10000

5000

200000
180000
160000
140000
120000
100000
80000
60000
40000
20000
0

T

T

T

Dragon X
Whale X
Bunny

Car x
Polar bear &
Human bust

o m O *¥ X +

1 1 1 1 1

20000 40000 60000 80000 100000 120000
Number of polygons after scaling

(a) Progressieradiosity

Dragon
Whale
Bunny
Car
Polar bear * i
Human bust +

o m O ¥ X +

1 1 1 1 1

20000 40000 60000 80000 100000 120000
Number of polygons after scaling

0

(b) Hierarchicalradiosity

The z-axisis the numberof polygonsafterscaling,i.e. pr wherep is the original modelsizeand
ther is theresolution.They axisis the CPUdemandn millions of cycles: notethatit is onvery
differentscaledor thetwo graphs.

Figure 7.23: CPU demandof radiosity on fast sewver
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The z-axisis the numberof polygonsafterscaling,i.e. pr wherep is the original modelsizeand
ther is the resolution. The y axisis the memorydemandin megabytes:notethatit is on very

differentscalefor thetwo graphs.

Figure 7.24: Memory demandof radiosity on fast sewer
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Model Xeon/Xeon| TP/Xeon | TP/Xeon/unscaled TP/TP
fao  Ego Jfoo  Ego J20 Eqg Jfoo  Ego
Dragon 4% 4% | 0% 6% | 100% 872%| 0% 5%
Whale 8% 13% | 14% 22% | 100% 751%| 0% 5%
Bunry 24% 78% | 14% 25% | 100% 944%| 0% 9%
Car 4% 6% | 0% 9% | 100% 857%| 0% 8%
Polarbear | 14% 30% | 2% 16% | 100% 890%| 0% 14%
Humanbust| 2% 11%| 4% 19% | 100% 940% | 19% 24%
All objects | 13% 23% | 19% 25% | 100% 882%| 4% 17%

(a) Progressie radiosity

Model Xeon/Xeon| TP/Xeon | TP/Xeon/unscaled TP/TP
fao  Ego Jfoo  Ego Joo Eqg Joo  Ego
Dragon 10% 24% | 94% 54% | 100% 563%| 4% 16%
Whale 2% 4% | 96% 36% | 100% 594%| 0% 3%
Bunry 0% 11% | 84% 34% | 100% 1114%| 10% 22%
Car 2% 6% | 92% 40% | 100% 766%| 8% 18%
Polarbear 0% 5% |52% 26% | 100% 908%| 6% 8%
Humanbust| 0% 4% | 42% 23% | 100% 849%| 4% 5%
All objects | 64% 95% | 67% 62% | 100% 862% | 39% 55%

(b) Hierarchicalradiosity

Thefirst six lines of eachtable shav the bad predictionfrequeng f», and common-caserror
Eyo for data-specifidinear predictors;the last line correspond$o a data-independeniredictor
evaluatedoverall the objects.We shav four combinationf predictorsandtestdata: Xeon/Xeon
(derivedfrom andtestedon Xeondata); TP/Xeon(derivedfrom ThinkPaddataandtestedon Xeon
data); TP/Xeon/unscaledthe sameas the former, but without CPU speedscaling); and TP/TP
(derivedfrom ThinkPaddataandtestedon ThinkPaddata).

Figure 7.25: CPU demandprediction accuracyfor Radiator on a fast server
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Model Xeon/Xeon| TP/Xeon TP/TP

f20 EQO f20 EQO f20 EQO
Dragon 0% 1.6%|0% 1.5%|0% 0.1%

Whale 0% 0.4%|0% 1.2%| 0% 0.2%
Bunry 0% 1.2%|0% 2.4%|0% 0.2%
Car 0% 0.5%| 0% 2.8%|0% 0.7%

Polarbear | 0% 0.5%| 0% 1.4%| 0% 0.5%
Humanbust| 0% 1.1%| 0% 2.3%| 0% 0.5%
All objects | 0% 1.4%| 0% 1.4%| 0% 1.3%

(a) Progressie radiosity

Model Xeon/Xeon| TP/Xeon TP/TP

f20 E90 f20 EQO f20 EQO
Dragon 0% 1.4%|0% 3.7%|0% 2.1%

Whale 0% 1.3%| 0% 2.2%| 0% 0.9%
Bunry 0% 3.9%| 0% 4.8%| 0% 3.8%
Car 0% 1.2%|0% 1.9%|0% 1.2%

Polarbear | 0% 1.2%| 0% 2.5%| 0% 1.3%
Humanbust| 0% 1.1%| 0% 3.3%| 0% 1.2%
All objects | 0% 3.6%| 0% 4.2%| 0% 3.3%

(b) Hierarchicalradiosity

The first six lines of eachtable shav the bad predictionfrequeng f5; and common-case&rror
FEyo for data-specifidinear predictors;the last line correspond¢o a data-independengredictor
evaluatedbverall theobjects.We shav threecombination®f predictorsandtestdata: Xeon/Xeon
(derivedfrom andtestedon Xeondata); TP/Xeon(derivedfrom ThinkPaddataandtestedon Xeon
data);andTP/TP(derivedfrom ThinkPad dataandtestedon ThinkPaddata).

Figure 7.26: Memory demandprediction accuracyfor Radiator on a fast sewver
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this aftera few operationsmore complex predictorsneedto be “ported” by othermeans.
Nevertheless;cyclesconsumedis amuchbettermetricthan“CPU time”, which doesnot
compensate ary way for changesn processospeed.

Figure7.26shaws the predictionaccurag for memorydemandAll threetestconfigu-
rationsshow very low error, bothfor data-depender@nddata-independemirediction(the
TP/Xeonpredictorhasslightly highererrors,but this is only becauséhe extrapolationin-
evitably magnifiesary noisein theoriginal data).This confirmsmy original findingsabout
Radiators memory— thatit is linearanddata-independent andalsoshaws thatit is not
sensitve to changesn processoarchitecture.

7.4.5 Summary

| studiedRadiator: an implementationof radiosity a view-independenB-D shadingal-

gorithm. With a small numberof modifications,| madethe applicationadaptve: it now

choosesne of two algorithms,anda resolutionbetweern0 and 1, by invoking the multi-

fidelity API. | built and evaluatedlinear predictorsfor both CPU and memorydemand.
Data-specifigredictorsfor CPU demandgave us a common-caserror of 3%—24%,and
weresignificantlybetterthandata-independemiredictors Data-independemtredictorsor

memoryhadanerrorof at most3.3%;data-specifionesdid slightly better

7.5 Webbrowsing

Web browsing is a commonactiity on both mobile and desktopcomputers.In the mo-
bile casefetchinglargeimagesover awirelessnetwork resultsin consumptiorof valuable
batteryenegy, aswell asincreasedetwork traffic. For suchimages,lossy JPEGcom-
pression94] is a well-known way to adaptenegy [34] andnetwork [37, 71] demandto
resourcesupply

My adaptve web browser[71] consistsof an unmodifiedNetscapébinary anda local
HTTP proxy calledthe cellophaneoriginally written by Eric Tilton. The cellophanenter-
ceptsall webrequestandtransformgheminto Odyssg [71] systemcalls. Odyssg then
requests degradedversionof theimagefrom a distilling sener locatedon the otherside
of thewirelesslink. Thedistiller fetchesheimagefrom thewebsener, JPEG-compresses
it if required,andreturnsit to the client; it usesthe Independen§PEGGrouplibrary [43]
to dotheactualcompression.

For this application,a multi-fidelity operationconsistsof compressingfetchingand
renderinga singleimageon the screen.Currently| ignorethe costof fetchingtheimage
from thewebsenerto thedistiller: this stephaslittle impacton themobileclient’'senegy
usageor wirelesstraffic, thoughit doesincreasethe overall lateng. Eachoperationhas
one datafeatureor nontunableparameter— the size of the original image— and one
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description web:fetchimage

logfile /usr/odyssey/et ¢/ web.f et chimage.l og
param imagesize ordered O-infinity

fidelity jof ordered 5-80 step 1

Figure 7.27: Application Configuration File for webimagefetch

fidelity metric— the JPEGQuality Factor (JQF)[94, 14] at which compressions done.
Figure7.27shovstheApplicationConfiguratiorFile for thisapplication. TheJQFcantake
ary integervaluefrom 0—100:however, | foundthatvaluesbelow 5 causehecompression
algorithmto behae unreliably andvaluesabove 80 causea sharpincreasdn the size of
the compressednage,sometimesxceedingthat of the original image. Consequentlyl
restrictedthe JQFto therange5-80.

In the remainderof this sectionl describehow | modified the cellophaneto usethe
multi-fidelity API, andhow | predictedhenetwork andenegy demandf fetchingimages
over awirelessnetwork. In all of my experimentsthe distiller ranon anIBM ThinkPad
570with a366MHz Mobile Pentiumll processoand128MB of RAM. Thewirelesslink
betweerclientandsenerwasprovidedby a2 Mbps,2.4GHz LucentWaveLAN in ad-hoc
mode.All imageswverefetchedfrom awebsenerrunningonthe samehostasthedistiller.

7.5.1 Porting Netscapeto the multi-fidelity API

The Netscapéeapplication” consistsof threeparts: the Netscapebinary (at the time, the

sourcecodewasnot freely available), the cellophaneandthe distilling sener. In orderto

usethe multi-fidelity API, I only neededo modify the cellophane Onreceving arequest
for animage,the modifiedcellophane

getstheimagesizefrom thedistiller.

invokesbegin_fidelity_op to find theappropriatdidelity (JQF)for thatimagesize.

passeshe JQFto Odysss.

fetchesthe degradedmagefrom thedistilling sener (throughOdyssg), andpasses

it to Netscape.

e waitsfor Netscapeo finish renderingtheimage,by trackingNetscapes statuswin-
dow.

e callsend_fidelity_op.

Normally, Netscapes operationis driven by a userinteractingwith its Gul. However,
whencollectinglog data,l hadto automaticallyexecutea large numberof operationswith-
out requiring userinteraction. For this purpose,] useda remotecontrol program,based
ontheNetscapdRemoteControlreferencemplementatiorf99], which allowedusto issue
“fetch anddisplayURL” commandgo Netscapdrom anothemprocess.An extendedver-
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Figure 7.28: Netscapes “shooting stars” statuswindow: idle (left) and animated

Files | Lines | Purpose
1 83 | Insertionof multi-fidelity calls
1| 393| Remotecontrolprogram
1| 211 | TrackingNetscapestatuswindow
1 4 | ApplicationConfigurationFile
2| 170 | Hint module
6 | 861 | Total modificationsfor multifidelity
2| 697 | Cellophangoriginal size)
7 | 3224 | Distiller (unmodified)

Note that the count for the remote control program(line 2) excludescode from the original
Netscapeeferencéamplementationandcodeto track Netscapes statuswvindow.

Figure 7.29: Code modifications for adaptive web browsing

sion, built by JasorFlinn andKip Walker[81], canalsodetectwhenNetscapéiasfinished
displayingadocumentlt doessoby trackingthestateof Netscapes “shootingstars”status
window (Figure7.28),whichdisplaysa staticimagewhenNetscapeés idle andananimated
onewhenit is busyfetchingor renderinga document.Theremotecontrolprogramalsoin-
vokesmulti-fidelity APl andsetsthe JQFon behalfof theapplication:thus,in batchmode,
| usedtheunmodifiedcellophanevhich doesnot make multi-fidelity calls.

Figure7.29shaows the costof porting Netscapéeo the multi-fidelity API.

7.5.2 Predicting the network demandof imagefetch

The network demand— the numberof bytesreadfrom the sener— is determinedoy the
size of the JPEG-compressddhage. Canwe predictthis sizeasa function of the JPEG
Quality Factor?l measuredhecompressiomatio achiaredby JPEGatvariousJQFvalues,
on six imagesof sizesvaryingfrom 8 KB to 1.3MB. (Figure7.30). Figure7.31(a)showns
the compressionmatiosasa function of the JQF We seethat the plot is roughly linearin
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Image | Size(bytes)
nsh 1394081
apple 174650
radio 114816
castle 58223
circuit 19685
laserdt 8802

Figure 7.30: Testimagesusedwith web browser

therange5-80: beyond 80 it beginsto increasaapidly andnon-linearly We seethis non-
linearityevenonalog-logplot (Figure7.31(b)),indicatingthatit is notasimplepolynomial
or exponentialrelationship. Sincecompressiomatioscloseto or exceedingl are neither
predictablenor useful,l avoidedJQFvaluesabove 80.

In therange5—80,1 modelthe compressiomatio r asalinearfunctionof the JQF f:
r=c+cf

As Figure 7.31 shaws, the valuesof ¢, andc; aredifferentfor differentimages,i.e. the
modelneedgo be data-specificGiventhe compressiomatio » andtheoriginalimagesize
S, we canpredictthe network demandas

Dieew =y +1S=cy+ (cg+crf)S=cy+ S+ ey fS

Figure7.32shavstheaccurag of thismodel,evaluatedover 6 imageswith 100datapoints
each.As we might expect,we seehigh accurag for data-specifipredictorsandlow accu-
racy for thedata-independemtredictor:we have alreadyseerthattherelationshipgbetween
JQFandcompressiomatio is data-specific.

7.5.3 Predicting the energy demandof web imagefetch

Fetchinglarge objectsover a wirelessnetwork consumes substantiabmountof enengy.

Compressiorcanhelpherealso:it reduceswirelesstraffic, andalsothetime for which the
wirelessinterfaceis active. To measureheeffectof compressiommn enegy usage) ranthe
sameexperimentsasin the previous sectionandmeasuredhe enegy usageof eachopera-
tion usingPowerScopd31]. PoverScopeallows usto samplethe power consumptiorof a
laptop,andto attributeit to oneof themary processesunningonthemachine.l extended
PaverScopeto include a timestampwith eachsample. In post-processing, usedthese
timestampdgo correlatepower samplesvith the operationdoggedby Odyssg. | computed
thetotalenegy consumediuringanoperationsubtracteeuttheknown backgroungower

consumptionand attributedthe remainingenegy consumptiorto thatoperation.On my

testmachinethis backgroundr baselingopower consumptiorwas7.94Watts.
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The z-axis shavs the JPEGQuiality Factor f, from 0 to 100. The y-axis shavs the compression
ratior achiezedatthatquality factor

Figure 7.31: Compressionratio asa function of JPEG Quality Factor
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Thegraphshows predictionaccurag for data-specifianddata-independetinear modelsof net-
work demandor imagefetches.Thetableshowns the correspondindpadpredictionfrequeng f2q
andthecommoncaseerror Eyg.

Figure 7.32: Network demandprediction accuracyfor webimagefetch
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castle 23% 34%| 0% 11%
circuit 60% 60% | 3% 8%
laserdt 58% 62%| 1% 10%
All images| 55% 100% | 58% 72%

(c) Bad predictionfrequeng andcommon-
caseerror

The graphsshow predictionaccurag for a linear model of network demandfor imagefetches:
usingNetscapeandusinga simplebrowser The table shavs the correspondindad prediction
frequeny fy,q andthecommoncaseerror Eyg.

Figure 7.33: Energy demand prediction accuracyfor web imagefetch
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The z-axisis the JPEGQuality factor They-axisis the enegy demandn Joulesof fetchingand
renderingthe “castle” image. Eachpoint representsin experimentalrun; the lines arelinearbest
fits throughthe samplepoints.

Figure 7.34: Energy demand of differ ent browsers

We expectthe enegy demando have a fixed portion, a network portionlinearin the
amountof datafetched,a decompressiomortion linear in the compresse@dnd uncom-
pressedmagesizes,andarenderingportionlinearin theuncompressennagesize.l.e.,

Denergy = co + c17S + (corS + ¢35) + ¢4S
wherer is thecompressiomatio. This reducego
Denergy = €y + 478 + ¢S
If we usealinearmodelfor compressiomatio » asafunctionof the JQF f, we get
Denergy = ¢y + ¢S+ ¢4 fS

Figure7.33(a)shonvs theaccurag of this predictorfor Netscapes enegy demandWe see
that, asbefore,data-specifipredictorsoutperformedhe genericpredictor;however, even
thedata-specifipredictorshada high errorrate,especiallyfor the smallerimages.

A predictormight perform badly for two reasons:either the underlyingmodel was
poorly chosen(i.e. the true relationshipis not linear), or there are noise sourcesthat
causedeviations from the model. In the caseof Netscapethe poor accurag was due
to noisein the data. | suspecthatthe noiseis causedy the backgroundhreadthat ani-
matedNetscapes“shootingstars’statusvindow: non-deterministieffectsin theuserlevel
threadschedulecausehis threadto consumeavariableamountof CPUandhenceenegy.

How well would my predictorsperformin the absencef thesenon-deterministicef-
fects?Sincel did nothave sourcecodeto Netscapatthetime,| answeredhis questionby
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building anotheysimplerbrowser ThisprogramcansenddTTP requests$o thecellophane,
readimagedata,anddisplaytheimageusingxv [11], afreely availableimageeditorfor X.

| repeatedny experimentswith this browserandfounda dramaticimprovementin predic-
tion accurag, asshovn by Figures7.33(b)and7.33(c).Figure7.34shavs graphicallythe

contrastbetweerNetscapeandthe simplebrowserfor the“castle” object.

7.5.4 Summary

| studiedthe network andenegy demandof web imagefetch, and shoved that both can
bereducedhroughmulti-fidelity adaptationl alsoshavedthatmulti-fidelity adaptations
possibleevenwithout applicationsourcecode,throughthe useof proxies. However, this
black-boxapproacHeadsto additionalcompleity of implementation.lt alsohindersthe
building of simpleandaccuratepredictors:sometimeghe applicationexhibits side-efects
thatcannotbe deluggedwithout sourcecodeaccess.

| alsoshowved that data-specifigredictorscanaccuratelypredictthe compressedize
of animageasa functionof the JPEGQuality Factor However, adata-independemiredic-
tor of compressedizehadlow accurag. This is unsurprising:JPEGcompressiomatios
dependonimagecontent,andcannotbe predictedfrom imagesizealone.My resultshere
arebroadlyin agreementvith thoseof Hanetal. [44], who studiedJPEGtranscodingor a
large numberof webimages.They show that,for afixed JPEGlevel:

e Thereis alinearcorrespondendeetweeruncompressedndcompresseinagesize,
but with alargeamountof noise,i.e. variationacrossmages.

e Thereis a betterlinear correspondencbetweenthe area (humberof pixels) of the
uncompressenageandthe compressednagesize.

e Thevariancefrom thetrendis higherfor largerimages( in termsof eitherbyte size
andarea),.e. thedistributionis hetepscedastic

By combiningtheseresultswith mine— perhapswith a linear modelon JPEGlevel and
imageareaaswell asinput byte size— the accurag of the data-independergredictor
might beimproved.

7.6 Speechrecognition

Janug[92] is a speechrecognitionsystemthat takes a digital soundsample— an utter-
ance— and returnsthe words it recognizesin the utteranceas an ASCII string. It is
both CPUandmemory-intensie: herel focuson adaptingJanuss CPUdemandusingthe
multi-fidelity API. The CPUdemanddepend®n thesizeof thelanguage modelused:one
adaptatiortechniques to usea smallerlanguagemodelfor the sametask,giving usfaster
recognitionat the price of degradedrecognition. In the experimentsdescribedhere,| al-
low Janusto switch betweena normal (“large”) languagemodelanda reduced(“small”)
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description janus:recognize

logfile /usr/odyssey/et ¢/ janus_recogni ze. lo g
mode normal

hintfile /usr/odyssey/l ib /j anus- re cognize .s o
utility janus_recognize  _uti lit y

init  janus_recognize_  in it

param utterance_lengt h ordered O-infinity
fidelity vocab_size unordered small large
fidelity location unordered local hybrid remote

Figure 7.35: Application Configuration File for Janus

version.

Theheavy resourcalemand®f Janusalsomake remoteaxecutionanattractve strateyy.
JasonFlinn has modified Janusso that it can executeeachrecognitionin one of three
differentconfigurations:entirely local, entirely on a remotecomputesener, or “hybrid”.
In the hybrid mode,the first phaseis donelocally, in orderto reducethe amountof data
shippedover the network. This is a vectorquantization[76] stepthattransformsthe raw
speechutteranceinto a more compactrepresentationThe bulk of the processings then
doneat the remotesener. Thus“location” is a tunableparametefor Januswith three
possiblevalues.Althoughtheoutputquality is thesamen eachcasetheresourcdradeofs
betweerlocal CPU,memory network bandwidth,andremoteCPU aredifferent.

Dependingon the resourcesupply at runtime, the solver will pick one of thesethree
modes.If aremoteseneris required thesolveralsodetermineshebestsenerto use:this
informationis notexposedo theapplication.To performtheremoteexecution thesystem
usesSpectrd33], anenginefor senerdiscovery andclient-sener communicatiorthatwas
built by JasorFlinn, andis integratedwith the multi-fidelity runtime.

Theresourcademandf speechrecognitionalsodepend®nthelengthof theutterance
beingrecognized.Thus,Janushastwo fidelity metrics— modelsizeandlocation— and
oneinput parameter— utterancdength(Figure7.35).

7.6.1 Porting Janusto the multi-fidelity API

The Januscodebaseis structuredasatoolkit. The corefunctionalityis implementedasC
proceduresJanus‘applications”are Tcl scriptsthatinvoke this functionality. To make a
multi-fidelity Janusapplicationswe

e wrotean ACF andresourcéiint module.
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Files| Lines| Purpose

10 | ApplicationConfigurationFile
86 | Hint module

394 | Command-lineclient

350 | Sener-sidewrapper(C)

241 | Sener-sidewrapper(Tcl)

AWR R R

10 1081 | Total modificationsfor multifidelity
209 | 126397/ Original codebase

1 1045| Large (original) dictionary
1 105 | Small(reduced)ictionary

Notethatthe Tcl files werelargely basedon existing Janussourcecode: the line countshereare
consenative, i.e. they over-estimatethe numberof new lines of codewritten. Also notethatthe
smalldictionarywascreatedsimply by deletingentriesfrom thelarge dictionary(eachdictionary
entrycountsasoneline).

Figure 7.36: Modifications madeto Janus

e createdareducedversionof thelanguagamnodel. The languagemodelis automati-
cally createdrom adictionary— atext file with oneentryperline. Theexperiments
in this sectionusea “Pittsburgh tourist” languagenodel,which is part of the Janus
distribution. | createdthe reducedversionof the languagemodel by removing all
propernounsfrom thedictionary

e createdaremoteexecutionsener, by addinga codelayerthatinterfacesbetweerthe
Spectrasener-side supportand the Janustoolkit. This sener exportsfive RPCS:
“load vocahulary”, “unload vocahulary”, “do quantization”,“recognizequantized
data”, and“recognizeraw (unquantizedyata”. This sener runsboth on the client
machineandon remotecomputeseners.

e wroteasimpleclientprogramwhichreadsa soundfile andinvokesthemulti-fidelity
API to find the appropriatelocation and vocahlulary size. The client theninvokes
Spectrao performthe computatioron thelocal and/orremoteseners.

Figure7.36shawvs the costof thesemodifications.

7.6.2 Predicting resouice consumptionfor Janus

To build resourcedemandpredictorsfor Janus] usedl15 pre-recordeditterancesanging
in sizefrom 20KB to 140KB. For eachutterance] performed5 recognitionsdor eachof
the 6 combinationsf locationandvocaklulary size,for atotal of 450samples.

Figures7.37,7.38, and 7.39 shav the local CPU, remoteCPU, and network trans-
missiondemandrespectiely, for theseexperiments.In eachcase| plot resourcedemand
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The z-axis is the utterancdengthin bytes. The y-axisis the local CPU demandin millions of
cycleson a Mobile PentiumMMX processar Eachbaris the min-maxrangefor 5 recognitions
of asingleutterance Thelinesarebestfits for thefull andreducedvocalulary case respectiely.
Note the differenty scaledor the“local” and“hybrid” modes.The “remote” modeis not shavn
asit usesa nggligible amountof local CPU.

Figure 7.37: Local CPU demandof speechrecognition
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The z-axisis the utterancdengthin bytes. The y-axisis the remoteCPU demandn millions of
cycleson a Mobile Pentiumll processar Eachbaris the min-maxrangefor 5 recognitionsof a
singleutterance Thelinesarebestfits for thefull andreduceds/ocalulary caserespectiely.

Figure 7.38: Remote CPU demand of speechrecognition
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The z-axisis the utterancdengthin bytes. They-axisis the network transmissionn bytes.Each
baris the min-maxrangefor 5 recognitionsof a single utterance.The lines are besttits for the
full and reducedvocahulary case,respectiely. Network receve demandis not shavn asit is
negligible.

Figure 7.39: Network demandof speechrecognition

againsutterancesize.Eachutterances plottedasaverticalbarrangingfrom theminimum
to themaximumof the 5 runs.| alsoshow the best-fitlinesfor resourcalemandasa func-
tion of utterancesize.l do not shav network or remoteCPUdemandor the“local” mode,
sinceit doesnot usethoseresources) alsoomit the local CPU demandof the “remote”
mode,andthe network receve demandn all casesasthey werenegligible.

We notethefollowing featuresof thedata

¢ localandremoteCPUincreaseoughlylinearly with utterancdength.

e network transmissiorincreasesxactly linearly with utterancdength.

e the remotemodealwaystransmitsexactly 5 timesas muchdataasthe hybrid: the
guantizatiorstepalways“downsamplesthe audiodataby a factorof 5.

e the local CPU usedby the hybrid modeis small (lessthan 3% of the total CPU
demandof recognition);thus“hybrid” is preferableto “remote” unlesswe have ex-
tremelyhigh bandwidthto the remotesener, or avery large disparitybetweerlocal
andremoteCPUspeeds.

¢ the local CPU demandof the “local” modediffers slightly from the remote CPU
demandof the “remote” mode,althoughboth performthe samecomputation:this
is becausehe two CPUshave slightly differentarchitecturesandrequiredifferent
numbersof cyclesfor the samecomputation.

e thevariationin resourceconsumptiorfor a singleutterancgfor a givenremoteexe-
cutionmodeandvocalulary size)is extremelysmall.

Thevariationacrosautteranceindicateghatadata-specificesourceredictionscheme
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100% d local full - 100% b hybrid, full *
§ local,reduced -~ hybrid,reduced -~
80% i hybrid,full - 80% ri remote,full -
“;‘ hybrid,reduced ‘1 remote,reduced
0 60% | | 2 60% |
g 40% | . g 40% 1\.\
20% 20% |
0% L e 0% . A‘ ,,,,,,,,,,,,,,,,,,, =
0% 10% 20% 30% 40%  50% 0% 10% 20% 30% 40%  50%
Error threshold Error threshold
(a) Outlier distribution: local CPU (b) Ouitlier distribution: remote
CPU
100% hybrid,full
hybrid,reduced -
80% remote,full -
| remote,reduced
¢ 60%{
g 40%—‘33
20%
0%
0% 0.5%
Error threshold
(c) Outlier distribution: network
Resource Localmode Hybrid mode Remotemode
Full Reduced Full Reduced Full Reduced
Jfoo Ego | foao  Ego f20 Eqy | fao Eqgo f20 Eqo | fao Eyg
LocalCPU | 25% 31% | 3% 11%| 3% 10%| 1% 8% n.a. n.a.
Rem.CPU n.a. n.a. 24% 33%| 8% 13%|27% 32%| 8% 15%
Network n.a. n.a. 0% 0.2%| 0% 0.2%| 0% 0.02%| 0% 0.02%

(d) Bad predictionfrequeny andcommon-caserror

The graphsshow outlier distributions for linear predictorsof resourcedemand(local CPU, re-
moteCPU, andnetwork transmissionjor speectrecognition.Thetableshavs the badprediction
frequengy f5o andthecommon-caserror Eqq correspondingo thegraphs.

Figure 7.40: Resouice demandprediction accuracyfor Janus
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would performwell. Unfortunately suchpredictorsare not practical,sinceit is very un-
likely thatarealuserwill generateexactly the sameaudiodataa secondime. We areleft
with utterancdengthU asthe only easily extractedfeatureto baseour predictionson. |
usealinearmodel

D= co + ClU

for all threeresource®sf interest:local CPU,remoteCPU,andnetwork transmission

Figure7.40shavstheaccurag of linearpredictorsof local CPU,remoteCPU,andnet-
work transmissionlt shavstheoutlier distribution, badpredictionfrequeny andcommon
caseerror for eachresourcefor eachof the 6 “bins” definedby locationandvocalulary
size.We notethat

¢ the network demandpredictorsare extremely accurate with errorsalways below
0.5%.

¢ the local CPU demandfor “hybrid” (i.e. the vectorquantizationstep),apartfrom
beingsmall,is alsovery predictablewith Ey, under3%.

e the CPU demandof the main (post-quantizationjecognitionstep— whetherexe-
cutedlocally or remotely— is smaller andalsomorepredictablewith thereduced
vocahlulary thanwith thefull vocalulary.

We have sizeablg(Ey = 24%) predictionerrorsonly for the CPUdemandof the main
recognitionstep(i.e., local CPU demandfor “local”, remoteCPU demandfor “hybrid”
and “remote”) whenwe usethe full vocatulary. However, in practice,eventheseerrors
do not usuallyleadto incorrectadaptve decisions. Typically, the differencein predicted
lateny betweendifferentchoices— e.g. executinglocally vs. remotely— is largerthan
the predictionerror, and so the runtime systemmakes the correctchoice. Of course,in
scenarioswvhere different adaptve choicesgive us only slightly differing latencies,the
systemis morelik ely to make incorrectchoices:however, in suchscenariosthe penaltyfor
theseincorrectchoicesis alsolow. JasornFlinn andthe authorhave shavn thatthe multi-
fidelity systemalwayschooseghe optimal remoteexecutionmodeandvocalulary sizein
avariety of resourcescenariog33]: in otherwordsalthoughthereareinevitably errorsin
resourceprediction,they aresmall enoughthatthe optimal configurationis still predicted
to beoptimal.

7.6.3 File accessrediction for Janus

In Chapter2, | obsenredthatfile cachestateis akey resourcen mobilesystemsThismeans
thatit is importantto be ableto predictthefiles thatwill be accessethy the applicationat
variousfidelities,in orderto pick fidelity valuesthatreducecachemisses.

In the caseof Janusgachscenario(e.g., “Pittsburgh tourist”) hasits own specialized
vocahulary. If the requiredlanguagemodelis not in the cache,thenrecognitionon that
machinewill incur anexpensve cachemiss. (Thelanguaganodelsusedin my evaluation
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arearound250KB in size.)

| storedthelanguagemodelsin Coda,andusedthefile cachepredictor(Sectionss.5.4
and 6.4.2)to predictthe cachemisscostfor any combinationof remoteexecutionmode
andvocahulary size. This approachworks extremelywell for Janus:thefiles requiredon
the client andsener aredetermineckentirely by the scenarioyocalulary size,andremote
executionmode. l.e., it canalways predict, with 100% accuray, the files that will be
accessedly arecognitionoperation33].

7.6.4 Summary

| studiedspeeclrecognitionwhich adaptdts resourcalemandy reducingits vocalulary
sizeand/oroffloadingsomecomputationon to remotecomputeseners. | shovedthatthe
localandremoteCPUdemandbf this operationarepredictableo within 24%,andthatthe
network demandf shippingdatato remotesenersis predictableo within 0.5%.

7.7 Other applications

JasorFlinn and SoYoungPark have portedthe following applicationgo the multi-fidelity
API:

¢ IATEX, adocumenprocessofportedwith no sourcecodemodification)
e PANGLOSS [70], alanguagdranslationsystem

They provide somefurthervalidationof thegeneralityof my programmingnodel;however,
| did not evaluatethemquantitatvely, anddo not discusghemin this dissertation.



Chapter 8

Evaluation

Measuremenbeganour might
(W.B.YeatsUnderBenBulben V)

The evaluationof the multi-fidelity runtime systemwasdrivenby the following ques-
tions:

e Is applicationadaptatioragile: doesit respondquickly to changesn resourcesup-
ply?

e |Is adaptationaccurate doesit pick the fidelity that bestmeetsusergoalsat the
currentlevel of resourcesupply

e Isit beneficial whatis theimprovementoverthe non-adaptre case?

This chapteranswerghesequestionghrougha seriesof experimentswith gLvu and
Radiator aswell as syntheticCPU and memoryload generators.The chapteris organ-
isedasfollows. Section8.1 describesny evaluationmethodology:the baseplatform, the
syntheticapplicationsandbackgroundoad generatorsandthe performancemetricsused.
Section8.2 evaluatesadaptatiorto varying CPU load in a syntheticapplicationaswell as
in GLVU. Section8.3 evaluatesadaptatiorto varyingmemoryloadin a syntheticapplica-
tion andin Radiator Section8.4thenevaluatesystembehaiour whenGLvu andRadiator
run concurrentlyandcompetefor resourcesSection8.5 summarizesny main evaluation
results.

8.1 Evaluation Methodology

This sectiondescribesvariouscomponentof the experimentalsetup: the hardware and
softwareplatform,thesyntheticworkloadsandloadgeneratorsandthe evaluationmetrics.
Realapplicationworkloadsbasedn GLvU andRadiatoraredescribedaterin the chapter

119
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8.1.1 Experimental Platform

All experimentsusedthe sameconfiguration: an IBM ThinkPad 560X with a 233MHz
Mobile Pentiumprocessoand 96 MB of memory This hardwareis a generatioror two
behindtoday’s desktopandlaptopworkstationsandthusrepresentatie of the processing
powerwe canexpectfrom lightweighthandheldor wearablecomputersn the nearfuture.

The baseOS is a standard,unmodifiedLinux 2.4.2kernel. This kernelhad several
virtual memorymanagemernibugs: for memory-relateagxperiments] useda laterkernel
version(2.4.17-rmap12an which mary of thesebugshave beenfixed.

8.1.2 Syntheticworkloads

My evaluationusestwo syntheticapplications:cputestandmemtest Theseapplications
usethe multi-fidelity API to adapttheir resourcedemando the preciseamountsuggested
by the system: thus, their performancedependsentirely on the accurag and agility of
resourcesupplyprediction. Syntheticapplicationgrovided us with easilyunderstoodni-
crobenchmarksyhile experimentswith real applicationsgave us a picture of systembe-
haviour in morerealisticscenarios.

cputestis a synthetic, CPU-bound,multi-fidelity “application”. Eachof its “opera-
tions” consistsof spinningin a loop for a specifiedamountof CPU time, measuredn
cycles. This amountis the single “fidelity” (tunableparameter). cputests utility in-
creasedinearly with p: the runtime systemmustchoosethe highestvalue of p thatdoes
not violate latengy constraints.Thus, the optimal value p,,; resultsin a lateny L, that
exactly matchesour constraint. To predictthe lateng for any particularvalueof p, | use

thegenericlateng predictor(Section5.5.3)
Dcpu b

L = — =
Scpu Scpu

Hence

Popt = LoptScpu
L,,: is known; thustheaccurag of computingp,,: depend®ntirelyontheaccurag of the
CPUsupplyestimateS,,,.

memtestis amemory-boundsynthetic multi-fidelity application.lts “fidelity” w spec-
ifies the optimalworking setsizefor eachoperation.An operationconsistsof writing one
word to every pagein a block of sizew andthensleepingfor a specifiedperiodof time 7.
On startup,memtestpreallocates large block (128MB) of virtual memory;eachopera-
tion thentouchessomeinitial portion of sizew, to emulatea working setof sizew. The
preallocationavoids the fragmentationand unpredictableaccessatternsthat can result
from repeatectallsto malloc and free.

Sincethe CPUtime spentin touchingthe pagess negligible, theexpectedateng is T’
whenall the pagesareresidentin physicalmemory Whenthereis memorypressurei.e.,
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memorysupplyis lessthanw, all pageswill not be residentsimultaneouslyandlateng
will increasesharplydueto paging.

If memorysupplydecreasesharplywhile anoperationis in flight — e.g.,if another
applicationstartsup— thesystemmightbegin to thrash.Theapplicationcanonly adaptts
fidelity atthenext adaptve decisionpoint: the startof thenext operation Whenthe system
is thrashingthe currentoperatiommight take a very long time to complete:it is sometimes
betterto abortit, andrestartat a lower fidelity, ratherthanincur the penaltyof thrashing.
To dorthis, | usea latencyconstaint violation callbad (Section4.3.2),whichis triggered
whenanoperationtakesmuchlongerthanexpected:in my experiments] usedathreshold
of 10timesthe expectedateny 7. memtestthenabortsthe currentoperationandstartsa
new one:theassumptions thatthe runtimewill choosea muchlower fidelity for the new
operationgiventheincreasednemorypressuren the system.

8.1.3 Syntheticload generators

Justasl usecputestandmemtestto mimic adaptve multi-fidelity applications) usesyn-
thetic load generatorgo mimic the non-adaptie, non-interactre backgroundoad in the
system.This allows usto run experimentaundervariableload conditionswithoutthe com-
plexity andnonrepeatibilityof runningrealbackgroundapplications.l usethesesynthetic
load generatorso measurehe adaptve behaiour of both syntheticandreal applications.
Theseload generatorsare similar in motivation to hostload playbad [24] and network
tracemodulation[72], but simpler: | do not replaytracesof realload, but only synthetic
ones.

cpuload canemulateary integervaluedprocessoloadaveragen: it spavnsn threads,
eachof which spinsin atight loop. It takestwo parametersthe desiredload n, andthe
desiredexecutiontimeT'. | generatetime-varyingloadpatternswith scriptsthatrepeatedly
invoke cpuload with differentparametewalues.

memloadtakesthreeparametersthe amountof memoryM to use,the executiontime
T, andtherefreshperiodt. The programallocatesa contiguousvirtual memoryblock of
size M, anddirtieseachpagein thisblock everyt secondsin my evaluationl usearefresh
periodof 1s. Onmy experimentaplatform,thisis sufficientto keepall theallocatedpages
active with alow CPU overheadtheinitial allocationandpage-incostsabout0.05ms per
page(4KB), anda 1s periodicrefreshof a 64MB block causesa backgroundCPU load
of about0.002%o0n anunloadedsystem.As with cpuload, | generatedime-varyingload
patternghroughrepeatednvocationsof the program.

| usecpuload and memload to generatesimple squareload waveforms. Theseare
simple, repeatableand easyto analyse.| do not intendthis load patternto capturethe
comple propertiesof real workloads. Ratherl useit to obsere the adaptve systems
responseinderstressfutonditions(frequentsharptransitions) | alsousethesevaveforms
to studytheeffectof frequengy andamplitudeof loadvariationon multi-fidelity adaptation.
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Thegraphshows how utility varieswith lateng, for alateng targetof 1 sandatoleranceof 10%.
Thedottedline shavsthe optimallateng L, 0.9s in this example.

Figure 8.1: Sigmoid utility function

8.1.4 Evaluation metrics

The primary aim of this thesiswork is to improve the performanceof interactve applica-
tions: to boundthelateng of interactve operationsandto reducethevariability in latengy.
To dothis, the systemmustmustmatchthe demandor resources— CPUandmemory—
to theavailablesupply Thegoalis notto minimizedemandy runningatthe lowestavail-
ablefidelity, but to keepthelateng within userspecifiedconstraintavithoutunnecessarily
sacrificingfidelity. Too highalateny degradesnteractvity; toolow alateng indicatesan
unnecessariljow fidelity. Similarly, aggressie memoryusagecauseshrashingwhile ex-
cessve conseratismwastesopportunitiego improve fidelity. For this reasonmy primary
evaluationmetric is not the meanvalue of latengy or memorydemand but its deviation
from theoptimalvalue.

The optimallateny L,,; for anoperationis easilyderived from the userspecifiedia-
teng/ constraintandtolerance E.g.,a 1 s constraintwith a 10%tolerancds expressedsa
sigmoid(Figure 8.1) whosetolerancezoneis [0.9, 1.1]: the utility startsdroppingat0.9s,
andis nearzeroat1.1s. L, is 0.9s, thepointatwhich theutility beginsto dropsharply

In amemory-boundpplication,t is not desirableo aim for the userspecifiedateny
L,,:. The effect of memorydemandon lateng is non-linear: whenthereis no memory
contentionthe effectis nearzero,andwhenthereis memaorycontentionJateng increases
rapidly with smallincreasesn memorydemand.The optimal memorydemand),,,, is at
the kneeof this curve: the highestpossiblememorydemandhat causeso swap actwity.
Thisis preciselythe quantitythatthe memorysupplypredictor(Section5.5.2)estimatest
the startof eachoperation.

M, is not known a priori: how thendo we know whetherour supply predictores-
timatesit accurately?We caneasily detectoverestimatedy observingthe swap actiity
inducedin the systemut underestimatesannotbe detectedvithoutknowing M,,;. Even
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in theabsenc®f explicit backgroundoad (i.e., memload), we cannotassumehat M, is
equalto the total physicalmemoryin the system:thereis alwayssomememorydemand
from thekernel,the X sener, andvariousbackgroundasks.

In my evaluation,| determineM,,; postfacto: after all the trials of ary given experi-
ment,| find the highestmemorydemandhat the applicationwasableto sustainwith no
swapactity. | assumehatthis valueis optimalfor operationsvhenmemloadis not run-
ning. If therewasa backgroundoad of M,, duringan operationthanthe optimal value
for thatoperationis M,,; — M.

Agility

We wantadaptatiorio beagile: to respondapidlyto changesn resourcesupply | measure
agility by subjectingthe systemto load transitions both upwardsand downwards, and

study the system$ behaiour aroundthe transitions. Typically, the systemwill deviate

from its optimal lateny or memorydemandfor someperiod of time, andthenreturnto

normaloperation(l definenormaloperationas“within 10% of the optimalvalue”).

Figure8.2shownsthelateng of ahypotheticabpplicationovertime. Whenlateng isin
the “target zone” (betweenrthe two horizontallines), the systemis in “normal operation”;
otherwiseijt is “adapting”. Thegraphshaws threedistinctadaptivephases

e initial cornvemgence(phase'A’ in the graph): after applicationstartup,the time for
which lateng is outsidethetargetzone.

e adapt-down(phaseB’ in the graph): after an upward load transition,the time for
which lateng is above thetargetzone.

e overshootcorrectionafter adapt-down(phase'C’ in the graph): after adapt-davn,
thetime (if ary) for which lateng is below thetarmgetzone.

In addition,| definetwo kindsof adaptve phasenot shavn in thegraph:

e adapt-up aftera downwardload transition,the time for which lateng is below the
targetzone.

e overshootcorrectionafter adapt-up after adapt-upthetime (if arny) for which la-
teng is above thetametzone.

To measuragility, | subjectedasyntheticapplicationto asimple“up-and-davn” back-
groundload: no load for sometime 7', a constanioad for time 7', andno load againfor
time 7. | thenmeasuredhe lengthsof the adaptve phaseghat follow the upward and
downwardloadtransitions.
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The graphdepictspictorially the notion of initial convergence,adapt-devn, and overshootcor

rectionphasesit doesnot representhe measuregerformancef ary realapplicationor system.
The bottomgraphshaws the backgroundoad, which increasegrom 1 to 2 at T=5s. In thetop

graph,thepointsrepresenbperationateng overtime. Thehorizontallinesat heights0.9and1.1

demarcateéhetargetzone.ThethreesggmentsA, B, andC, correspondo theinitial corvergence,
theadapt-devn, andthe overshootorrectionperiodsrespectiely.

Figure 8.2: Adaptation phasesfor a hypothetical application and system
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Figure 8.3: Example of deviation plot
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Accuracy

To measurethe accurag of adaptation,| subjectedadaptve applications— GLvu and
Radiator— to a time-varying backgroundoad (CPU or memory). | thenmeasuredhe
latengy or memorydemandof eachoperation,andcomparedt to the optimal value. For
CPU-boundoperations| measuredhe deviation of lateng from L,,;; for memory-bound
operationsthatof memorydemandrom M,,;. | reportthesemeasurements threeways:

e atimeline graphof onerepresentatie run of the experiment,shaving lateng (or
memorydemand)of the adaptve applicationover time, aswell asthe background
CPUor memoryload.

e a histogramof latengy or memorydemandover all the operationsn 5 runsof the
experiment.

o theoutlierdistribution graph,the baddeviation frequeng f,,, andthecommon-case
deviation Fyq over 5 runs. Theseshow the frequeng f with which deviation from
theoptimalresourcedemandexceedssomethresholdE, asafunctionof E. E isthe
unsignedelative error. E.g.thelatencydeviation

L—-L
Elatency = | I opt|
opt

whereL is the measuredateny andL,,, is the optimalvalue. fy is the frequeny

with which we seean E' exceeding0.2 (20%); Fy is the errorthresholdthatbounds
90%of obsenations.Thesemetricsareexactly analogouso thoseusedfor predictor
accuray (Section6.5). In thelattercase) measuredhedeviation of predictedvalues
from obsened values; here,| measurethe deviation of obsered valuesfrom the
optimal value. Figure 8.3 shavs an exampleof a deviation plot, andthe intercepts
correspondindo foq and Eyq.

Benefit of adaptation

To evaluatethe benefitof adaptation] comparedhebehaiour of the adaptve application
undertime-varyingloadto thatof thesameapplicationrunningwithoutadaptation! report
the outlier distribution, the bad deviation frequeng, andthe common-caseleviation for
both configurations.

In the non-adaptie case the applicationrunsat a fixedfidelity. In somecasesthis is
the maximumpossiblefidelity: e.g. if GLvu doesno multiresolutionscalingat all, then
its resolutionis 1. In othercasesfull fidelity is not a viable option: e.g.,runningradiosity
at fidelity 1 would requirefar more memorythanis available on my testplatform. In
this cases|] chosea reasonable/alue for fidelity: the chosenvaluesare not necessarily
optimalfor any givenexperiment,but they tell uswhatwe canrealisticallyexpectfrom a
non-adaptie approach.



126 CHAPTERS. EVALUATION

8.2 Adaptation to CPU load

8.2.1 Agility

To measurdhe agility of the CPU supply predictor | measuredhe operationlateng of
cputestrunninga large numberof consecutie operations.The backgroundoadwasgen-
eratedby cpuload: 30s of noload,30s of aloadof 1 (i.e., oneCPU-boundorocess)and
30s of noloadagain.| seta lateng constraintof 1swith a 10%tolerancewhich means
theoptimallateny L,,; is 0.9s.

Figure 8.4 shaws the resultsof this experiment. Figure 8.4(a)shows the operationla-
teng/ over time for a single 90s run. We seethe initial corvergence,adapt-davn, and
adapt-upphasesbut no overshoot.During adapt-davn, oneoperationsuffereda large in-
creasdn lateng: this wasthe operationin flight whenthe loadtransitioned.We alsosee
thatwhenthereis backgroundoad,thelateng constraintis maintainedput the behaiour
is noisiet Thisis causedy thegranularityof CPUschedulingn Linux: competingappli-
cationsreceve quantaof 200ms at a time, andso cputests CPU-shareovera 1s period,
whenthe backgroundoad was 1, could vary between45% and 55%. Whenthe system
wasunloadedhe CPU sharewasconstanfcloseto 100%)andthe lateng constraintwas
maintainedexactly.

Figure 8.4(b) shows the length of eachadaptve phase,averagedover 5 runs. Fig-
ure 8.4(c)shows how the operationlatenciesaredistributed. We seethatthe vastmajority
arearound0.9s, as expected:deviationsoccuronly at and aroundload transitions. Fig-
ure 8.4(d) shaws the outlier frequeng distribution. 10% of the time, the erroris above
9.2%(Ey is 9.2%);5.4%0f thetime, it is above 20% (fo is 5.4%);and0.8%of thetime,
it is morethan40%. This 0.8%correspondso thesingleoperatiorperrunthatwasin flight
duringtheupwardloadtransition.

8.2.2 Accuracy: CPU adaptation in GLVU

In orderto measurghe accurag andeffectivenesof adaptationin GLvU, | useda traceof
ausernavigatingthe“Notre Dame”scengSection7.3.3). Thebackgroundoad,generated
by cpuload, wasasquaraevaveform: 10s periodsof noloadalternatingwith 10s periodsof
load1. | usedautility functionthatincreasesinearly with fidelity, andalateng constraint
of 1s+10%, which givesus a target lateny (L,,;) of 0.9s. Thesevaluesrepresenthe
baselinecase: later in this sectionl showv the effects of varying the input scene target
lateng, loadtransitionfrequeng, andpeakload.

Figure8.5shavstheresultsof thebaselineexperiment.Figure8.5(a)shonvs application
performanceover time for onerepresentatie run: the fidelity chosenfor eachoperation,
its lateng, andthe backgroundoad. We seethatthat mostoperationshada lateng close
to optimal (0.9s), with somedeviation dueto variationin CPU supplyanddemand.Fig-
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Figure 8.4: Aqility of adaptationto CPU supply

120%

127



128

Latency (sec) Fidelity

Load
OFN

30%

25% r

Frequency

5% r

0%

=+ |
+ & +
g e de T B R MO o VRO ML e Mo, e i SV s O .
e = +++#++*’+4++ﬁ++¢» W +mﬁﬁ#++$*fr +#+f}+# e i Mﬁ?:; ey
a it A

CHAPTERS. EVALUATION

e f&% ¥ & .
F e N T
ke s ¥ o +
4 ot s i, P i e NS hi
P e gt e T ST S T
Lo+ v
+
+
+
+ + +
4 + + + +
+ + + + + + + +

Siamun et i s o
A + A by b

+ + + +
+ + + & +
+ + + oox # +
A S . AT eE g

. + ¥ + + + + Lt + + N

20% r

15%

10% r

(e e P P e e e PPl
0 50 100 150 200 250 300
Time (sec)

(a) Timeline
100% !
_ f,0=30%
N | 80% Eqo=43%
g 60%
| 340%7
0% . -
0 0.5 1 1.5 2 2.5 0% 50% 100% 150% 200%
Latency (sec) Error threshold
(b) Lateng distribution (c) Outlier distribution
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Figure 8.5: Adaptation in GLVU
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ure8.5(b)shavsthedistribution of operationatenciesaggreatedover5 runsof theexper
iment: we seethatmostof the deviation is onthelow sideof L,,. Figure8.5(c)shovsthe
outlier distribution: 30% of the operationdeviatedfrom thetargetby morethan20% ( f2
is 30%)andonly 10%by morethan43% (E£90 is 43%).

Benefit of adaptation

In orderto measurehebenefitof adaptation] comparedheresultsof thesameexperiment
with threedifferentconfigurations:

e noadaptation GLvU did notadaptat all, but alwaysrenderedhe sceneat full reso-
lution, i.e., with fidelity 1.

e demandadaptationonly: GLvU adaptedts CPU demando meetthe 1 s constraint,
but ignoredthevariationin supply

¢ supplyanddemandadaptation thisis the baselinecasefrom the previoussection.

Figure 8.6 shaws the resultsof theseexperiments:for eachconfiguration,| show the
timeline from onerun andthe lateng distribution over 5 runs. With no adaptatiorat all,
therewasa very wide variationin lateng: moreaover, the applicationnever metits lateng
constraintbut alwayshada lateng above 1s. With demand-onlyadaptationthe applica-
tion wasableto limit eachoperationto 1s of CPUtime. This gave usthe desiredateng
whenthe systemis unloaded but twice the desiredlateny undera load of 1. Whenthe
systemadaptedo bothsupplyanddemand|ateny wasclusteredaroundtheoptimal0.9s.
Note thatwith a closed-loopworkload, high latenciesalsoresultin alongertime to com-
pletion: thusthe non-adaptre casetook 1000s, the demand-onlycase400s, andthe fully
adaptve case300s to executethe sameworkload.

Figure8.7 shaws the outlier distributionsfor 5 runsof eachof the threecaseswe see
thatboth supplyanddemandadaptatiorcontritute to reducingdeviation from the latencg
constraint.

Variation with input data

Figure8.8shavstheoutlierdistributionfor GLVU runningauserpathtraceonfour different
sceneswith 5 experimentalruns per scene. We seethat the distribution is similar in all
casesthesystemmaintaingts lateng constraintequallywell acrosghe differentscenes.

Variation with targetlatency

When the applications latengy constraintchangesthe time scaleat which the system
adapts,andthusits adaptve behaiour, alsochange.Figure 8.9 shaws the outlier distri-
bution for threedifferenttargetlatenciesn additionto the baselinel s case:0.25s, 0.5s,
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graphsshaw the lateng distribution over 5 runs. The graphsshaw threedifferentconfigurations:
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Figure 8.6: Latency in cLvU: with and without adaptation
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and2s, correspondingo L,,; valuesof 0.225s,0.45s,and1.8srespectiely. Thesevalues
spantherangeof reasonabldidelities andinteractive responsdimesfor GLvVU on the test
platform.

Performancewvas bestat the 0.5s and 1 s time scales:both higher and lower values
increasedhe amountof deviation:

e At time scalesbelown 0.5s, the granularityof processoschedulingcausegleviation.
On Linux, CPU-boundprocessegetquantaof 0.2s atatime. Whenthereis a back-
groundload of 1, GLVU gets50% of the CPU on average,but in ary given 0.2s
period,it mayreceve anything from 0% to 100%.

e Attimescalesabove 1s,loadtransitionsappeamorefrequentlyrelative to thework-
load. For 1 soperationsandaloadthatvariesevery 10s,aboutl0%of theoperations
arehit by atransition,andmisstheir targetlateng. With a 2 starget, twice asmary
operationsare affected. At time scalesmuchlargerthanthe load period (10s), we
would expectdeviation to decreasagain:eachoperationwould seemultiple transi-
tions,andanaverageloadof 0.5. I.e., the variationwould be smoothedut over the
courseof the operation.However, suchlarge time scalesarenot meaningfulfor this
application.

For the2s case] foundsomeoperationghattook lessthanthe optimal 1.8s, but were
at full fidelity. Theseoperationsdid not sacrificefidelity unnecessarilyand thusdo not
representa deviation from optimal behaiour; in the latengy and outlier distributions, |
reportthelateny of suchoperationasthe optimalvalue(1.8s).

Variation with background load

We have alreadyseenthat the time scale,i.e., frequeng, of backgroundoad variation
hasan effect on adaptationraccurag. | measuredhe adaptatioraccurag acrossa range
of loadfrequencies] usedthe samesquare-vave load pattern,but variedthe time period
betweeroadtransitiongFigure8.10). We seethatasthistime perioddecreasesdaptation
accurayg getsworse,asthe probability of a transitionduring an operationincreaseslt is
worstat 1s: aloadvarying atthe samefrequeny asthe adaptve decision-makingauses
the mostinterference.With a further decreaseo a 0.5s time period, accurag improves
significantly: now the effect of load variationis smoothedut over the courseof a single
operation.

| alsostudiedthe effect of peakload on adaptation:i.e., | keptthe square-vaveform
with alsperiod,andvariedits amplitude(Figure8.11). As expected)argertransitionded
to worseadaptationin the“10 process’case(i.e. backgroundoadswitchesbetweerD and
10 every second)the common-caseéeviation was89%.
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Figure 8.10: gLV U outlier distrib ution for differ ent load transition frequencies
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8.2.3 Summary

| measuredheagility of CPUadaptatiorusingasyntheticworkloadanda simple“up-and-
down” backgroundoad;| foundthatthe systenrespondedo changesn loadwithin 2-3s.

| alsoevaluatedhe accurag of CPUadaptationn GLVU, by evaluatingthe deviation from

thetargetlateng in variousscenariosin thebaselinecase] foundthatadaptatioreduced
lateng deviation considerably— the common-caseleviation wasreducedrom 494%in

the non-adaptie caseto 43% in the adaptve case— andthat both supply and demand
predictionwerenecessaryo achiese thisreduction.l repeatedhis evaluationwith varying

parametewaluesandfoundthat

e lateny deviation wasindependenof the 3-D sceneused.

¢ deviation washighestwhenthetime scaleof load variationmatcheghat of adapta-
tion: veryrapidor very slow loadvariationhadlittle negative impact.

¢ lateny deviation increasedvith the magnitudeof load variation: it was43% when
theloadvariedbetweerD—-1,and89%whenit variedbetweer0-10.

8.3 Adaptation to memory load

8.3.1 Agility

| measuredheagility of memorysupplypredictionby subjectingnemtestto sharpupward
and downward transitionsin backgroundmemoryload. My measurementfor memory
wereon a time scaleof tensof secondsatherthansecondsEvery secondthe Linux VM
updategheagesof 1/32 of thesystems pagegSection5.5.2):thusit takestensof seconds
to reflectchangesn load. Sincethe multi-fidelity runtime usesstatisticsexportedby the
kernelto guideadaptationit cannotadapteffectively attime scalessmallerthanthis.

Eachoperationin memtestconsistsof writing to every pagein a block of sizep —
wherep is a tunableparametemwhosevalueis computedby the multi-fidelity system—
andthen sleepingfor 5s. Thusthe expectedlatengy for an operationwith no memory
contentionis just over 5s. To prevent memory contentionfrom delayingan operation
indefinitely, | useda lateng constraintviolation callback:any operationtakingmorethan
50swasaborted. subjectednemtestto an“up-and-davn” loadpattern:noloadfor 100s,
aloadof 48MB (half thetotal systemmemory)for 300s, andno load againfor 100s. In
orderto startfrom aknown VM stateeachtime, eachexperimentakun wasprecededy a
very heary memoryloadto flushall unusedpagedrom the systemfollowedby a10s wait
for the systemto quiesce.

Figure8.12(a)shows the behaiour over time of onerun of this experiment.We seea
TCP-like back-of behaiour: the applicationrampsup its memoryusageup to the opti-
mal value M,,, (84MB without memload); whenit exceedsM,,, it experiencesnemory
contention,backsoff rapidly, andthenbegins to ramp up again. Whenthe background
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Figure 8.12: Agility of adaptationto memory supply
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loadincreasesharplyto 48MB, the operationin flight suffers heary memorycontention,
exceedsthe lateng callbackthreshold,andis aborted. memtestthen adaptsdownward
and resumeghe TCP-like oscillation aroundthe new M,,; of 36 MB. Whenthe load is

removed,it rampsbackup to the originalmemorydemandNotethatoperationateng in-

creasesvith systemswapactvity, which is my measureof memorycontention.Swapping
of memtests own pagesncreaseshenumberof timesit muststall onadisk accessswap-
ping of otherprocesgpagesncreaseshelengthof eachstall by introducingcontentionfor

thedisk.

Figure8.12(b)shavsthelengthof eachadaptatiorperiod,averagedver5 runs. All of
themareontheorderof tensof secondsexceptfor the overshootorrectionafteradapt-up:
whenthesystemadaptdidelity upwardsit backsoff beforeovershootingheoptimalvalue.

e whenadaptingupwards thesystenrely onthefreeandinactive pagecountsexported
by the VM. Inactive pagecountsare updatedover a 32s period. Freepagecounts
areupdatedmmediately but free pagesarecreatedonly on demandj.e., whenthe
free pagepool becomedoo small. Thusaseachsubsequenbperationusesmore
memory the systenresponddy creatinga smallnumberof free pagesandrequires
mary operationgo rampup to the optimalvalue.

e adaptdownwardsin responseo aload spike only takesa few operations However,
becaus®f memorycontentionthesefew operationgake alongtime. Thistime can
beboundedusinglateng callbacksandaborts:in fact,theadapt-devn time (60s) is
dominatedoy thelateng of thesingleabortedoperation(50s). For memtest | could
have useda more aggressie (lower) callbackvalue; however, in a real application
an excessvely aggressie valuewould leadto falsecallbacks,if the operationtook
longerthanexpectedfor reason®therthanmemorypressure.

Figure 8.13(a)shows a histogramof lateng distribution averagedover 5 runs: most
operationgake 5s, with atail thatrepresentshe operationsaffectedby swappingactuity.
Figure8.13(b)shows the correspondingutlier distribution: the deviation of memoryde-
mandfrom the optimal value M,,; (84MB whenunloaded 36MB whenloaded). fs is
35%,i.e.,35%of operationgleviatedby morethan20%. Fromthelateng distribution,we
caninfer thatthe systemusuallyerrson the side of caution: mostoperationgdo not suffer
memorycontentionandhave alateng of 5s. I.e., mostoperation®ccurduringaramp-up
phaseratherthana back-of.

8.3.2 Accuracy: Memory adaptation in Radiator

To measurghe accurag of memoryadaptationn Radiator | ranradiosityrepeatedlyon
a singlescenewith alateng/ constraintof 10s. With this constraint,on the testplatform,
progressie radiosityis alwaysa betterchoicethanhierarchicalradiosity Thelatterhasa
very highCPUdemandandis only usefulonaveryfastprocessqror if theusercantolerate
very high latencies.In all of my experimentsthe multi-fidelity runtimechoseprogressie
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Figure 8.13: Agility of memory adaptation: latency distrib ution and deviation from
Mopt

radiosityfor every singleoperation;in the remainderof this sectionl use“Radiator” and
“radiosity” to signify progressie radiosityalone.

My methodfor measuringeachoperations memorydemand— its working set— is
basedon measuringts residentsetsize(Section5.6.1),andis not valid whentheremight
bememorycontention.For this reasonthe memorydemandneasurementsresentedhere
are basedon the valuespredictedby the demandpredictorfor eachoperation,given its
fidelity: we alreadyknow from controlled experimentsthat thesevaluesare extremely
accuratgSection7.4.3).

My benchmarkonly approximates realisticuseof radiosity: a real userwould only
re-runradiosityif shemodifiedthe scenein someway. Unfortunately Radiatordoesnot
includesceneeditingfunctionality, which preventsusfrom modifying the sceneon thefly.
The effect of modifying the scenewould beto introduceadditionalerrorinto theresource
demandredictions.However, thiseffectis certainto besmall: Radiators memorydemand
is predictablewith low error (1.3%) even with a single genericpredictoracrossmultiple
scenesandary errorinducedby modificationsto a singlescenewill be smallerthanthis.
Sincememorydemands highly predictable] amreally evaluatingtheaccurag of memory
supplyprediction,andits effect on Radiator

| useda square-vave backgroundnemoryload switchingbetweer0 and48MB every
200s; the entireexperimenttakes1200s, i.e. 3 cyclesof load variation. Theselargetime
periodsaredeterminedy thelargetime constant®f theunderlyingoperatingsystem.The
Linux VM’ s pageagingalgorithmupdateghe ageof eachmemorypageonceevery 32s,
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andary interestingM behaiour canonly obsenedafterseveraliterationsovertheentire
list of pages.

As with memtest | usedalateng constraintviolation callbackto abortoperationsuf-
fering from excessve memorycontention,.e. thrashing.A low callbackthresholdlimits
the time andresourceconsumedoy an abortedoperation. However, too low a threshold
will causeunnecessargborts,dueto underestimatesf CPU demandratherthanmemory
contention.The CPU demandoredictionerror for radiosityis well under50%in the com-
mon case(Section7.4.2): thus,any mispredictionof lateng by afactorof 2 or greateris
almostcertainlydueto memorycontention.Hencel setthe lateng callbackthresholdto
20s: twice thetametlateng.

When Radiatorreceves a callback,it mustcleanup the statecreatedby the aborted
operatiorbeforeit canbegin anew one.In suchacomplex applicationthecleanuprequires
mary memoryaccessesyhich aggraatesthe memorycontention A cheapyetcleanabort
mechanismwould requireconsiderableehangedo the sourcecode. Instead,| chosethe
simplerapproachof killing andrestartingthe Radiatorprocesson abort. This is afeasible
approachor Radiatorbecauseét only hassoft state which canbe regeneratedy reading
theinput datafile andre-executingthe radiositycomputation.

Figure8.14shavstheresultsof oneexperimentakun of Radiatorandmemload When
thereis no load, Radiators fidelity is closeto 0.08, correspondingo a memorydemand
of 55MB. This is significantlylessthanthe memoryavailablein the system: Radiators
fidelity is limited by the 10s lateng constraint: it is CPU-boundratherthan memory-
bound.

Whenthebackgroundoadincrease$o 48MB, Radiatorbecomesnemory-boundand
mustadaptits fidelity downwards.We seethe expectedpattern:

e The operationin flight whenthe load increasesuffers heary memorycontention,
andis abortedafter20s.

e Radiatorthenadaptsts memorydemanddown to 35MB.

e It correctgheovershootandconvergeson40MB+5 MB: notethattheoscillationis
largerthanin theno-loadcase.

e Whentheload drops,Radiatorrapidly adaptsupwardsbackto the 55MB level, at
which pointit is CPU-boundagain.

| ran the sameexperimentwith Radiatorin a non-adaptre configuration,i.e., with a
fixedfidelity andwith lateng callbacksdisabled.In the adaptve case the optimalfidelity
was 0.09in the absenceof memoryload, and 0.02 whenloaded: thus, | used0.05asa
goodcompromisevalue.Figure8.15shaws the performancef non-adapiie Radiator We
seethat during the unloadedor CPU-boundphasesthereis no memorycontention,and
lateng is around5 s, well shortof the 9s optimum: the staticfidelity is too conserative
in this case.Whenthereis load, the applicationis memory-boundandthe samefidelity
is now too aggressie: the applicationsuffersheary memorycontentionandlatencieswell
above 20s. If 1 hadenabledthe lateng callbacksin the non-adaptie case,almostevery
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operationexecutedunderload would have beenaborted;in the adaptve case,only the

operationthathadalreadycommencedvhenthe loadincreasedis aborted.Note alsothat

in thenon-adaptre casethetotal lateng of operationsxecutedunderloadis significantly

lower thanthe length of the correspondindoad period: memorycontentionprolongsthe

inter-operationintervals (which are normally extremely short) as well asthe operations
themseles.

Radiatorthusalternatedenveentwo phasesCPU-boundandmemory-boundin order
to evaluatetheaccurayg of adaptation| considethetwo phaseseparatelyWWhenRadiator
is CPU-boundwe expectlateng to becloseto L, (9s). Whenmemory-boundve expect
memorydemandto be closeto M,,; (39MB for this experiment),andlateny to be less
than L.

Figures8.16(a)and8.16(b)shaw thelateng distributionduringthe CPU-boundhases,
for the adaptve andnon-adaptie configurationgespectrely. In the former caselatengy
is usuallyaround9s; in the latter, almostalways5s. Figure8.16(c)shaws the deviation
of theselatenciesfrom the optimal. Whenadaptve, lateng is closeto optimal (usually
within 10%); whennot adaptve, it is consistentlyat 40% underthe optimal 95, indicat-
ing an unnecessargacrificeof fidelity (0.05ratherthan0.09). Figure 8.16(d)shows the
correspondingaluesof foq andEy; it alsoshovstheaveragenumberof successfubpera-
tions perexperimentakun, andthe numberof abortedoperationsn theadaptve case.The
non-adaptie casecompletedalargernumberof operationglueto its lowerfidelity andcor-
respondinglylower lateng. Therewereno abortsin the adaptve casewhenCPU-bound,
astherewasno memorycontention.

Figures8.17(a)and8.17(b)show the lateng distributionsduring the memory-bound
phasesin theadaptve caselateng is usuallyunder9s. Sometimesve seehigherlatencies
dueto CPU mispredictionspr to the aftereffectsof a recentlyconcludednemory-bound
phasegthe systemcontinuego swap for a while even afterthe backgroundmemoryload
is removed). The graphdoesnot shov abortedoperations:thesehave a lateng of 20s
each,andthereis onefor eachupward transitionin load (i.e. 3 perexperimentalrun). In
the non-adaptre case the fixedfidelity leadsto a fixed memorydemandof about48MB,
which exceedghe memorysupplyandcausesnemorycontentionandhigh latencies.

Figure8.17(c)shovsthedeviationfrom M, in thetwo configurationsWhenadaptve,
memorydemandis usually within 10% of optimal; when not adaptve, it is consistently
25% above optimal. Figure 8.17(d) shows the correspondingf,y, and Eqg, and alsothe
numberof successfuindabortedoperations.By adaptingmemorydemandthe adaptve
casewasableto boundlateng, andcompletea larger numberof operationsat the costof
reducedidelity, andoneabortedoperationperupwardtransitionin memoryload.

Costsand benefitsof aborting

In the precedingexperiments,we saw that a sharpincreasein memoryload during an
operationcausese/ere memorypressure:my solutionwasto abortthe operationafter a
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Meantime to abort(7 o) 20.6s (0.8s)
Meantimeto recover (Trecover) | 49.6s  (5.3s)

Thetableshaws the frequeny andthe costof lateng/-basedabortingfor Radiator We shov the
mearvaluesof 5 experimentaruns,with standardieviationsin parenthesedNotethatabortsonly
occurwhenanoperationis hit by anupwardloadtransition.

Figure 8.18: Cost of aborting on latency callbacksin Radiator

certaintimeoutperiod,andto restartit. However, abortingoperationgomesat the costof

additionallateng: the time taken by the abortedoperationis wasted,andthe application
mustalsospendsometimeto recover from theabortandstarta new operation.Figure8.18
shaws the costof abortingfor the 5 experimentalrunsdescribedn the previous section.
The meantime to abortT,,,; is the lengthof the abortedoperationandis almostexactly
equalto thelateng callbackthresholdthemeanrecorerytime T;...ve- IS thetimeto restart
the Radiatormprocessandre-reacthe input datafile.

Thetotal costof anabortis in thetensof secondshowever, this is usually preferable
to continuingexecutionat high fidelity undermemorypressurewhich cantake hundreds
of secondsndseverelyimpactotherapplicationsn themeantime.

Abort-and-restaris a generalandpowerful solutionto acommonlyobsenedasymme-
try in mary adaptve systemsif resourcalemands too high comparedo resourcesupply
(e.q. if resourcesupplydropssharply),thenprogramexecutionslows down, andthe wait
time until the next adaptve decisionpoint canbe arbitrarily long. On the otherhand, if
resourcedemandandfidelity aretoo small,theapplicationwill reachthe next adaptve de-
cision point quickly, andcanrapidly adjustfidelity upwards. E.g.,Noble et al. [71] have
obsenred that an adaptve video streamcanincreasdfidelity rapidly whennetwork band-
width improves;but if bandwidthdropssuddenly adaptations slow: it mustwait for the
currentseggmentof video to be fetchedat high fidelity beforeit candegradesubsequent
segments.

Aborts can be usedto recover not only from resourceshortagesbut alsofrom bugs
and crashes.The importanceof cleanand cheapabortmechanism$asbeenfrequently
obsered in a wide rangeof contets. E.g. RecoserableVirtual Memory [82] provides
atransactionaliew of memoryoperationsn Unix processeswith the ability to abortor
commita seriesof modificationsto programmemory My obsenationis thatfor single-
threadedapplicationswith soft state,an efficient abortmechanisntanbe usefulby itself,
evenwithout supportfor persistencer serializability

Of courseadaptatiorthroughabortingcomesat a cost. Abort andrecorery consume
time andresourceswhich mustbe balancedagainstthe potentialsavzings. Dependingon
the implementationabortsmay also have a visual impacton the user E.g., my simple
“kill-and-restart”mechanisntausedrkadiators window to disappeagreappegrandremain
blank while the input file is beingread. Any adaptve policy mustbalanceall thesecosts
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againstthe potentialbenefitsof aborting. Thelateng callbackthresholdsusedin my pro-
totypeprovide anextremelysimpleform of suchcost/benefiinalysis.More sophisticated
methodswvould dynamicallypredicttherelative costsof abortingvs. non-abortingin terms
of lateng aswell asotherresourcesinduserdistraction.

Variation acrossscenes

Theresultsin thepreviousexperimentwerefor asinglescenedragon”. How wouldthese
resultsvary from onescendo anotheraVe know thatmemorydemandvarieswidely from
onescendo anotherbut in all casess a predictabldunctionof polygoncountandfidelity.
Thuswe expectthat while the value of the optimal fidelity f,,; will vary from sceneto
scenetheaccurayg of adaptatiorwill besimilar.

Figure 8.19 shaws the lateny and memorydeviation for the unloaded(CPU-bound)
andloaded(memory-boundphasegespectrely. We seethat, for all scenesjateng is
within 10.3%of optimal90%of thetime whenCPU-boundandmemorydemands within
32%of optimal90%of thetime whenmemory-boundFigure8.20shovsthebaddeviation
frequeny andcommon-caseéeviation correspondingo the graphs.

Figure 8.21 shaws the distribution of lateng for the CPU-boundand memory-bound
phasesWe seethat,whenCPU-bound]ateng is closeto the optimal9s. Whenmemory-
bound,it is usuallybelow 9s: i.e.,whenthereis deviation from the optimalmemoryusage,
it is usually on the consenrative side, and the systemavoids thrashing. We seea wide
spreadn latengy dueto variationin CPU demandacrossscenesrecallthat CPUdemand
is data-specifi¢Section7.4.2).

Scalingthe experiment

The experimentdescribedat the beginning of this sectionshaved Radiatoradaptingits
fidelity to memoryload; however, the highestfidelity ever achieredwas0.1 (Figure8.14).
This is becausehe limited memorysupplyon the mobile hardware platform (96 MB) and
the large numberof polygonsin the scene(109K polygons)prevent operationat higher
fidelity, evenwhenthereis noload.

Mobile devices,however, aregrowing more powerful every day. Moreover, whenwe
have connectity to afastcomputesener, we might wish to executethe radiositycompu-
tation remotely thusachievzing a higherfidelity. To verify that multi-fidelity adaptations
equallyeffective at high fidelities on a fastsener machine || repeatedhe baselineexperi-
ment— Radiatorexecutingprogressieradiosityrepeatedlyonthe“Dragon” scene— ona
fastsener(2.2GHzIntel Xeonprocessqrs12MB of memory).l usedasimilar, but higher
backgroundnemoryload: a squarevave patternalternatingoetweerO MB and256MB.

Figure 8.22 shows a timeline for one run of this “server” experiment. We seevery
similar behaiour to the“mobile” case:
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Scene Lateng deviation Memorydeviation
(whenCPU-bound)| (whenmemory-bound
f20 EQO f20 E90
Dragon 2.7% 10.3%| 0.5% 7.7%
Whale 2.7% 9.7%| 1.6% 15.3%
Bunry 2.5% 9.2% | 14.2% 24.9%
Car 2.4% 8.9% | 18.4% 31.3%
Polarbear | 2.3% 8.6% | 14.2% 27.2%
Humanbust | 1.9% 8.6% | 20.5% 31.7%

Figure 8.20: Memory adaptation accuracyfor differ ent scenesn Radiator: bad devi-
ation frequencyand common-caseleviation
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Figure 8.21: Memory adaptation accuracy for different scenesn Radiator: latency
distrib ution
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Configuration Memorydeviation | Lateng deviation Probabilityof abort
(whenloaded) (whenunloaded) | (onupwardloadtransition)
f20 EQO f20 EQO

Fastsener (Xeon) 1.8% 12.7%| 20.3% 32.5% 0.8

Baseling(ThinkPad) | 0.5% 7.7%| 2.7% 10.3% 1.0

Figure 8.24: Memory adaptation in Radiator on two differ ent platforms

e Whenthereis no memoryload, Radiatoris CPU-boundandlateng is closeto op-
timal (9s). On this platform, the optimal lateng correspondso a fidelity slightly
underthemaximumvalue,whichis 1.0.

e Whenmemoryload increasesthe operationin flight is sometimesaborted;subse-
guentoperationave very low memorydemandandgraduallyrampup towardsthe
optimalvalue.

e Whenthe memoryload decreasesRadiatorrampsup its fidelity until it is CPU-
boundagain.

Figure 8.23 shaws the distribution of operationlatens during the CPU-boundand
memory-boundohasesaggreatedover 5 runsof the experiment. We seeagainthat the
lateny when CPU-boundis closeto the target (9s); when memory-boundjt is usually
underthe target. Figure 8.24 shows the deviation of memorydemandand lateng from
optimal,andthe probability of abortfor this configurationaswell asthe baselineconfigu-
ration. We seethatthoughdeviationis slightly higher lateng is still usuallywithin 13%of
optimalwhenCPU-bound Whenmemory-boundmemoryusages usuallywithin 33% of
optimal; from the histogramwe canseethat errorsarealmostalwayson the conserative
side,i.e.,the systemavoidsthrashing.
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8.4 Concurrentapplications— architect scenario

In the precedingsectionsyve sav how multi-fidelity adaptatiorbenefitsaasingleapplication
competingwith atime-varying but non-adaptre load, by reducingvariationin interactve
lateny andavoiding memorycontention.In this sectionl evaluatethe effect of adaptation
ontwo interactve applicationgunningconcurrentlyandcompetingfor resourcesMy aim
is to evaluatethe benefitof adaptatiorby comparingthe adaptve (fidelity is dynamically
choserby theruntimesystem)andnon-adaptie (fidelity is staticallydeterminedandfixed
atruntime)approachesn the sameworkload.

8.4.1 Experimental setup

The experimentaketupemulateshefollowing scenario:

An architectis showingthe plansfor a building to her client, whois usingGLVU to
“walk through” a modelof the building. During the walkthrough, the client suggests
changesin the placemenof windowsor indoor lighting; ead time, the architect males
thesechangesandrunsthe Radiatorprogramto seethe effect of the modifications.While
Radiatoris running, the client continueswith the walkthrough; whenthe new scenehas
beenprocessedit is substitutedor theold in GLVU. ThusGLVU runscontinuouslyin the
foreground; Radiatorruns sporadically in the badkground,wheneer the architectwishes
to recomputeahelighting effects.

Thecorefunctionality— renderingandradiosity— requiredto implementhis scenario
is presentin GLVU and Radiator However, there are aspectf the scenariothat these
applicationsdo not support:

e GLVU cannotreadtheannotatedceneproducedy Radiatorandsol couldnotfeed
theradiosity-annotatedcenanto GLV U.

e Radiatordoesnot offer arny tools for sceneediting: thus| was constrainedo run
radiosity on the samescenerepeatedlysincetherewasno way to modify it on the

fly.

Theexperimentaketupattemptgo mimic thearchitectscenarisubjectto thesdimitations.
| ran the “Notre Dame” benchmarkon GLvU: to mimic the continually-runningvirtual

walkthrough,| ranGLVvU continuouslyon the userpathtrace,with a 1 s lateng constraint.
Therecomputatiorof lighting effectswasrepresentetty sporadicallyrunningRadiatorin

thebackgroundalsoonthe“Notre Dame”scene EachRadiatoroperatiorranaprogressie
radiosity computationwith a 10s lateng constraint. BetweenoperationsRadiatoridled

for a“think time” choserrandomlyfrom therange0—10s.

| ranthis experiments timeson eachof 4 configurations:

1. Bothadapt both GLvu andRadiatorusemulti-fidelity adaptatiorto matchfidelity
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to their lateng constraint.

2. GLVU adapts GLVU aloneadaptsRadiatorusesa staticpolicy of settingthefidelity
to 0.05for all operations.

3. Radiator adapts Radiatoraloneadapts,GLVU usesa static policy of settingthe
fidelity to 0.5

4. Neitheradapts GLvU andRadiatorusedfixedfidelitiesof 0.5and0.05respectrely

Thestaticfidelity valuesusedherewerechoserto representeasonabléand-optimized
values.l.e.,GLvU’slateng for the“Notre Dame”sceneaatafidelity of 0.5is aboutl swhen
thereis no CPUload. Thelateng will, howevervary overtime evenwithout CPUload: we
have alreadyseenthatGLvu’s CPUdemandat a givenfidelity varieswith camergposition.
A fidelity of 0.05for Radiatorgivesusa lateng of around6s whenGLvU is notrunning,
andavoidsmemorycontentionrwhenGLVv U is running. While thesevaluesmight notbethe
optimalstaticvaluesfor any particularbenchmarkl believe they representhe bestthatwe
canreasonablgxpectfrom a staticapproachln Section8.4.21 will shav thatbenchmark-
specificfidelity tuning canachiere the desiredmeanperformanceor arny workload, but
thatperformancevariability canonly bereducedoy dynamicfidelity adaptation.

This experimentaketupavoids memorycontentionbetweencLvu andRadiator:thus,
both applicationsare adaptingbasedon the CPU resourcealone. This also avoids the
needfor abortsin the caseof Radiator:thoughl hadenabledatenq callbacksof 20s for
Radiatorwhenadaptve, they werenevertriggered.

8.4.2 Experimental results

Figure 8.25 shaws one representatie run of the architectscenario,in eachof the four
configurationsl shov GLvU’s fidelity andlateng, andRadiators fidelity andlateng over
time. Note that when GLvU adapts,the lateny is usually aroundls; whenit doesnot
adapt,lateng is highly variable.Multi-fidelity adaptatiorsubstitutewvariability in fidelity
for variability in lateng, by adaptingto changesn CPU demandasGLvU movesthrough
theusertrace,andto changesn CPUsupplycausedy the sporadicexecutionof Radiator

Radiators lateng doesnot vary much,evenwhenit is notadaptve. Thisis because:

e Radiators CPUdemanddoesnot changeovertime, sinceit executeghe samecom-
putationon the sameinput data.

e At thetime scaleof 10s,the backgroundoadcauseddy GLVU is constantanddoes
notvary from oneradiositycomputatiorto the next.

However, the staticallychoserfidelity corvergesto alateng of 14s, whereaghe adaptve
configurationcorvergesto theoptimal9s.

FiguresB8.26and8.27shaw thelateng distributionsfor GLvU andRadiatorfrom 5 runs
of the experimentin eachconfiguration. As we expect,we seeGLVU’s lateng clustered
aroundls whenadaptve, and highly variablewhennot. Radiatoris consistentlyat 9s
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NotethatwhenGLvu is adaptie, therearefewer pointson the Radiatortimeline: this is because

the entire experimenttakesmuchlesstime whenGLvu is adaptie, i.e., it runsthroughthe user

tracemuchfaster

Figure 8.25: GLVU and Radiator in architect scenario
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whenadaptve, and 14s whennot. The adaptve casehasa small numberof outlierson
thelow side,correspondingo aninitial ramp-upof fidelity to the steady-statealue. The
non-adaptie casehasa few outlierson the high side,againcorrespondingo the first few
operations,whiclareaffectedby the pagingactvity causedy GLvVU andRadiatorstarting
up simultaneously

Figure 8.28 shows the deviation of GLvVU’s and Radiators lateng from the optimal
values:0.9s and9srespectrely. We seethatbothapplicationsseesignificantbenefitfrom
adaptation. We also seethat eachis eachis able to adapteffectively whetherthe other
adaptsor not. l.e., GLvVU, whenadaptve, hasthe samebehaiour whetherRadiatoradapts
or not. Similarly anadaptve Radiatoris ableto maskthe effect of GLvU’s adaptationpr
lack of it.

WhenGLVU is notadaptve, thereis somedependencen Radiators behaiour: GLVU
performsslightly betterwhen Radiatoris adaptve. This is becauseadaptationshortens
Radiators “on” periods,while the think timesor “off” periodsare unafected: the “on”
periodsarethe onesthat causehigh lateng/ in GLvU. Radiator whennot adaptve, per
forms slightly betterwhen GLvuU is not adaptive. This is simply becausevhenGLvu is
not adaptve, the walkthroughtakes significantly longer: thusthe outliers causedby the
initial page-inactvity have a smallerweightcomparedo the larger numberof operations
in steadystate.

Variance

Sofar, | have focussedon the ability of adaptve applicationsto keeplateng closeto a
pre-determineaptimal value L,,,. However, for mary interactve applications yariance
in lateng is alsoimportant[62]: i.e., deviation from the expectedratherthanthe optimal
value. In otherwords,userexpectation®f latengy might be basedhot only on the lateng
constrainthey imposeon anapplication but alsoon the runtimebehaiour of theapplica-
tion itself. A usermight setalateng constraintof 1s, but realisethatthey would prefera
constantresponsegime of 2sto aresponseime of 1s90% of thetime and3s 10% of the
time.

My current prototype doesnot supportsetting explicit boundson lateng variance.
However, simply by attemptingto meeta pre-determinedateng constraint,the system
reducesvarianceasa side-efect. Figure8.29shaws the standardieviation of GLvu’s and
Radiators lateng for the datafrom the “architectscenario’experiments.In this case,|
measurethe deviation of latengy from the obsened meanvalue, ratherthanfrom a pre-
determinedptimalvalue.

We seethatadaptatiomeducesiotonly themeanlateng 1, but alsothe standardievia-
tion o, i.e. thevariationfrom themean.In thecaseof GLV U, adaptatiordecreasegariation
by adjustingdfidelity to keepCPUdemandsteadyfor Radiator by avoidingtheinitial high-
lateng outliersduring startup. In fact, adaptatiorreducesot only the absolutevariance,
but alsothe coeficient of variationo /u: the standardieviation scaledby the mean.
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GLvU’s stratgy | Radiators stratay GLVvU’s lateny Radiators latengy

7 o|o/p p| olo/u
Adaptive Adaptive 0.9s| 0.3s]0.29| 8.5s| 0.6s| 0.07
Adaptive Static 0.9s| 0.3s]0.28|14.2s|1.9s| 0.13
Static Adaptive 21s| 09s|0.44| 8.3s|0.4s|0.05
Static Static 2.3s| 1.0s|0.43|13.1s|1.4s|0.10
Optimalstatic | Optimalstatic 1.0s| 0.44s| 0.46| 8.4s|0.3s| 0.03

Thetableshavs themeany, standardieviation o, andcoeficientof variationo / for thelatengy
of cLvU andRadiator over 5 runsof eachconfigurationof the architectscenario. The optimal
staticconfigurationuseda fidelity of 0.17for gLvU and0.019for Radiator

Figure 8.29: Concurrent GLVU and Radiator: latency variability

Benchmark-specifictuning

Multi-fidelity adaptatiomeducesneanateng by degradingfidelity to theappropriatdevel
for the resourceconditions;it alsoreducesvariationin latengy by compensatindor dy-
namicchangesn resourcesupplyanddemand.Thefirst of thesebenefitscanbe achiered
throughbendmark-specifituning choosingastaticfidelity thatachieresthedesiredmnean
latengy, givena particularworkloadandbackgroundoad pattern.Suchtuningis unwieldy
and impractical: often, we do not know the runtime conditionsthat an applicationwill
experience. Moreover benchmark-specifituning can bring meanlateng on target, but
cannotregulatedynamicvariation.

To validatethis claim, | repeatedhe “architect scenario”experimentin the optimal
static configuition: fidelity for bothapplicationss fixed, but the fixed valueis choseno
keepmeanlateny ontargetfor thisworkload. To computetheoptimalstaticfidelity, | used
the meanfidelity choserby thefully-adaptie configurationover 5 runsof the experiment:
0.17for GLvU and0.019for Radiator

Thelastline of Figure8.29shavs the meanlateng andvariancefor this optimal static
case Now meanlateng is closeto target,asin theadaptve case However, GLVU’s lateng
is still asvariableasin the non-adaptie case.For Radiator the optimal static strateyy is
in factthe bestone, sinceits resourcesupply anddemandare constantduring the exper
iment. The adaptve casedeviatesslightly from optimal during the first few operations,
beforecorverging to the correctvalue. The optimalstaticstratey doesnot suffer from this
problem,andhasslightly lower variability.
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8.5 Summary

In this chapterl evaluatedmulti-fidelity adaptatiorwith both syntheticandreal applica-
tions. | shovedthatthe systemrespondedo sharpchangesn CPU load within seconds,
andto changesn memoryloadwithin tensof secondsWith adaptationjateny wasusu-
ally within 43%o0f GLVvU’s lateng constraintvhencompetingwith asyntheticbackground
CPUload,comparedo 494%at full fidelity. | comparedheseresultsacrossnultiple in-
put sceneslatengy constraintsandbackgroundoad patterns.l shovedthatlarger scenes
shaved slightly larger deviation; thatload variationon the sametime-scaleas adaptation
hadthe mostdestructve effect on adaptatioraccurag; andthatlargerpeak-to-troughran-
sitionsin load causedessaccurateadaptation.

Thesystemcanmaintainlateng constraintassmallas0.5s, but notlower:

e to reduceCPU demandbelov 0.5s on my testplatform, fidelity would have to be
decreasetb anunusabldevel;

e evenso,thelarge schedulequantumwould causdarge deviationsfrom the lateng
constraint.

Moore’s Law will soonsolvethefirst problem while thesecondsimply requiresmorefine-
grainedschedulingModernprocessorsaneasilysupportschedulingguantaof 10mswith
little overhead] hopethatfuture versionsof the Linux kernelwill supportsmallerquanta,
andenableusto achiese the desired‘seamless’interactive responsdime of 100ms[12]
for virtual walkthrough.

In the caseof Radiator constrainingmemoryusageis key to good performance. |
alsoshavedthat, with adaptationRadiators memoryusage(with a syntheticbackground
memoryload)is within 10%of optimalin thecommoncase comparedo 38%whenusing
a static,consenratively choserfidelity. | notedthateffective memoryadaptatiorrequiresa
cleanandcheapabortmechanisnfor in-flight operationghatarethrashingthe systemby
consumingtoo muchmemory My simpleabortmechanism— killing andrestartingthe
applicationprocess— costsusanadditional70s perabortedradiosityoperation.

| alsoevaluatedthe adaptatiorof GLvU andRadiatorwhenthey ran concurrentlyand
competedvith eachother | shavedthatadaptatioraidedbothapplicationsn meetingtheir
lateng constraint,independentlyof the otherapplications behaiour. Finally, | shoved
thatadaptatiorhelpsnot only to maintainlateng constraintsput alsoto reducevariability
in lateng despitedynamicresourcevariation. Benchmark-specifituning canprovide the
formerbenefitbut notthelatter.
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Chapter 9

RelatedWork

Thevillany you teachmel will execute,andit shallgo hardbut | will betterthe
instruction.
(The Merchantof Venice,lll.i)

Theideaof adaptingfidelity to gainperformanceas anold one: however, to the bestof
my knowledge,theresearctpresentedhereis thefirst to proposea generalcomputational
modelfor multi-fidelity adaptationl believe thatthe resourcenodel,the operation-based
API, andthe history-basegbredictionof resourcedemandasa function of fidelity, arealso
novel. Of course,l derivedinspirationandborroved mary ideasfrom otherresearchers,
and hopethat this work will influencefuture researchinto mobile and adaptve systems.
This chaptempresentselectedesearchrelevantto oneor moreof theissuesaddresseth
this dissertation.

Section9.1 describesvork thataddressesimilar problems,or usessimilar solutions,
to thosedescribedn this dissertation.In eachcase,l briefly summarizethe cited work,
contrastit with mine,andlist the novel contributionsof my work.

Section9.2 presentsa broaderview of adaptve softwaresystemsits purposes notto
enumerateall suchsystemsput to map out the designspacewith a few examples. The
designspacdas decomposedlongsereralaxes;for eachaxis,| indicatethechoiced made
in designingthe multi-fidelity runtime system,and describea few examplesof differing
designchoices.

In aninteractve systemthetruemeasuref successs userhappinessAgile andaccu-
rateadaptations of little useif the systemoptimizesthewrongutility function: for exam-
ple minimizing lateny whenthe userwishedto maximizefidelity. Section9.3 discusses
someresearclhihatcouldhelpusderive goodutility functions:by quantifyingthe notionof
application“quality”, andby inferring userpreferenceslynamicallyfrom context.

163
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9.1 RelatedWork

9.1.1 Mobile application adaptation

The ideaof fidelity adaptationin resource-constraineghobile ervironmentsis not new.
Fox [37] hasshown that dynamicdistillation of web contentcanimprove web download
timesby degradingthefidelity of downloadedcontentto matchthe network bandwidthand
the capabilitiesof the viewing device. Noble [71] shaved that fidelity adaptationin the
Odyssg systemenablesa variety of applicationsto maintainperformancedespitevaria-
tionsin network bandwidth

My work differspreviousresearchn mobile applicationadaptatiorby

e including mary differentkinds of adaptationundera broadunifying concept: the
multi-fidelity computation

e demonstratingheimportanceof history-basedesouce demandpredictionto effec-
tive fidelity adaptation

e shawing throughempiricalevaluationthat multi-fidelity adaptatioris well suitedto
theneed=f interactive applications.

More recently de Lara [20] hasshowvn that component-baseddaptationcanenable
adaptationn applicationsevenwithout sourcecodeaccess.This researchs complemen-
tary to mine: while | have assumedourcecodeaccessn my applicationcasestudiesthe
generalideasof multi-fidelity computationand history-basediemandpredictionare also
applicableto binary-onlysituations.

9.1.2 Odyssey

The largestcontribution to the concept,designandimplementatiorof my systemcomes
from Odyssg [71]. Odyssg demonstratedhe importanceof adaptingto network band-
width in mobile scenariosandproposedhe first genericAPI for application-avareadap-
tation. The multi-fidelity runtime builds on Odyssg, andusesOdyssg’s monitoringand
predictioncodefor its network supplypredictor

Concurrentlywith my researchJasorlinn alsoworkedonthe Odyssg infrastructure;
heextendedt to supportenegy asaresourceandbatterylifetime asaperformancenetric.
Thus,at theconceptualevel, his contribution wasthe demonstratiothatapplication-leel
fidelity adaptatiorandremoteexecutioncanhelpin improving batterylifetimes[34, 33].
My contrikbution is the broadconceptof multi-fidelity computationthe APl andruntime
systemarchitecturehat supportshesecomputationsandthe demonstratiorthattogether
they canimprove interactve responséimes.

At the implementatiorievel, Flinn built the supply predictoranddemandmonitor for
enegy, the remoteexecutionengine,andthe file cachepredictor[32]; | built the solver,
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andthe supplypredictorsanddemandmonitorsfor CPUandmemory

9.1.3 QoSand real-time operating systems

QoS-avareoperatingsystemsandmiddleware[67] focuson dividing resourcegicrossap-
plicationsto satisfy somenotion of fairness. Thus, eachapplicationrecevesa promised
rate of processingor network bandwidth,or sometimesa fixed shate of available band-
width.

In thesesystemsapplicationsare expectedto specifytheir resourceneedsand adapt
correctlyto their runtimeresourceallocation.While this may be a straightforvard process
for multimediaapplicationssuchasvideo, we have seenin this dissertatiorthatcomple,
interactve applicationgequireanadditionalstep:mappingapplication-specifiparameters
to resourcedemand.In someQoSarchitecturesthe needfor suchan explicit mappingis
realized:e.g.,the “applicationresourceprofile” in Q-RAM [57]. However, to the bestof
my knowledge,this is the first work to develop andvalidatea generalmethod— history-
baseddemandprediction— to generatesuchmappingsor profiles

Thus,while QoSresearcHocusse®n fair allocation acrossapplicationsmy research
enableseffective and automaticadaptationwithin applications. The two techniquesare
complementary

A secondpoint of differenceis in the tamget applicationdomain: most QoS systems
focuson streamingnultimediaapplicationssuchasvideo. Theseapplicationscanbe char
acterizedas streamsof periodic operations,eachof fixed or boundedresourcedemand:
the systems objective is thento make surethatall active streamscanbe sustainedvithout
excessve delayor jitter. Sucha modeldoesnotfit interactve applicationswherewe care
abouttheresponséime of individual operationgatherthanthe aggregatethroughputand
jitter of a stream.Further interactve lapplicationsarenot periodic— operationsaretrig-
geredby userrequests— nor arethe operationsalwaysof fixedsize— runtime parameters
cancausewide variationsin peroperationresourcedemand.

Somereal-timeoperatingsystemsallow a broaderworkload definition, althoughthey
arestill focussedn multimediaapplications.E.g., rate-basedxecution[52] allows task
streamd&hat are not perfectly periodic, but that have someaveragetask rate and period.
However, tasksizeis still fixed: the systemassumes staticworst-casaesourcedemand
estimate. Abeni [2, 3] describesa systemwhereboth task size and interarrival time are
representeds probability distributions ratherthan fixed values. However, the probabil-
ity distributionsare statically derived, and thusresourcedemandestimatesare not made
dependenbn applicationruntimeparameters.

In summary my researchdiffers from thatin QoSandreal-timeoperatingsystemsn
threeways:

¢ thepresencef explicit, history-basedlemandorediction
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e theuseof adaptatiorratherthanallocationto achieve performanceyoals
e thefocusoninteractve ratherthanstreamingapplications

9.1.4 Resourceprediction

Resourcesupplyprediction— i.e. load prediction— is foundin someform or the otherin

every adaptve systems.Typically, predictionis implicit in thesesystems:offeredload or

othersystemindicatorsareusedascontrolsignalsthatdrive load balancing[58], schedul-
ing [27], processnigration[28, 45], or resourceallocation[89].

A few systemsauseexplicit resourceprediction. The RunningTime Advisor [25] pre-
dictstherunningtime of ajob onary hostin adistributedsystemgivenits nominalexecu-
tiontime: i.e.,it predictsresourcesupplyandperformancebut theapplicationmustspecify
theresourcademand.The RTA is basedn Dindaetal.swork on hostload prediction[23]
usinga variety of time seriesmodels.For example,autorgressve linearmodels[10] take
thevarianceaswell asthemeanof recentobsenationsinto account.Suchtechniqueould
improve theaccurag of my relatively simplesupplypredictorgSection5.5).

Resourcalemandpredictionis comparatiely rare. Someload-balancingystemg58,
45] estimatehe CPUdemandexecutiontime) of a job from ananalyticallyor empirically
derivedprobability distribution. However, they do not make useof arny dynamic,instance-
specificinformationsuchasthejob’sruntimeparametersatmost,they usethejob’scurrent
lifetime to predictits future executiontime. For regular, loop-basedodes staticcompiler
analysishasbeenusedto automaticallypartitionprogramsnto subtask®f known resource
demand87].

Demandpredictionasa function of runtime parameter®ccursin two systemshat |
know of. Abdelzahers “automatedprofiling systemfor QoS” [1] dynamicallyestimates
the CPU utilization of a multimediastreamasa linear functionof its task(frame)rateand
averagetasksizein bytes. The techniqgueused— linear estimationwith forgetting— is
identicalto Recursve LeastSquaregSection6.3.1). The predictionsof utilization arethen
usedfor QoSadmissiongontrolor allocation.

More closelyrelatedto my work is the PUNCH system[53]. PUNCH usesmachine
learningtechniqueso predictthe CPUdemandf aprogranrunasafunctionof application-
specificruntimeparametersThisis very similar to history-basedlemandprediction,with
moresophisticatedandexpensve)learningalgorithmsthanlinearestimation.Thedemand
predictionsarenotusedfor applicationadaptationhowever, but for loadbalancingn agrid
computingframework.

Thus, while thereis a large amountof work on load predictionand someon demand
prediction,| believe my systemis thefirst thathasall of thefollowing properties:

e Demands predictedrom empiricaldata,bothoffline andonline.
e Demands predictedasafunctionof theapplications runtimeparameterdyothtun-
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ableandnontunable.
e Demandpredictionsareusedto drive adaptatiorof the tunableparameters.

9.2 DesignSpace

To more easily describethe large designspacefor adaptve software systems] have de-
composedt into five axes, not necessarilyorthogonal:adaptationvs. allocation, central-
izedvs. decentalized predictionvs. feedbak-contiol, application-awae vs. application-
transpaent andgray-boxvs. in-kernel Sections9.2.1-9.2.5dealwith eachof thesein
turn.

9.2.1 Adaptation or Allocation?

Variationin applicationresourcesupplycanbeaddressedttwo levels: the OScanchange
the allocation of sharedresourcesacrosscompetingapplications,and applicationscan

adapttheir behaiour to their currentallocation. The two are complementaryanda re-

ally effective systemwill usea combinationof thetwo techniques.

My approachs an “adaptation-only”’one: the systempredictseachapplications re-
sourceshare,but doesnot attemptto modify it. This hasa numberof practicalbenefits
(Section5.1): it facilitatesa gray-box,userlevel implementationjt assureson-adaptre
legagy applicationsthat their resourcesharewill not be affected,andit doesnot require
guaranteefrom the underlyingresourcegwhich aredifficult to obtain,for example,from
wirelessnetworks). This best-efort, adaptation-onlyhilosophyis sharedoy othermobile
adaptve systemg37, 71].

A large body of work, which | refer to collectively as“Adaptive QoS”, focusseson
allocation sharingresourcescrossapplicationgo maximizeoverall utility. Givenanal-
location,eachapplicationis expectedto adaptits tunableparameterso maximizeits own
utility . | believe thatadaptatiorandallocationarecomplementaryMy resourcanodeland
history-basedgbredictionapproachcanmapresourcellocationsinto utility; theseapplica-
tion utility functionscould be usedby a QoS-avare allocatorto maximizeglobal utility.
David Petrouandl have proposedanarchitecturdor combinedadaptatiorandallocation,
basedn goodnes#ints[74], where

e applicationgporovide demandpredictors,anduserstheir utility functions,to the sys-
temashints.

e the systemperformsa two-level optimization: applicationtunableparametersare
adjustedto maximize applicationutility given a resourceallocation,andresource
allocationsareadjustedo maximizeglobal utility .
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9.2.2 Centralized or decentralized?

My approacho finding optimaladaptve parameteraluesis to usea centralizedsolveror
optimizer(Section5.3). Lee[57] usesa similarapproachanddescribe®ptimizationalgo-
rithmsthatefficiently maximizeutility: i.e.,find optimalor nearoptimal parameteralues
undercertainconditions. Incorporatingthesealgorithmsinto my solver could potentially
improveits efficiency, generality robustnesandtheoreticakoundness.

Stratford and Mortier [90] adwcate market modelsas an alternatve to centralized
solvers.Herethe systempriceseachresourceaccordingto the obseneddemand Eachap-
plicationis givenafixednumberof creditsto spendandmustallocatethemacrosgifferent
resourcesNeugebaueand McAuley [68] have developeda market-basedCPU allocator
basedon congestionpricing. Thesemicroeconomicapproachegeneralizeproportional-
shareschemesuchaslottery scheduling[93], which allocategesourcestrictly in propor
tion to creditallotment,andusesa differentcurreng for eachresource.

Market models,while decentralizecdind possiblymorerobustthansolvers,imposean
additionalburdenon the applicationprogrammer Insteadof utility functions,they must
now derve bidding strategiesthat allocateapplicationcreditsacrossresourcesgiventhe
price of eachresource.| believe good bidding strateies are harderto createthangood
utility functions,andknow of no automatiovay to derive the formerfrom thelatter.

9.2.3 Prediction or feedback-contiol?

In Section5.3.2,1 discussedwo differentwaysof doingadaptation:

o feedbak-contol: iteratively adjustingfidelity basedon recentperformance.
e predict-and-seah: searchingor the optimalvalueacrosgshe entirespaceof fideli-
ties,basedn predictorsof performancesa function of fidelity.

A goodexampleof thefirst approachs the feedback-dren CPU allocatorof Steere
etal.[89]. Thesystemcontinuouslymonitorseachapplicationsthroughputor “progress”,
andadjuststs CPUshargo maintainasteadyrateof progressFor someclasse®f applica-
tions, the systemcantransparentlyneasurgrogressdy monitoringthe application-kernel
interface:thefill level of asocletbuffer cantell uswhethertheproducemandconsumerates
aremismatchedLutfiyya et al.[59] describea feedback-duenapproactbasedon probes
embedde@odemoduleghatmeasurapplication-specificnetricsandtriggeralarmswhen
thesemetricsexceedspecifiedoounds.The systenreactsy consultingapre-specifiedule
base:e.g.,"if theinputbufferis full, increasehe CPU priority of the consumeprocess”.

By contrastthe researctpresentedn this dissertatiorusesthe predict-and-searchp-
proachwhichis basecn two broadtypesof predictors:

e tempoal: usingpastvaluesof atime-varyingsignaly to predictfuturevalues.These
answer‘what next” questiong“whatwill CPUloadbeoverthenext 1s?”),andl use
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themfor resourcesupplyprediction.l.e.,| assumehatanapplicationsresourcesup-
ply in the nearfutureis independentf its adaptve parametersyut canbe predicted
from therecentpast.

e parametric usingpastvaluesof y andassociategharameteralues({xy, zo, .. .), to
predicty asa functionof (z1, z, .. .). Parametricschemesanswer‘what if” ques-
tions(“what would CPUdemandeatfidelity 0.7?") | usetheseor resourcalemand
prediction.

9.2.4 Application-aware or application-transparent?

In multi-fidelity adaptationasin Odyssg, applicationsare aware andin control of the
adaptve processthe systemprovidessupportfor makingfidelity decisionsput leavesthe
decisiongto the application. This awarenesomesat a cost: the applications behaiour
must be modified, which usually involves sourcecode modifications. The multi-fidelity
API is designedo minimize this cost: however, sourcecodemodificationstill presentsa
barrierto modifying legacy applications.

Application-transpaentadaptatiordoesnot requireusto modify the applications put
is restrictedin its scopeandpower. Suchadaptatiorusually happensat the systemlevel,
i.e., to adjustsystem-wideparametersatherthan applicationfidelity. Perhapghe most
famousexampleis TCP congestiorncontrol [51], which is invisible to applicationsusing
the standardsoclet interface. Similarly, Coda[55] adaptso maskthe effect of low band-
width or disconnectiorfrom file seners, but presentsa standardile systeminterfaceto
applications.

How canwe achiere applicationadaptatiorwithout sourcecodemodification?Trans-
parentadaptatiorof datafidelity canoftenbeachievedthroughproxytedcniques By plac-
ing a proxy on the datapath betweena sener anda client, we candegradedatafidelity
without modifying either Fox etal. [37] usethistechniqudo degradewebcontentasdoes
the multi-fidelity web browser (Section7.5). Component-baseddaptation[20] allows
evenfinergrainedcontrol, by interceptinghe dataflow betweerdifferentcomponent®sf a
singleapplication.

Computationafidelity adaptationhowever, ofteninvolveschangingstatevariablesand
executionpathswithin a program. Here we needtechniquego insertcodeinto applica-
tions without modifying their sourcecode. Suchtechniquesare typically usedto insert
profiling, prefetching,or otherperformanceptimizations;they could potentiallybe used
to insertfidelity adaptatiorcodeaswell. Binary rewriting tools[88, 77, 17] cantransform
applicationswithout sourcecodeaccess. Compilerbasedapproache$65] requireread-
only access$o sourcecode.Sometimesprogramminganguagdeaturesanhelpto reduce
the costof sourcecodemodification,thoughnot eliminateit entirely: Changet al. [16]
uselanguageextensionsto export parallelizabilityinformationto the system which then
choosesdaptve parameteraluesandthe degreeof parallelismat runtime.
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9.2.5 Gray-box or in-kernel?

The multi-fidelity runtime systemextendsOS functionality with servicesnot provided by
theLinux kernel.l choseto build it atuserlevel to easadeploymentanddelugging. How-
ever, to predictapplicationresourcesupply the systemneedknowledge of the kernels
resourceallocationdecisions. It infers this information by translatingload statisticsinto
predictionsof resourceallocation.

Arpaci-DusseaandArpaci-Dussea(6] usetheterm“gray-box” for suchapproaches,
which combineknowledgeof kernelinternalswith obsenationsmadeat userlevel. They
describggray-boxtechniquegor inferring buffer cachecontentsdisk file layout,andmem-
ory availability by usingactive probes inferring resourcestateby attemptingto usethe
resource.My approachusespassiveobservations while lesspowerful, they have lower
overheadsand avoid modificationof the statebeingread(the Heisenbey effect). Gray-
box techniguesanpotentiallymodify or controlkernelbehaiour aswell aspredictingit:
Changet. al [15] enforceresourceallocationsat userlevel by adjustingprocesspriorities
andpageprotectionsn Windows NT.

Gray-boxtechniquegasedevelopmentanddeployability of third-partyOS extensions.
Whenthesearenot overridingconcernsthereareadvantagedo carefully designedernel
modifications. For example,one problemwith the multi-fidelity runtime systemis thatit
doesnot properlyaccountfor resourcespentby the kernelor a sharedsener (e.g. the X
sener)onanapplications behalf.New kernelabstractionsuchasresoucecontaines[7]
couldsolve this problem.

More generally Seltzerand Small[86] advocateself-monitoringandself-adapting0OS
kernels. They recommendecordingtracesandlogs of a large numberof kernelvariables
andevents,andusingoff-line aswell ason-lineanalysiso correlatethesewith application
performance.Theseanalysesvould be usedfor adaptationsuchas modifying prefetch
stratgiesor dynamiccoderecompilation.This is very similar to my philosophyof “mea-
sure,log,learn,adap{Chapterd), which | useatuserlevel for applicationadaptation.

9.3 Inferring userpreferences

The end-goalof applicationadaptationis to maximize user utility. This requiresus to
guantify the effect of fidelity and performanceon utility. In this dissertation] assumed
thatutility functionsareprovidedexplicitly by theapplicationor theuser whichraiseswo
guestions:

e How canapplicationprogrammerslerive gooddefault utility functions?
e How canutility functionsbe specializedo individual users’needsat runtime?

To creategoodutility functions,we mustquantifythe effect on usersof differentlevels
of fidelity. This hasbeenwidely studiedfor commonmediaapplicationssuchasvideo.
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Webster[95] describeshow objectve measurementsf video quality can be correlated
with subjectveratingsof videoclips by users.ChandraandEllis [14] recommendisingthe
JPEGQuality Factor(JQF)to representhe userperceved quality of a JPEG-compressed
image:for theadaptve webbrowser(Section7.5),thiswould make outputquality identical
to fidelity. Wilson andSassg97] measuredhe correlationbetweenvideo framerateand
biometricindicatorsof stresssuchasheartrate. Detailedstudiessuchasthesearelacking
for adaptve, interactive applicationssuchasaugmentedeality. This is animportantarea
for futureresearchfor effective adaptationywe mustknow the userpercevedeffect of arny
changean polygoncount,textures,etc.

Similarly, the effect of lateng/ on usersatishictionneedsto be quantified. Thereis a
consensuamongHCI researcherf62, 12,69, 13] thattherearethreeimportantlevels of
interactve response:“perceptualprocessing’(100ms), “immediateresponse’(ls), and
“unit task” (10s). However, this doesnottell ushow to classifyinteractve operationsnto
thesethree categories, nor how muchfidelity we shouldsacrificein aiming for a lower
lateng constraint. Often, an operationis simply too expensve to meeta lower lateng
target,forcingusto “demote”it to aslowercateyory. E.g.,to achieve “immediateresponse”
in Radiator we would have to reducefidelity to an absurdlevel, which is why | usethe
10s “unit task” constraintinstead.Similarly, my intuition is thatthe 100ms “perceptual”
responsédime is the appropriateonefor GLvU; however, the schedulegquantumof 200ms
makesthis animpossiblegoalunderload,andsol usethe 1s“immediateresponsetamet.

A well-choserutility functioncanonly provide agooddefault: userutility will still vary
acrossusersandtaskcontets. In theinitial stagesof design,our architect(Section1.1)
would wantquick response$or rapid prototyping. Later, shemight prefera high level of
detailandaccurag, evenatthe costof higherlateng. An appropriatelydesignednterface
canallow usersto directly adjustutility functions,but at the costof increasinguserdis-
traction. Alternatively, the systemcaninfer theusers preferencesrom obsenationsabout
their context; however, suchinferencesareoften uncertainandunreliable,andcanleadto
badadaptve decisions.

Clearly, we needsomecombinationof thetwo approached-orvitz [47] describesuch
a combinationwhich he termsa mixed-initiativeapproach.A mixed-initiatve systemal-
lowsusergo directly manipulatesystensettingsjt alsoadjustdhesesettingsautomatically
by makinginferencesboutthe user The costsof explicit userinterventionarecontinually
balancedagainstherisks of automatediecision-makingandthe useris alwaysallowedto
overrideor correctbaddecisiondy the system.
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Chapter 10

Conclusion

To write historyis sodifficult thatmosthistoriansareforcedto make concessionto
thetechniqueof legend.
(Erich AuerbachMimesis ch. )

Wearablejnteractve computingrequiressmalllightweightdevices,penasive wireless
connecwity, andinteractve applicationswritten for mobile ratherthandesktopusers.In
the lastdecadewne have seenrapid advancesalongall threefronts. Soonwe will have the
mobile hardware,the wirelessnetworks, andthe applicationsoftware: whatwe will need
is operatingsystemsoftwareto mediateeffectively betweerthem.

This dissertatiorhasshovn thatany suchsystemmustsupportapplicationadaptation,
and hasproposeda novel frameawvork for suchadaptationpasedon multi-fidelity compu-
tation anda supply-demandesouce model It setsforth a modularsystemdesignbased
on this framework, and describests key componentechnologies:history-basegredic-
tion, passve resourcemonitoring, and the gradient-descergolver. Througha prototype
implementatiorand evaluation, the dissertationshavs the systemsignificantlyimproves
thelateng responsef interactve applications.

In this chapter| summarizeheresearckcontributionsmadeby this dissertation(Sec-
tion 10.1); describethe currentstatusof the systemandongoingresearchSection10.2);
andexplore somedirectionsfor futureresearct{Section10.3).

10.1 Contrib utions

10.1.1 Conceptual Contrib utions
The primary conceptuakontribution of this dissertationis multi-fidelity computation It

generalizeghe classicalnotion of algorithm, wherethe output specificationis fixed but
resourceconsumptiordependsn the input data. With multi-fidelity computationspoth

173
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output quality and resourceconsumptionare allowed to vary, and we can dynamically
explore the tradeofs betweenthem. In developingthis conceptl alsoexpandedprevious
definitionsof fidelity. | introducedthe notionof computationafidelity asa complemento
datafidelity; moregenerally | usethetermfidelity to coverall runtimetunableparameters
thataffect outputquality and/orresourcedemand.

The secondconceptuatontributionis theresouce mode] which letsusabstracappli-
cationbehaiour asresourcalemandsystemstateasresourcesupply andperformances
a costfunction on supplyanddemand.For the performanceametric of greatesinterestto
us— latenyy — | shavedthatsimplecostfunctionsaresufficientfor mary applications.

A third contribution is my history-basednethodolgy for predictingan applications
resourcedemandas a function of its tunableparameters.This bridgesthe gap between
guantitiesrelevant to the application(i.e., fidelity metrics)and thoseunderstoodoy the
system: resourcesupply and demand. It allows us to make predictionsfrom empirical
obsenationsinsteadof relying exclusively on analyticmodels,andto specializepredictve
modelsto time- or data-dependemariationin applicationbehaiour.

Fourth, my API designshavs how we can make significantchangesn application
behaiour with only smallchangego their sourcecode by isolatingmostof the new func-
tionality to configuiation files and hint modules Oncean applicationhasbeenmodified
to usethe multi-fidelity API, third partieswithout accesgo sourcecodecancontinueto
experimentwith differentresourcelemandpredictorsandutility functions.

Fifth, | have shavn thata predictive gray-boxapproacho resourceananagemeris fea-
sibleandeffective. In otherwords,we cansubstantiallymitigatetheill effectsof resource
variability without changingthe OS’s resourceallocationpoliciesor modifying its kernel
sourcecode.

Finally, my evaluationstratey highlightsa usefulnew performanceneasurethe de-
viation plot. With fidelity adaptationthereis hardly ever a free lunch: lateny canbe
improvedonly by sacrificingfidelity, andvice versa.Thusthetrue testof anadaptve sys-
temis to measureénow closelyit tracksuserpolicy, i.e., maximizesutility underresource
constraints.Whenuserpolicy is expressedas a lateng/ constraint,the lateng deviation
plot providesus with a simpleyet informatve measureof the systems$ successn staying
ontamet.

10.1.2 Artifacts

This dissertatiorhasproducedone substantiabrtifact: the multi-fidelity runtime system.
The systemis modularand containsseveral componentseachwith valueindependenof
thesystemasawhole:

e The resourcesupply and lateng predictorsestimatethe resourceavailability and
performancef anapplicationin the nearfuture.
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e Theloggertransparentlyollectslogs of applicationresourcalemando be usedfor
performancalehuggingaswell asconstructingesourcelemandpredictors.

e Thesolvercanoptimizeutility acrosamultiple dimensionf performanceresource
demandandoutputquality.

e Theapplicationswhich cannow adaptto a variety of resourcescenarioandperfor
mancerequirements.

10.1.3 Evaluation Results

The experimentalevaluationof this work hascontrituted several importantfindings for
applicationadaptationl shovedthat,with acarefullydesigneddPl, the costof application
modificationcanbemadesmallif notzero.| alsoshovedthathistory-basedechniquesan
effectively predictapplicationresourcedemand especiallywith online updatesanddata-
specificprediction

My evaluationshavsthatthe systenoverheaderoperatiorrangedrom 1 msto 20ms.
Thisoverheads notnggligible, but acceptabléor operation®f 1 sorlonget Theoverhead
canbe reducedby more efficient ways of readingkernelload statistics,and by a better
optimizedsolver.

| have shavn that gray-boxtechniquescan accuratelypredict resourcesupply: i.e.,
that kernel modificationis not necessary My approachis an intermediatepoint in the
designspaceit avoidskernelmodificationbut not kerneldependenceMy memorysupply
predictordepend®on the Linux VM andthe statisticsexportedby it; if thesechangen a
laterkernel,the predictormustchangealso.

| shaved that the agility andaccurag of resourcesupply predictionare closeto the
limits imposedby the underlying OS. The CPU supply predictoris accurateover time
periodsof 1s or greatey andits agility is on the sametime scale. The memorysupply
predictors time scaleis in the tensof secondsit is limited by therateat which VM load
statisticsare updated.Adaptingdownwads to a spike in memoryload canbe prolonged
for anotherreason:applicationsthrashwhenthereis memorycontention,slowing them
down anddelayingtheir next adaptatiorpoint. Thus,acheapabort-and-estartmechanism
is essentiafor memory-intensie applications.

| shavedthateffective adaptatiordepend®n bothsupplyanddemandorediction:both
contribute to meetinglateng goals. | alsoshaved that, with adaptationapplicationsare
much more likely to meetthesegoals. | also shaved that the benefitof adaptationfor
eachapplicationis independenbf the adaptve behaiour of other concurrentlyrunning
applications.Finally, | shavedthatadaptatiorreducesvariancein lateng in additionto
bringingmeanlateng closerto thetargetvalue.
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10.2 Curr ent statusand ongoingwork

Work on the multifidelity prototypeis ongoing,andotherresearcherbave addedcapabili-
tiesbeyondthosedescribedn the dissertatiorsofar.

JasorFlinn, RajeshBalan,SoYoung Park and TadashiOkoshi have portedthe system
to the StrongARM-basedtsy [8] and iPAQ hand-heldcomputers. The Spectraremote
executionengine[33] allows multi-fidelity computationgo executewholly or partly on
remoteseners; the latestversionof the GLvU virtual walkthroughsystemusesSpectra
servicedo doremoterendering l.e.,whenappropriatethe 3-D renderings doneon afast
senerandtheresultingimageshippedbackto the client. This capabilitywasimplemented
by ShaheeriGandhi, TadashiOkoshi, Tridib Chakraarty, andNingningHu.

Researchn multi-fidelity adaptationis ongoingas part of the Chromaproject,whose
goalis providing middlevarefor easyandautomaticadaptatiorandresourcananagement
in mobile applications. Currentwork in Chromais focussedon automaticstub genea-
tion: givenanApplicationConfigurationFile, Chromaautomaticallygeneratesadaptation
stubs”to be linked with the application. Thesestubsreducethe burdenof modifying ap-
plications,by providing a high-level interfacetailoredto theapplications needs.They also
insulateapplicationprogrammer$rom changesn theunderlyingruntimesystemandAPI:
the stubgeneratarandnot theapplicationwill trackthesechanges.

Chromais partof thelarger Aura [80] project,which addressethe challengesf per
vasie computingsimultaneouslat several software layers. In Aura, a tasklayer called
Prism manageausertasksand the groupsof applicationsthat participatein thesetasks.
Theadaptationlayer (Chroma)translatebetweerapplicationneedsandsystenresources.
Lower layersdealwith physicalvariablessuchaslocationandresourceavailability.

10.3 FutureWork

This work hasopenedup severaldirectionsfor futureresearchSomeof thesearemodest,
incrementaimprovementdo the system;othersarebroaderandmoreambitiousin scope.
Herel explore differentareasof improvement,in eachcaseprogressingrom short-term
goalsto long-termambitions.

10.3.1 The Application Programming Interface

The multi-fidelity API is both simpleandgeneral.My experiencewith this APl hascon-
vincedmethatwe shouldretainthe simplicity, but specializethe API to the needsof each
application.E.qg.,applicationsshouldbe ableto referto tunableandnon-tunablgparame-
tersby name,insteadof passinghemto the systemasanorymousarraysof values. The
problemof translatingbetweena high-level application-specifiinterfaceandthe generic
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multi-fidelity API is beingaddressetly the Chromastubgeneratodescribedn the previ-
oussection.

The hint mechanismthoughsimple andefficient, is not very secure.Binary modules
areloadedinto the runtime system$ addressspace wherea maliciousor buggy module
could wreakhavoc. Onepossiblesolutionto this problemis to usea restrictedlanguage
thatis interpretedat runtime. A slightly lesssecurebut more efficient approachwould be
for astubgeneratoto compiletherestrictedcodeinto trustedbinary modules.

Thereareseverallimitationsto be addresseth the multi-fidelity programmingmodel,
especiallythe currentsimplenotion of interactiveopemtions E.g.,the API doesnot cur-
rently supportmultiple concurrentcommunicatingoperationswherethe fidelity andper
formanceof one might dependon that of anothey evenin the absenceof resourcecon-
tention. Anotherdesirableextensionis supportfor streamingmediaapplicationssuchas
video. Herethe low-level “operations”(e.g. rendera frame) are not driven by userac-
tions, but are performedperiodically Further the primary performanceametricsare not
peroperatiormeasurementsuchaslateng, but aggreatestatisticssuchasframerateand
jitter. We needto expandthe notion of operationandcorrespondinglyhe API, to support
adaptve streamingmedia.

10.3.2 The Solver

The multi-fidelity solver works well whenthe numberof tunableparameterss smalland
the utility functionsare simpleandwell-behaed. We do not know how its performance
or accurag scalewith the numberof parametersnor whatkind of utility functionsmight
causepathologicabehaiour. To measurdhe solver’s robustnessandscalability we need
a more comprehensie evaluation. To improve theseproperties,we probablyalso need
atheoreticallysoundapproactto the optimizationproblem. Lee’s solver [57] is provably
efficient,andtheconstraint®ntheutility functionsarewell-defined.However, oneof these
constraintgs very restrictve: all runtime parametersnusthave an ordered setof values,
andbothresourcelemandandutility mustincreasamonotonicallyaswe progresghrough
this set. Often, we cannotachierze suchan ordering. E.g., for Radiator the progressie
radiosityalgorithmhasa higherCPUdemandout lower memorydemandhanhierarchical
radiosity makingit impossibleto find a total orderon thesetwo choices.It would be both
interestingandusefulto adapt_ee’s solverto the multi-fidelity runtimesystemandto find
waysto relaxthe monotonicityrequirement.

10.3.3 Resource monitoring

My resourcemonitorsaresimpleanddemonstratéhefeasibility of agray-boxapproactio
resourcesupplyprediction.They areagileandaccuratevhenthe numberof applicationss
small. In the shortto mediumterm, | would like a morecomprehensie evaluationwith a
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wider rangeof applicationsandloadpatternsHerel indicatea few obviousimprovements
to theresourcamonitors;a detailedevaluationwill probablysuggesteveralmore.

Currently the systemmonitorsmemorydemandoy measuring/M statisticsat the be-
ginning and the end of eachoperation(Section5.5.2). This approachis limited by the
tendenyg of VM stateto build up overtime. In particular it suffersfrom a highwatermark
effect if the currentoperationuseslessmemorythana previous one,thenits working set
will besmallerthanits residentset,andwe will overestimatehe former. This effect could
be avoidedby addingfine-grainednformationaboutthe applications memoryallocation,
e.g.,by instrumentingnalloc and free.

The CPUsupplypredictorassumeshatschedulings approximatelyround-robin.This
is only true for processesvith equalpriority: we needto extendthe predictorto predict
schedulebehaiour for processewith differentpriorities.

My currentprototypelacks supply and demandmonitoring for an importantsystem
resource:the disk. While disk capacityis easily modelledas a space-sharedesource
(Chapter2), disk bandwidthis a more complex matter: it is time-sharedput it doesnot
fit the GPSmodelvery well. Disk “supply” dependsot only on bandwidthshare,but
alsoon seekandrotationalpositions. Similarly, “demand”is characterizedot only by
read/writebyte counts,but also by the position of thosebyteson the disk. An accurate
resourcemodelfor disk bandwidthmustmodeltheseadditionaldimensiondo supplyand
demandasalsotheeffect of any memorycachesnsidethe storagedevice.

The ultimate goal of resourcemanagemenis to combineadaptationwith allocation,
suchthat both system-lgel and application-leel decisionsare simultaneouslyoptimized
to maximizeuserutility. Il.e., a singledecision-makingrocesshoulddetermineboththe
sharingof resourcescrossapplications,andthe tunableparameter®f eachapplication.
Section9.2.1discussed/ariousallocation-basedtrataies,and how they might be com-
binedwith multi-fidelity adaptation.Thereareseveral challengeghatany suchcombined
solutionmustaddress:

e Themobileclient's OS doesnot have control over resourcesuchasnetwork band-
width or remotesener cycles;thus,we mustreconcileoursehesto a predictive ap-
proachfor theseresourcesor solve the problemof distributedresourceallocation.

e It is notclearhow to combineindividual applicationutilities into a single“user util-
ity”. Applicationsrun at differenttime scales:how arewe to comparethe utility of
10 GLVU operationsagainstthatof 1 speechrecognitionof the sameduration. Fur-
ther, applicationscompetenot only for systenmresourceshut alsofor userattention
This cancausestrangenterferenceeffects: e.g.,the usermight desirehigh-quality
videoif thatis theonly applicationrunning,but will notnoticeadegradationn video
quality if they areoccupiedwith anothertask.

¢ If allocationis tied to adaptationhow canwe preventill-behavedapplicationdrom
hoggingresourcesperhapsy generatingoogusutility functions?l.e., how do we
detectwhenapplicationdie abouttheir resourceneeds?



10.3. FUTUREWORK 179

10.3.4 Resourcedemandprediction

This work hasshawn that history-basedechniques— logging and learning— can ac-

curatelypredictan applications resourcedemandasa function of its tunableparameters.
Thereis enormousscopefor futureresearchn this area.l have usedvery simplestatistical

modelssuchasleast-squaresegression;it would be worthwhile to study other machine
learning(ML) algorithmssuchas nearesheighbour[63, pp. 231-236],andto quantify

theiraccuray aswell astheir performanceverheads.

Corvertingresourcdogsinto predictorsstill requiresmanualinterventionto choosean
ML techniqueanda parametrianodel. To automatehe procesdurther, | proposea toolkit
approachalibrary of mary parametrianodels,over which a“meta-learnercaniterateto
find the onemostappropriatdor the givendata.

Building sucha toolkit would be an excellentopportunityfor collaborationbetween
ML andsystemgesearchersML algorithmswill help systemsbuilderscharacterizeand
predictthe behaiour of large systems|ogsfrom suchsystemswill provide real-world test
casedor thesealgorithms.

10.3.5 UserInteraction

Section9.3discussedhe problemof knowing userpreferenceswe wish usergo beableto

settheir preferences¢e.g.,desiredresponsd¢ime) dynamically To thisend,we have started
building a multi-fidelity control interfacethatallows usergo adjustapplicationutility func-

tions: to changelateny constraintsdesiredbatterylifetimes, or the relative weights of

differentquality metrics.Building suchaninterfaceis a challenge:it mustberich enough
to gatherinformation aboutuserpreferenceslong multiple dimensions but simple and
unobtrusve enoughto avoid excessve userdistraction.

Ideally, the systemwould automaticallyinfer the users preferencefrom their context,
avoiding userdistractionaltogether E.g., the systemwould know that userswatchinga
sportsvideo preferhigh frameratesto high quality images;userson a videotour of a mu-
seumwantpreciselythe opposite.Currentwork on thetasklayer of Aura[80] is focussed
onthisissue:identifying the users higherlevel tasks,inferring the appropriateapplication
settingsandtradeofs, andtranslatingtheminto utility functionsfor the runtimesystemto
optimize?

Whetherwe solicit userpreference®r infer them, we mustalways be aware of the
attendantost:increasediserdistraction In theformercasethereis the cognitive burden
of manipulatinga userinterface.In thelattercasethereis therisk of erroneousnferences
causingunpredictableand unstablebehaiour. User attentionis often the mostvaluable
resourcen ary computingsystem:thus,all systemdecisionseedto be measure@gainst
thisyardstickin additionto traditionalmetricsof performanceQuantifyinguserdistraction
is thus a researclproject of immenseimportance presentingformidable challengesand
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promisingenormousenefits.

10.3.6 AugmentedReality

GLvU and Radiatoronly partially fulfil the vision of augmentedeality containedin the
architectscenario.My researcltconcentratesn the resourcemanagemenaspectof aug-
mentedreality; to make the vision cometrue, otherhard problemsmustbe solved. E.g.,
in additionto 3-D renderingaugmentedeality needdocationsensingechniquego know
the users positionandorientationand machinevision algorithmsto recognizereal-world
objectsin theusersfield of view; all thesemustrun concurrentlyandcooperateo provide
a good userexperiencein spite of resourcevariability. Many of thesecomponentech-
nologiesare at the cutting edgeof researchn differentfields; this is a perfectmoment
to begin cross-cuttingesearckcollaborationbetweerHcl, imageprocessingandsystems
researcherto build a usableaugmentedeality system.

10.4 Summary

The primaryfocusof this dissertatiorwascrispinteractve responsen resource-intense,
mobileapplications] shavedthatmulti-fidelity computationis essentiato dynamicregu-
lation of resourcedemandandthusof performancel alsoshavedthatsystemsupportfor
supplyanddemandpredictionis necessaryo supportmulti-fidelity computationandthat
it is sufficient— with somelimitations — to achieve boundednteractve responsdimes
without unnecessarilgacrificingfidelity. Of the mary directionsfor futureresearchprob-
ably the mostimportantis thatof combiningprediction-baseddaptatiorwith QoS-based
resourceallocation.
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Appendix A

Unrelated\Work

Much excellentresearchs moreor lessirrelevantto thefocusof this dissertationHerewe
briefly survey someunrelatedvork.

The Four-Colour Theorem[5] is a pioneeringexample of computeraidedtheorem-
proving. It hardlyinfluencedour researchSaid[78] articulatesa vision of theintellectual
“as exile andmaiginal, asamateurandasthe authorof alanguagedhattriesto speakiruth
to power”, while Viswanathan91] aguescorvincingly that the developmentof English
Studiesasanacademidisciplineis closelyrelatedto thepolitical imperatvesof theBritish
Empirein India. This dissertatiordoesnot build ontheseanalyses.

Somequestionghat have rarely plaguedthe systemsommunityhave beenanswered,
e.g. “Muss essein?” [9, 56]. Otherproblems,of equallynegligible import for the future
of our field, remainunsohed. We notethat, despitethe efforts of mary researcherghe
problemof “Could You Be Loved? [61] remainsopen.Lastandprobablyleast,Sellarand
Yeatman[85] have shavn conclusvely that history is not what you think it is, it is what
youcanrememberWe have notimprovedon this resultin any way.
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