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Abstract

Achieving crisp interactive responsén resource-intenge applica-
tions suchas augmentedeality, languagetranslation,and speech
recognitionis a major challengeon resource-poowearablehard-

ware. In this paperwe describea solution basedon multi-fidelity

computationsupportedby predictive resouce management. We

shav thatsuchan approactcansubstantiallyreduceboththe mean
andthevarianceof responséime. Onabenchmarkepresentatie of

augmentedeality, we demonstrat@ 60%reductionin meanlateny

anda 30% reductionin the coeficient of variation. We also shav

that a history-basedapproachto demandpredictionis the key to

this performancamprovement: by applyingsimple machinelearn-
ing techniquedo logs of measuredesourcalemandwe areableto

accuratelymodelresourcalemandasa functionof fidelity.

1 Intr oduction

Resource-intenge applicationssuchas speechrecognition,
languageranslation, andaugmentedeality posea dilemma
for wearablecomputing. Suchapplicationsare valuablebe-
causethey supporthands-freeinteraction. However, their
peakresourcalemand£anoverwhelmthe processingpeed,
memory and batterycapacityof wearablehardware whose
weight,sizeandform factorarelimited by usercomfort. The
resultis sluggishinteractve responsehat canseriouslydis-
tract a mobile userengagedn a physically and cognitively
demandingtask such as bridge inspection,aircraft mainte-
nanceor military action.

Technologyimprovementsthrough Moore’s Law will not
solve this problem. Rather it is likely to persistbecause
marketforcesin wearablecomputingdemandontinuousm-
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provementdn usercomfortratherthanjustimprovementsn
computepower. This tensionleadsto the questionaddressed
by this paper:How canweachievecrispinteractiveresponse
for resouce-intensivapplicationson weamble computes?

In this paper we shav how multi-fidelity computationcan
helpto boundinteractive lateng by dynamicallytradingre-
sourcedemandor outputquality, or fidelity. We describethe
design,implementatiorand evaluationof a systemthat sup-
ports multi-fidelity computation. The systemautomatically
makesruntimefidelity decisionson the applications’behalf,
thusfreeingprogrammergrom this burden. To make sound
fidelity decisionsjt exploits history-basecdpredictionof ap-
plicationresourceusage.

Our implementationis basedon Odyssg [15, 30], which
originally supportedthe conceptof fidelity for storeddata.
This work extendsthatconcepto the broademotionof com-
putationalfidelity anddemonstrateis applicabilityto a new
classof applications. In the restof this paper the term “fi-
delity” will mean“computationalfidelity” and “Odysse”
will referto the multi-fidelity supportaddedby usto thebase
system.

We have experimentallyvalidatedour approachusing four
applications.Becausenf spacdimitations, we only describe
oneapplicationcasestudyin detail here,andsummarizethe
resultsof the otherthree. Full detailsof the latter can be
foundin Narayanars dissertatior[27]. Our key resultscan
besummarizedsfollows:

¢ Predictve resourcananagementanboundresponséa-
teng/ andreduceits variability.

¢ History-basegbredictionof resourcalemands feasible,
accurateandnecessaryor thisimprovement.

e Legacgy applicationscan be portedat modestcostto a
multi-fidelity programmingmodel.

Section2 describeur high-level designprinciplesandra-
tionale. Section3 describesour prototype API for multi-
fidelity computation andthe implementatiorof the runtime
supportlayer. It alsoexplainsour methodologyfor construct-
ing application-specificesourcedemandpredictors,andde-



scribesone examplein detail. Section4 presentsa compre-
hensve evaluationof the system:we measurg¢heaccurag of
history-basegrediction,the performanceéenefitsof predic-
tive resourcemanagementand the programmingcostsand
runtime overheads. Section5 describesrelatedwork, and
Section6 concludewith somedirectionsfor futureresearch.

2 Designrationale

2.1 Alternatives

Therearethreefundamentallydifferentapproacheto coping
with situationswhere applicationresourcedemandexceeds
supply One approachis to prevent suchsituationsby us-

ing QoS-basedesoucereservation§22, 26]. For example,
anapplicationmay be ableto resere a minimum fraction of

a CPU andthus guardagainstinsufficient supply of this re-

sourcedueto competitionfrom concurrentapplications.As

anotherexample, it may be possibleto resene bandwidth
in a carefully controllednetworking ervironment. Unfortu-

nately enforcemenbf QoS-basedesenationsrequiresop-

eratingsystemsupportthatis rarely presentin standardOS

distributions. More importantly this approacHails whenthe

peakresourcalemandf asingleapplicationexceedghe ca-

pabilitiesof the hardwareit is runningon.

The second approachis to acquire additional resources
through remote execution Even a resource-impweerished
wearablecomputersuchasthe IBM Linux wristwatch[29]
can use computesenersto run resource-intense applica-
tions. In previouswork, we describedSpectrg14], aremote
executionsubsystentayeredon the multi-fidelity framework
describedhere. We are further exploring remoteexecution
in currentwork [4]. However, thereare mary situationsin
which a mobile userhasno accesg¢o computesenersand
mustthereforerely solely on the resourcesf his wearable
computer A differentapproachmustbe usedto handlethose
situations.

The third approachis to reduceresourcedemandthrough
multi-fidelity computation. As its name implies, multi-

fidelity computatiorassumeshatanapplicationis capableof

presentingeesultsat differentfidelities. Userspreferresults
of higherfidelity, but cantolerateresultsof lower fidelity. A

high-fidelity resultrequireggreaterresourceso computethan
a low-fidelity result. Whenresourcesare plentiful, the ap-
plication generatesigh-fidelity results;whenresourcesare
scarceijt generatetow-fidelity results.By dynamicallyvary-
ing fidelity, timely resultscanbegeneratedverawide range
of resourcdevels. We elaborateon thisin thenext section.

2.2 Multi-fidelity computation

The classicnotion of an algorithm hasa fixed outputspeci-
fication but variableresourcedemand. In contrast,it is the
output specificationthat is variablein a multi-fidelity com-
putation[32]. By settingruntime parametergalled fidelity
metrics we canobtaindifferentoutputsfor the sameinput.
Onecansay in effect, “Give me the bestresultyou canus-
ing no morethan X units of resourceR” R s typically re-
sponselateng in aninteractve application,but it canalso
refer to memory enegy, bandwidthor ary other resource.
Thusmulti-fidelity computationsarea generalizatiorof any-
dimensioralgorithmg25]. Thelattercanbeviewedasmulti-
fidelity computationsvhichincrementallyrefinetheir output,
allowing themto beinterruptedatany pointto yield aresult.

Multi-fidelity computationallows usto choosethe bestrun-
time tradeof betweenoutput quality and performance. In
an interactve application,eachinteractive operationcan be
viewed asa multi-fidelity computation.At the beginning of
eachoperation|ts fidelity metricscanbe setto yield the de-
siredresponsdatenq atthe currentresourceavailability.

2.3 Motivating example

Throughouthis papemwe will useaugmentedeality (AR)[3]
asthedriving exampleto illustratevariousaspect®f our sys-
tem. Although AR is arelatively youngtechnology it has
alreadyprovedusefulin anumberof domainssuchastourist
guides[12], power plantmaintenanc¢l1], architecturade-
sign[37], andcomputersupportectollaboration5].

In AR, a userlooks througha transparenheads-updisplay
connectedo a wearablecomputer Any displayedmageap-
pearsto be superimposedn the real-world scenebeforethe
user AR thuscreateghe illusion that the real world is vi-
sually memgedwith a virtual world. This requiresa precise
correspondencbetweenthe two worlds. As a users orien-
tationandlocationchangethe displayedmagemustrapidly
and accuratelytrack those changes. Sluggishtracking can
be distractingto the userand,in extremecasesgcanresultin
symptomssimilar to sea-sickness.

3-D rendering a computationallyintensve operation ies at
the heartof AR. Evena brief turn of the headby a usercan
resultin a complex scenehaving to be re-renderednultiple
times. For example,an architectmight use AR for on-site
design. This would allow herto visualizethe impactof pro-
poseddesignchangesuchasnew windowsor colorschemes.
Before corverging on a final design,shemay iteratively try
out mary alternatves, viewing them from different angles
and underdifferenthypotheticallighting conditionssuchas
moonlightor sunset.
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Figurel: Effect of fidelity on 3-D rendering

3-D renderingfor AR embodiegnary of the characteristics
that motivate the work describedin this paper First, it is
extremelyresourcantensve, particularlyof CPUandmem-
ory. Secondto befully effectiveit mustrunonalightweight
wearablecomputer Third, crisp interactive responses crit-
ical. Fourth,thereis a fidelity metric, the resolutionof the
displayedmage thatdirectlyimpactsresourceconsumption.

Figure 1 illustratesthe last point. The high-fidelity figure
on the left containstentimesas mary polygonsasthe low-
fidelity figureontheright. SinceCPUdemandncreasesvith
the numberof polygons,the low-fidelity figure canbe ren-
deredmuchfaster In mary situationsthe low-fidelity figure
may be acceptablethe usercanalwaysexplicitly askfor re-
renderingat higherfidelity.

2.4 Predictive resouce management

Before executing an interactve operation, an application
mustdetermindts fidelity settings.Odyssg senesasanor-

aclein makingthis decision.Its recommendatiois basedn

a searchof the spaceof fidelity settings.This searchrequires
Odyssg to predictresourcesupply during the operation,as
well asresourcedemandandoperationlateng for different
settings It alsorequires0dyssg to correctlyreflecttheusers
currentpreferences thetradeof betweeroutputqualityand
operationatengy.
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Figure2: Mappingfidelity to utility




As Figure 2 shaws, the completepredictionprocesscan be
decomposeihto five predictive mappings.Threeof themap-
pingsrelateto predictingoperationlateng: (1) from system
loadstatisticso resourcesupply;(2) from fidelity to resource
demandand, (3) from resourcesupplyanddemando oper
ation lateng. The othertwo mappingstranslatefidelity and
lateng predictionsnto predictionsof usersatisfctionor util-
ity: (4) from fidelity to outputquality; and, (5) from lateng
andoutputquality to utility.

Odyssg performsmappingl using supply predictors that

monitorkernelloadstatisticghroughstandardnterfacesand

male inferencesasedon gray-boxknowledge[2] of kernel

resourcemanagemenpolicies. It useshistory-basediemand
predictorgo performmapping2, andperformanceredictors
basednaresourcanodelfor mapping3. Thesecomponents
aredescribedn Sections3.3and3.4.

Mapping4 specifieghe outputquality we canexpectat each
setting of eachfidelity “knob”. In general,this mapping
would be determinedhroughstudiesof userperception.in

this work, we malke the simplifying assumptiorthat fidelity

andoutputquality are synorymous;in otherwords,thatthe
mappingis trivial. For example,we usethe “JPEG level”

parameteof a JPEGcompressioralgorithmasa measurenf
the outputimagequality; the work by ChandraandEllis [6]

confirmsthatthis is acceptableMapping(5) is a utility func-
tion thatcapturesurrentuserpreferencesln adeployedsys-
tem, utility functionswould be generatecutomaticallyfrom

a GUI or by inferring userintent. In our experimentalpro-
totype,we usethe hand-crafteditility functionsdescribedn

Section3.5.

3 Interface and implementation

3.1 Programming interface

Themulti-fidelity programmingmodelis basedn thenotion
of anopemtion. An operationis the smallesuservisible unit
of execution,from userrequesto systenresponseEachop-
erationcorrespondgo one multi-fidelity computation,with
fidelity metricssettableat operationstart. Examplesinclude
renderingan augmentedeality scene;recognizinga speech
utteranceand displaying the recognizedtext; fetching and
displayingawebimage.

Figure3 shavsthe basicmulti-fidelity API. register_fidelity
is calledat applicationstartup.Odyss® thenreadsan Appli-
cation ConfigurationFile (ACF), which specifiesthe multi-
fidelity operationtype, its fidelity metrics, and their value
rangeqFigure4).

C function prototypedor the API describedn Section3.1.

Figure3: The Odyssg multi-fidelity API

Thefirst five lines specifya descriptve tagfor the operation;a path-
namefor writing log data;a targetlateny for the operation;a non-
tunableparameteranda fidelity metric. Thelastfour lines specifya
binary hint moduleandnameits entry points.

Figure4: Application ConfigurationFile for rendering



The ACFalsospecifiesnontunableparametes. runtimevari-
ablessuchasinput datasizethataffect resourcedemandput
arenot adaptable For example,the resourcademandof ren-
dering dependsot only on the resolution, but also on the
polygoncountof the original, full-resolutionscene.

Finally, the ACF specifiesan application-specificint mod-
ule. This binary modulecontainsthe application-specifice-
sourcedemandpredictorsandthe userutility function. For
efficientruntimeinvocationof thedemandredictorsandutil-
ity function,thehint moduleis loadedinto Odyssg’saddress
space. We are looking at waysto retain the efficiency, but
improve on the safety of this approach.

Before each operation, the application invokes
begin_fidelity_op, and passesin the nontunable param-
eters. Odyssg computesand returnsthe optimal fidelity
value(s)for the operation. After eachoperation,the ap-
plication calls end fidelity_op. Odyssg then logs the
operations measuredesourcedemand:theselogs are used
for history-basedesourcelemandprediction(Section3.4).

3.2 Systemarchitecture

Odyssg is implementedas a userlevel processon a stan-
dardLinux 2.4 kernel. Its primary functionality — making
fidelity decisions— istriggeredby begin_fidelity_op andim-
plementedn thefollowing stepshumberedasin Figure5:

1. Theapplicationpasse# thenontunablegparameters.

2. Supply predictors estimatethe applications resource
supplyfor the nearfuture (mappingl of Figure?2).

3. Aniterative solversearchethefidelity spacdor thebest
candidate.

4. Demand predictors map fidelity to resourcedemand
(mapping?2).

5. A performanceredictorestimatedateng givensupply
anddemandpredictiong(mapping3).

6. A utility function evaluates the proposed fidelity-
performancédradeof (mappingb).

7. After severaliterationsof steps3—6, the solver returns
thefidelity with the highestutility.

The systems secondunction— monitoringandlogging—
is triggeredby end fidelity_op:

8. Demandmonitors measurehe resourcesonsumedy
thejust-concludedperation.
9. A logger recordgheresourcalemandfidelity, andnon-
tunableparametewaluesto adiskfile.
10. Thesevaluesare alsopassedo the demandpredictors,
to updatetheir predictve models.

Section 3.3 describesthe genericsystemcomponents:the

supply predictors, performancepredictors, solver, demand
monitors, and logger Demandpredictorsare application-
specific: Section3.4 describesour history-basednethodfor

constructingthem. Section3.5 thendescribesour approach
to constructingutility functions.

3.3 Genericsystemcomponents

3.3.1 Supply predictors

Our prototypehassupply predictorsfor CPU, memory net-
work, enegy and file cache. Eachof thesemonitorsker
nel statistics,and makes predictionsof resourceavailability
for eachapplicationat the beginning of eachoperation.For
brevity, we only describethe CPU supplypredictorhere.

The CPU supply predictorpredicts,at the start of eachop-

eration,the CPU supply available to it in cycles/sec. It is

basedn somesimplifying assumptionsthatthe operationis

single-threadedthatall CPU-boundprocesseseceve equal
sharesthat 1/O-boundprocessesffer negligible CPU load;

andthatpastioadpredictsfutureloadatall time scalesThese
assumptiongjive us a simple predictor: a processp’'s CPU

supplyoverthenext T secondss

whereP is the processoclock speedandN is the predicted
backgroundoadoverthenext T secondsthatis, theaverage
numberof runnableprocessestherthan p. We periodically
sampleheinstantaneouwadaveragen; from/proc/loadavg,
andsubtractout p’'s contribution,n; p . Thelatteris 1if pis
runnableandO if not. We thensmooththe samples:

Ni2 aoNy 1 anm np
We set

tp
a eT

wheret,, is the load samplingperiod,0.5s in our prototype.
This makesthe decaytime equalto the predictionhorizon
T. In otherwords,we usemorehistory for predictionsover
longerperiods.

TheclockspeedP is readfrom /proc/cpuinfo atstartup.Cur-

rently Odyss# runsonastockLinux kernelwithoutdynamic
clock scaling support. When such supportis available, it

shouldbepossibleo updateP dynamicallyfrom /procwhen-
evertheclock speecchanges.
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Figure5: Systemsupportfor the multi-fidelity API

3.3.2 Performancepredictors

Our current prototype has predictorsfor two performance
metrics: operationlatengy and batterydrain [15]. Herewe

focuson operationlatengy, the key metric for interactve ap-

plications.

Our lateng predictorcomputedateng asa function of re-
sourcesupplyanddemand.It is basedon a simpleresource
modelthatassumesequentialiseof resourcegno overlap-
ping of processingandnetwork 1/0). It computedateng as:

Drut
Stt

DI’ECV

Srecv

Dymi
S<m't

Diocal cpu Dremde cpu

L

Socal cpu Semde cpu

Here Sqcal cpu is the predicted CPU supply in cycles/sec
available to the application. Doca cpu is the predictedCPU
demandn cyclesrequiredby the operation.The otherterms
representhetime takenfor a remoteexecution(s):transmit-
ting datato a sener, receving resultsfrom it, roundtrip time
of oneor moreRPCs,andsener-sidecomputation Network
bandwidthandroundtrip time estimatesareprovided by the
baseOdyssg infrastructure [30]. The predictoralsocom-
putesthe effectsof VM pagingandremotefile accesq27];
for brevity, we do notdiscusshese.

The default genericlateng predictor can be overriddenat
runtime by an application-specifiqredictor: for example,
onethatallows for overlappingcomputatiorand|/O.

3.3.3 Solver,demandmonitors, and logger

Thesolversearchethespaceof fidelitiesandfindsthevalues
thatmaximizeutility. It usesa gradient-descerdtrateyy for

numericparametersand exhaustve searchfor non-numeric
parametersuchas enumeratedists. It works well for ap-
plicationswith a small numberof fidelity metricsandwell-

behaed utility functionswithout multiple local maxima;we

could easily substitutemore robust and scalablealgorithms
suchasLee’s [22] without modifying other systemcompo-
nents.

Demandmonitorsmeasurehe resourcedemandof eachop-
erationbasedon kernelstatisticsfrom /proc. For example,
CPU demandis the CPU time usedby an operation,scaled
by the processoclock speed Thisinformationis writtento a
diskfile by thelogget

3.4 History-baseddemandpredictors

A key componenbf ourarchitecturas thedemandoredictor:
afunctionthatmapsan operations fidelitiesandnontunable
parametergo its resourcedemand,in units independenbf
runtimesystemstatesuchasload or clock speed.For exam-
ple, CPUdemands measuredh cyclesconsumedgeropera-
tion.

We constructdemandpredictorsempirically from applica-
tion historylogs[28], ratherthanrelying exclusively on static
analysis.First, theapplicationprogrammeinr domainexpert
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The graphshavs the CPU demandof renderingfor four different
scenest differentresolutions(fidelities). For eachscene the cam-
erapositionwasfixed arbitrarily All experimentswererun on the
hardwaredescribedn Section4.1.

Figure6: CPU demandof rendering(fixed camerayarying
resolution)

identifiesfidelity metricsandotherruntimeparameteraffect-

ing resourcalemand.Froma staticanalysisthey mightalso

give a functionalform relatingtheseparameterso resource
demand: for example, “CPU demandis quadraticin input

datasize”.

Theremainingstepsareautomatedrequiringlittle or nouser
intervention: we run the computationat different parame-
ter values,and Odyssg automaticallylogs eachoperation$
resourcedemand. We usestatisticalmachinelearningtech-
niguesto fit theloggeddatato the functionalform, generat-
ing a predictve mappingfunction. At runtime,we continue
to refinethis functionusingonlinelearningtechniques.

Although demandpredictorsareapplication-specificywe be-
lieve our methodologywill allow their constructionby third

partieswithout extensive domainexpertise.Additionally, de-
mand predictorsare separatecode modules,and do not re-

quire modificationof the applicationsourcecode. We illus-

trateour methodthroughonedetailedexample,anddescribe
two techniquesthat proved extremely useful in improving

predictoraccurag. Sectiond.3evaluategredictionaccurag

for our chosenexampleaswell asfor otherapplicationsand
resources.

3.4.1 Example: CPU demandpredictor for rendering

Renderings CPU-boundandgoodinteractive responsale-
pendson accuratgredictionandregulationof CPUdemand.
For our renderingalgorithm,resolutionis thefidelity metric:
thuswe needto know the mappingfrom resolutionto CPU
demand.CPU demanddependsoth on theresolutionr and

the original polygoncount p; from examiningthe algorithm,
we expectedn factthatit would beafunctionof pr, theren-
deredpolygoncount.

To mapresolutionto CPUdemandyve startedby loggingthe

CPUdemanatdifferentresolutiondor four differentscenes,
and plotting CPU demandagainstrenderedpolygon count

(Figure 6). We seethat CPU demandis linear in rendered
polygoncount:

Co Cipr

for a fixed sceneand cameraposition (note that different
scenehavedifferentvaluesof cg andc;). However, thescene
andthe camergpositionare parametershatcanvary at run-

time,andmustbetracked. In thefollowing sectionsye shov

how we trackthis variationusingdata-specifigredictionand
onlinelearning.

Dcpu

3.4.2 Data-specificprediction

Sometimesesourcalemandlepend®n data-specifieffects
otherthanthedatasize,which arenot easilyexpresse@snu-
meric parametersFor example,the CPU demandof render

ing depend®n the contentsof the scenebeingrendered.In

suchcasesgdata-specifigpredictioncanbe extremelyuseful:
maintainingseparateredictorcoeficientsfor eachdataob-
jects. Sometimesthesecan be computedoffline and stored
with the data: for example, JPEG[36] compressiorratios
dependon imagecontent,andthese“compressibilitycoefi-

cients”couldbe precomputec@ndstoredat theweb sener.

In other cases,the data-specificcoeficients must be com-

putedonline, after observingthe resourcedemandof a few

operationsn a new dataobject. This canstill beusefulif we

performmary operationson the sameobject: for example,
with renderingthe userwill usuallynavigatea singlescene
for awhile.

3.4.3 Online learning

Sometimeswe may have portionsof applicationstatewhich

affect resourcedemandbut are not easily usedas part of a
predictvemodel. For example the CPUdemandbf rendering
dependsot only ontheresolutionandthe scenebut alsoon

thecamergoosition.Figure7 showns thatthe CPU demandf

renderingvariesconsiderablywith cameragpositionasa user
navigatesa scenegvenwhenfidelity is fixed.

Thus,camergpositionandorientationarenontunableparam-
etersaffecting CPU demand. Unfortunately their effect on
CPUdemands very comple, dependingn local properties
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The graph shavs the CPU demandof renderingthe Notre Dame
sceneover time, ataresolutionof 1. Eachpoint correspondso one
camergpositionin amotiontraceof a usernavigatingthe scene All
experimentswvererun onthe hardwaredescribedn Section4.1.

Figure7: CPU demandof rendering(fixed resolution,maov-
ing camera)

of thescenemappingthemdirectlyto CPUdemandequires
large and expensie lookup tables. Instead,we usea much
simplertechniquebasecdon the obsenationthat

e At eachcamergposition,the linear relationshipDcpy
Co cz1pr holds,but cg andc; varywith camergposition.

¢ In typical use,cameraposition changesncrementally:
theuserfollows a continuougpaththroughthe scene.

e CPUdemandaslocality: asmallchangen camergo-
sition resultsin asmallchangéo cg andc;.

We usean online-learningmethodthat usesthe linear map-
ping Depu Co  c1pr, but continuouslyupdatesthe values
of ¢p and c; to reflectthe behaiour correspondingo the
currentcameraposition. We userecursve least-squarese-
gressionwith exponentialdecay[39], a modificationof the
well-known linearregressiommethod18]. This givesgreater
weight to more recentdataby decayingthe weight of data
exponentiallyovertime. Our predictorusesa decayfactorof

0.5,which makesit very agile, effectively rememberingnly

the last4 datapoints. It is alsocheap:a 2-dimensionalin-

earfit requiresonly tensof bytesof state andtensof floating
pointinstructionsperupdate.

The online-learningpredictoris alsodata-specific.For each
new sceneit initializes a predictorwith genericcoeficients
computedfrom a variety of scenesand camerapositions.
Subsequentendersof that sceneresult in updatesof the
scene-specifipredictor specializingt bothfor thesceneand
thecamergpositionwithin thesceneln Sectiond.3we show
thatthesetwo simpletechniquesmprove predictionaccurag
significantly for rendering;we believe that they have more
generalpplicabilityaswell.
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3.5 Utility functions

Utility functionsrepresenauserstradeof policy betweerfi-
delity and performance.Given someestimatedidelity and
performancethe utility function returnsa numberin 0 1

representinghe resulting user happiness;0 representghe
leastpossibleusersatishctionand 1 the most. By default,
we uselinearfunctionsfor utility asafunctionof fidelity, and
sigmoidsfor utility asa function of lateng. The productof
thesefunctionsgivesus a multidimensionalutility function
whoserangeis still 0 1. In Odyssg, utility functionsare
computedby binary codemodulesithe usercanoverridethe
defaultutility functionwith anarbitrarily generalbneby pro-
viding their own module.

A sigmoidis a smoothedversionof a stepfunction. Instead
of having utility fall off a cliff whenlateng exceedsts target
value, we can now specify a tolerancezonewherelateng

degradedinearly. Figure8 shaws a sigmoidwith a target of

1sandatoleranceof 10%. Thereis little gainin utility from

decreasindatengy below 0.9s: this is the sweetspotof the

curve. Above 0.9s, utility decreasesteadily and latencies
above 1.1sareunacceptabléo theuser

4 Evaluation

This sectionvalidatesthe predictve resourcemanagement
approactby answeringhreesetsof questions:

e Is history-basedlemandpredictionaccurateAre data-
specificpredictionandonlinelearninguseful?

e How doespredictiveresourcananagementnprove per
formance? Can multiple concurrentapplicationsadapt
successfullyithoutinterferingwith eachother?

e Whatarethe programmingcostsandruntime overhead
of usingthesystem?



Beforewe describethe experimentsthat answertheseques-
tions, we first describeour experimentalsetup(Section4.1)
and evaluationmetrics(Section4.2). Sections4.3—4.5then
addres®achof theabove setsof questionsgn turn.

4.1 Experimental platform and benchmarks

Our platformfor all experimentsreportedin this paperis an
IBM ThinkPad 560 with a 233MHz Mobile PentiumMMX
processar96MB of RAM, no 3-D graphicshardware, and
running a standard_inux 2.4.2kernel. We usedthis rather
thana wearablecomputerfor easeof developmentandtest-
ing; its processingpower is comparablavith recentwearable
and handheldplatformssuchasthe IBM Linux watch[29]
andthe CompadPAQ 3650.

Ourmotivatingexample— augmentedeality— is notama-

ture technology and fully fledgedAR applicationsare not

freely available. Instead we useasbenchmarkswo applica-
tions— GLVvU andRadiator— which provide onecomponent
of AR: 3-D rendering. Togethey theseapplicationsapproxi-

matethe augmentedeality scenaricof Section2.3: anarchi-

tectusingAR for on-sitedesign.

GLVU [35] is a “virtual walkthrough”programthat allows a
userto explore a virtual 3-D scene:its functionis to render
the scenefrom any viewpoint choserby the user In our ex-

periments,we simulatea moving userby replayinga trace
of ausernavigatinga 3-D sceneusingGLVU’s graphicaluser
interface. We assumea continuallymoving user anddo not
insertary think timesbetweerrenderrequests.

Radiator{38] computedighting effectsfor 3-D renderingus-
ing radiosity algorithms[8]. In an AR scenario,it would
be re-runwhenever the usermodified the scendighting, for
example by addinga window to a building. We simulate
this userbehaiour by running sporadicradiosity computa-
tions during the virtual walkthrough,with randominterven-
ing think times.

BothGLvu andRadiatorsupporimultiresolutionscaling[17],

whichallows eachrenderor radiositycomputatiorto bedone
at ary resolution— ary fraction of the original polygon
count. Theoverheadf changingtheresolutionis negligible.
Resolutionis thusthe singlefidelity metric for both compu-
tations.

In areal AR application,the userwould be ableto interac-
tively edit the scene,and the lighting effects computedby
Radiatorwould be fed back into cLvu for rendering. In
our version,GLVU and Radiatorlack interactve editing fa-
cilities anddo not communicatewith eachother However,
thebenchmarksrerepresentatie of AR from aresourceand

performanceoint of view.

4.2 Evaluation metrics

Demandpredictoraccuracy is measuredy runningan ap-

plication benchmarkon an unloadedsystem,and measuring
therelative error for eachoperation:the differencebetween
the predictedand obsened resourcedemanddivided by the

latter We userelative ratherthan absolutepredictionerror

sinceit is applicableacrossawide rangeof values.Giventhe

relative errorfor a numberof operationswe reportthe 90th

percentile error Egg. An Egp of 5% meansthat 90% of the

time, the predictorwaswithin 5% of the correctvalue.

Our metric of interactive applicationperformances opera-
tion lateng. Specifically we measureOdyssg’s ability to

keeplateng within userspecifiedboundswith low variabil-
ity and without unnecessarilysacrificing fidelity. In other
words,we measurehe ability of the adaptie mechanism—

Odyssg — to implementonekind of policy: keepingateng

steady Ouradaptve policiesareimplementedy asigmoidal
utility function centredon the desiredlatengy bound (Sec-
tion 3.5), with atoleranceof 10%. Utility alsoincreasedin-

earlywith fidelity. The neteffectis thatutility is maximized
at90%of thelateng bound:thisis thetarget lateng.

We conduct5 trials of eachexperimentalrun. For eachsuch
setof 5 trials, we reportthe meanoperationlateng, andalso
the coeficient of variation: the standarddeviation of lateng
dividedby themean.In somecaseswe alsoshow atimeline
of oneof thetrials, to illustratethe performanceandfidelity
overtime.

Ideally, we wantmeanlateng to be on target. Higherlaten-
ciesindicatebadinteractive responsewhile lower latencies
indicateanunnecessargacrificeof fidelity. We alsowantthe
coeficientof variationto besmall: variability in performance
leadsto a baduserexperiencd24]. High variationalsoindi-
catesthat the systemis often off-target: in otherwords, not
implementingthe adaptie policy well.

4.3 Demandpredictor accuracy

In this sectionwe shawv thathistory-basedlemandpredictors
provide accuratepredictionsacrossa rangeof applications
andresourcestor brevity, we describéan detailonly the CPU
demandpredictorfor GLvVU, andsummarizeresultsfor other
predictors.

For cLvU, we measuredhe accurag of the data-specific,
online-learningpredictor and also the contribution of data-
specificityandonlinelearningto thisaccurag. We compared
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Figure9: CPUdemandpredictionerrorfor rendering

e a generic predictor which fits a single pair of coefi-
cientscg, ¢; to all 4 scenes,

e adata-specifigredictor which specializesy andc; to
eachscene,

e the online-learning predictor which maintainsscene-
specific coeficients, and also updatesthem after each
operationto trackruntimevariationin CPUdemand.

Theaccurag of CPUdemandredictiondependsiotonly on
the variationin cameraposition, but alsoon the variationin
fidelity from onerenderingoperationto the next. In anadap-
tive system,variationin fidelity is driven by variationin re-
sourcesupplyat runtime. To estimatedemandpredictionac-
curag independentf runtimeconditions we evaluatedooth
the worst caseof randomlyvarying fidelity andthe bestcase
of fixedfidelity.

Figure9 shaws the predictionerror of thesethreepredictors
for bothrandomandfixedresolution(1.0), measurean user
tracesonfour differentscenesEachtracehas100camergo-
sitions,yielding 400datapointsin all. We seethatbothdata-
specificityandonlinelearningdecreas@redictionerror. The
bestpredictor online-learninghasaworst-caserrorof 24%,
whichis smallcomparedo the orderof-magnitudevariation
in CPUdemandBetterlearningtechniqguesouldimproveits
accurag further.

We alsomeasuredlemandpredictoraccurag for otherappli-
cations— Radiator speechrecognition,and web browsing
— andotherresources— memory network, andbatteryen-
ergy (Figurel0). In eachcaseweareableto predictto within
asmallfractiona quantitywith alargedynamicrange shaw-
ing thatmulti-fidelity computationcanmake a big difference
to resourcalemandandthatwe canpredictresourcalemand
to within asmallerror. Notethatall theotherpredictorshave
betteraccurayg thanthe CPU predictorfor GLvU: ourchosen

examplecasestudyrepresentsur worstobsenedcase.

4.4 Performancebenefits

4.4.1 Singleapplication with background load

Giventhatdemandpredictionis accuratewhatis the impact
on performanceof predictive resourcemanagementdo an-
swer this question,we measuredhe performanceof GLvU
adaptingdynamicallyto changesn resourcesupply GLVU
plays a traceof a usernavigating the “Notre Dame” scene,
while Odyssg attemptdo boundoperatiorlateng/ to 1 s. Si-
multaneouslya competingprocessalternatesetweenspin-
ning andsleepingevery 10s. We chosethis squarevaveform
over morerealisticload patterngo explorethe effect of load
frequeng andamplitude.

We ranthis experimentin threeconfigurations:

e Fully adaptive both supplyanddemandpredictionare
enabledso GLvU adaptso changesothin application
demandandin backgroundoad.

e Demand-only we enable CPU demand prediction,
which allows GLVvU to regulateits CPU demandto the
targetvalue.However, supplypredictionis disabled:the
backgroundoadis assumedo beO.

e Static GLvU's fidelity is fixedat 1: thereis no adapta-
tion atall.

Figure11 shows onerun for eachconfigurationjn our base-
line case:atraceof “Notre Dame”with a 1 s lateng/ bound,
a 0.1Hz backgroundoad frequeng, and a peakload of 1.
We seethatthe “fully adaptve” configurationkeepslateng
on target. “Demand-only”is on targetonly whenunloaded,
and“static” almostnever. Notethatthe differentexperiments
have differentrun times, the effect of reducingmeanlateny
on afixed-work benchmark.

Figure 12 shavs meanlateng andvariationover 5 trials for
eachconfiguration.We seethatdemandredictionalonesub-
stantiallyimprovesinteractive performancdy bringingmean
lateng closeto thetargetvalueandreducingvariability; sup-
ply predictionimprovesperformancdurther.

To validate our resultsacrossa range of experimentalpa-
rameterswe testedthe “fully adaptie” configurationwith
different3-D scenesjateny bounds,andload patterns. In
eachcasewe variedoneparameterkeepingthe othersfixed,
andcomparedheperformancegainsthebaselinecase:Fig-
ure 13 shawvstheresultsof theseexperiments.

Meanlateng wasinsensitve to experimentaparametersx-



Application | Tunable Resource Observedrange Data Online Ego
parameters of resourcademand | specific? | learning?

GLVU Resolution | CPU 23-1018 Mcycles | Yes Yes 24%

Radiator Resolution, | Memory 14-60 MB No No 3%
algorithm CPU 220-46219 Mcycles| Yes No 11%

Webbrowser | JPEGlevel Enegy 1.5-25 Joules | Yes No 9%

Speech Client-serer | Network 4-219 KB No No 0.3%

recognizer | split,vocab | clientCPU 0-2774 Mcycles| No No 10%
size senerCPU 0-2128 Mcycles| No No 16%

Thetableshaws the 90th percentileerror Egg (right-mostcolumn)of history-basedlemandpredictorsfor differentapplicationsandresources.
In eachcase we alsoshav the obsered min-maxrangeof resourcedemandmeasuredn millions of cyclesof CPU, megabytesof memory
Joulesof enepy, or kilobytesof network transmission/reception.

Figure10: Demandpredictoraccuray for variousapplicationsandresources
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Figurell: Adaptationin GLVU

ceptwhenwereducedhelateng boundto 0.25s: in thiscase
meanlateng exceedgargetby 20%. Herewe hit thelimit of

fidelity degradation:on our testplatform, renderingcantake

upto 0.46s of CPUtime evenatthelowestfidelity.

Variability in latengy wasthe samefor all scenesbut varied
with other parametersVariability waslowestfor a 0.5s la-
teng/ bound. At lower latencies Linux’s 200ms scheduler
guantumcausesvariability. At higherlatencies]oad transi-
tionsaremorefrequentwith respecto operatiorrate,causing
moreoperationgo deviate from target.

Variability washighestwhenload frequengy matchedopera-
tion rate (1Hz). At lower frequenciesfewer operationsare
hit by load transitions.At higherfrequenciesload variation

getssmoothedutoverthecourseof anoperation.Variability
alsoincreasesharplywith increasingoad amplitude(peak-
to-troughdifference): operationshit by load transitionsare
moreaffectedby largertransitions.

We obsene thatit is mostimportantto predictresourcesup-
ply atthetimescaleof adaptation higherandlower frequen-
ciesimpactlateng less.If thistime scaleis comparablé¢o the
schedulergranularity then predictionaccurag will be low
andperformancevariability will behigh.
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Figure13: GLVU adaptationsensitvity analysis

4.4.2 Concurrentapplications

Whenwe runtwo adaptve applicationsoncurrentlyarethey
both ableto adapteffectively, or do they interferewith each
other’s performance?o answerthis questionwe mimicked
an AR scenaridby runningGLvU andRadiatorconcurrently
asLinux processeat default priority.

GLVU replaysa traceof a usernavigating the virtual “Notre

Dame” scene. Meanwhile,Radiatorruns sporadicradiosity
computation®nacopy of thesamescenen thebackground,
to simulateoccasionake-computatiorof lighting effectsby

the user BetweenoperationsRadiatorsleepsfor a random
“think time” from 0-10s. The systems goal is to maintain
thelateny boundsof bothapplicationsdespiteresourcevari-

ation. We usea 1s lateng boundfor GLvuU, asbefore. Ra-

diatoris muchmoreresource-intense,andrunsin the back-
ground: for it, we usea 10s bound. For both applications,
we usea sigmoidutility functionwith a 10%tolerance(Sec-
tion 3.5): thus, the sweetspotor target lateng is 0.9s for

GLVU and9sfor Radiator

We ranthis experimentin 5 configurations:

e Adaptive-both both applications adapt fidelity to
achieve thetagetlateng.

o Static-optimal fidelity is static,but tunedfor thisbench-
mark. We setit to themeanfidelity achiezedin theadap-
tive case(0.17for GLvU, 0.019for Radiator).

e Static-user fidelity is static,at 0.5 for gLvu and0.05
for Radiator:reasonabl@aluesthata usermight select
withoutworkload-specifiduning.

e AdaptiveeLvU: GLVU adaptsRadiatoruseshe “static-
user”fidelity.

e Adaptive-Radiatar Radiator adapts, GLVU usesthe
“static-userfidelity.

Thelasttwo configurationgepresenteal-world casesvhere
one applicationis modified with multi-fidelity support,but
the otheris unmodifiedand mustrely on the userto setthe
fidelity.

Figure 14 shavs onetrial eachfor the first threeconfigura-
tions. In the “adaptive-both”case,GLvU maintainsits target
latengy despitesupply and demandvariation. With “static-
optimal”, meanlateng is on target but variability is high;
with “static-user”, meanlateng is off targetandvariability is
evenhighet

For Radiator “adaptve-both” and “static-optimal” get la-
teng on target, while “static-user”is off target. Variability
is low in all casesRadiators CPUdemands invariantwith
time andcamergposition. CPU supplydoesnot vary either:
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Figure14: Adaptationin concurrengpplications

at 10s time scalesthe competingload imposedby GLvU is
constant.“Static-optimal” hasslightly lower variability than
“adaptive”, which executesa few operationsat the wrong fi-
delity beforecorvergingonthecorrectvalue.

Figure 15 showvs the meannormalizedlateny (lateng di-

videdby thelateng bound)andcoeficientof variationover5

trials of all 5 configurationsWe seethatadaptatiorkeepda-

teng/ ontargetwithout any workload-specifiduning,andre-

ducesvariation. Workload-specifiduning (“static-optimal”)
canget meanlatengy on target, but cannotpreventdynamic
variationdueto changesn resourcesupplyor demand Adap-
tation also insulateseach applications performancefrom

the others: the “Adaptive-GLvU” and “Adaptive-Radiator”
graphsshow thatthe benefitgainedfrom adaptatioris inde-
pendenibf the otherapplications behaior. In otherwords,
our approactcanbe usefulevenwithout a coordinateceffort

to modify all runningapplicationsThisis avaluableproperty
for real-world deployment.

4.5 Costsand overheads

4.5.1 Porting costs

Thecostof portinglegagy applicationgo anew APl is anim-

portantmeasuref systemdeployability. Figure16 shavsthe
amountof sourcecodemodificationrequiredfor four appli-

cationsto usethe multi-fidelity API. Threeof thesealready
hadthe potentialfor fidelity adaptationfor example,Radia-
tor comeswith supportfor multiresolutionmodels.cLv U had
to beaugmentedvith multiresolutionsupportandweinclude
thecostof this step.

Multi-fidelity supportrequires500-1000new or modified
lines of code,including the ACF and hint module: a mod-
estinvestmenbf programmekeffort. Many of theselinesare
in glue codebetweenapplicationconstructsandthe generic
multi-fidelity APIl. We areinvestigatingthe useof stubgen-
eratorgto automaticallygeneratehis glue code.
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Application Original size Modifications

KLOC" Files | KLOCT Files
GLVU 27.0 144 0.9 7*
Radiator 51.1 222 0.6 5
Web proxy 3.9 9 0.9 6
Speechrecognizer| 126.4 209 1.1 10

T1KLOC = 1000linesof code .
* Includesmultiresolutionsupport(0.4 KLOC, 2 files)

Figure16: Costof portinglegag/ code

Component Overhead
App-Odyssg communication 0.36ms
Logger(bufferedat userlevel) 0.15ms
Logger(unhuffered) 0.20ms
CPU supply/demandnonitor 1.38ms
Memory supply/demandnonitor 6.72ms
Solver 10.56ms
Total 19.37ms

Figurel7: Peroperatiorruntimeoverhead

4.5.2 Runtime overheads

Figure17 shows the overheadbf eachruntimecomponentn
additionallateng/ per operationfor a syntheticbhenchmark.
The total overheads around20ms: only 2% for a 1 s oper
ation, but an unacceptabl@0% for a 100ms lateng/ bound.
We are looking at reducingthe overheadsby usinga more
efficient and scalablesolver; with betterinterfacesfor load
andresourcestatistics(/proc contributesmostof the lateng
to our resourcepredictors);andby replacingthe middlewvare
senerwith alibrary implementation.

5 Relatedwork

This work is most closely relatedto previous work on fi-
delity adaptation[7, 9, 16, 15, 30]. We have generalized
theseprevious notionsof fidelity, which only measuredlata
degradation,to include arbitrary runtime parameterof an
application. Our systemand API also move the burdenof
adaptationout of the application: where other systemsex-
pectapplicationsto specifytheir resourcerequirementsye
predictresourcesupply demandandperformancebasedon
obsenationsof history. Although resourcedemandpredic-
tion is still application-specificit hasbeencleanlyseparated
from therestof the systemandour history-basednethodol-
ogyandmeasurement/loggingfrastructuremakeit aneasier
taskthanbefore.

We also diverge from traditional modelsof adaptationby
using a predictive ratherthan a feedback-drren approach.
Ratherthan adjustingfidelity in small stepsin responseo
a changen performanceQdyssg canmalke large yet accu-
rate adaptationsn a single step. This is madepossibleby
Odyssg’s ability to predictsupply demandandperformance
acrossheentirerangeof fidelities.

Relatedput complementaryo applicationadaptations work
onQoS-basedesenations[26, 22] andremoteexecution[13,
4]: Section2.1discussedhesein moredetail.



Also relatedis previous work on resouce prediction Sup-
ply prediction— predictingloadfrom pastmeasurements-
is presentin mary systems.Usually it is presentimplicitly
in a feedbackloop: measurementsf load or performance
areusedascontrol signalsto adjustsystemparameter$34].
A few systemsuse explicit prediction of load: for exam-
ple, Dinda’s RunningTime Advisor [10]. Explicit prediction
of resouce demand however, is comparatiely rare. Most
systemsassumehat resourcedemandis constantspecified
by the application,derived from a static probability distribu-
tion[23, 19, or obtainedfrom compile-timeanalysiq33].

We know of two systemghatexplicitly predictresourcede-

mand as a function of runtime parameters:however, nei-

ther usesthe predictionsfor applicationadaptation. Auto-

mated profiling for QoS [1] estimatesthe CPU utilization

of a multimediastreamasa linear function of taskrateand

tasksize,for admissioncontrol purposesPUNCH[21] uses
machinelearningto predict CPU demandas a function of

application-specificuntime parametersfor load-balancing
in agrid framework. To the bestof our knowledge,Odyssg

is the first systemto use history-basedredictionto model

resourcalemandasa functionof fidelity in adaptve applica-
tions.

6 Conclusion

We have shown in this paperthat multi-fidelity computation
supportedby predictve resourcemanagementan improve

performancdan mobile interactive applications. Our perfor

manceevaluationshovs that

We reducemeanlateng by 60%andvariability by 30%
for GLvVU subjectedo atime-varyingload.
History-basediemandpredictionis accurateandeffec-
tive, with predictionerrorsaslow as0.3%for somere-
sourcesandnever higherthan24%in our casestudies.
The cost of using Odyssg is modest,involving 500—
1000additionallines of codeperapplicationand20ms
of runtimeoverheadperinteractive operation.

Throughouthe paperwe have indicatedareador incremen-
tal improvement; herewe mentiona few mediumto long-
termgoalsfor futureresearchWe would lik e to testOdysseg
with afull-fledgedAR applicationon wearablehardware,in-
cludinglocationtrackingandmachinevision aswell asren-
dering,and100mslateng boundsratherthan1 s. We would
like to further automatethe constructionof demandpredic-
tors: for example, by building platform-independen€PU
predictorghatcanbeusedacrosgprocessoarchitecturesWe
wouldlik e to combinedemandpredictionwith QoS-basedil-
location suchthat the systemcan simultaneouslyoptimize

allocation across,and adaptationwithin, applications[31].
Finally, we would like to explore mixed-initiative[20] ap-
proacheshatcombinedirectusermodificationof utility func-
tionswith automatednferenceby thesystemaboutuserpref-
erences.
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