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Abstract

Achieving crisp interactive responsein resource-intensive applica-
tions suchas augmentedreality, languagetranslation,and speech
recognitionis a major challengeon resource-poorwearablehard-
ware. In this paperwe describea solution basedon multi-fidelity
computationsupportedby predictive resource management. We
show thatsuchanapproachcansubstantiallyreduceboth themean
andthevarianceof responsetime. Onabenchmarkrepresentativeof
augmentedreality, wedemonstratea60%reductionin meanlatency
anda 30% reductionin the coefficient of variation. We alsoshow
that a history-basedapproachto demandprediction is the key to
this performanceimprovement:by applyingsimplemachinelearn-
ing techniquesto logsof measuredresourcedemand,we areableto
accuratelymodelresourcedemandasa functionof fidelity.

1 Intr oduction

Resource-intensive applicationssuchasspeechrecognition,
languagetranslation,andaugmentedreality posea dilemma
for wearablecomputing. Suchapplicationsarevaluablebe-
causethey supporthands-freeinteraction. However, their
peakresourcedemandscanoverwhelmtheprocessingspeed,
memory, and batterycapacityof wearablehardwarewhose
weight,sizeandform factorarelimited by usercomfort.The
result is sluggishinteractive responsethat canseriouslydis-
tract a mobile userengagedin a physicallyandcognitively
demandingtask suchas bridge inspection,aircraft mainte-
nanceor military action.

Technologyimprovementsthrough Moore’s Law will not
solve this problem. Rather, it is likely to persistbecause
marketforcesin wearablecomputingdemandcontinuousim-
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provementsin usercomfortratherthanjust improvementsin
computepower. This tensionleadsto thequestionaddressed
by thispaper:Howcanweachievecrisp interactiveresponse
for resource-intensiveapplicationson wearablecomputers?

In this paper, we show how multi-fidelity computationcan
help to boundinteractive latency by dynamicallytradingre-
sourcedemandfor outputquality, or fidelity. We describethe
design,implementationandevaluationof a systemthatsup-
portsmulti-fidelity computation. The systemautomatically
makesruntimefidelity decisionson theapplications’behalf,
thusfreeingprogrammersfrom this burden. To make sound
fidelity decisions,it exploits history-basedpredictionof ap-
plicationresourceusage.

Our implementationis basedon Odyssey [15, 30], which
originally supportedthe conceptof fidelity for storeddata.
Thiswork extendsthatconceptto thebroadernotionof com-
putationalfidelity anddemonstratesits applicabilityto a new
classof applications.In the restof this paper, the term “fi-
delity” will mean“computationalfidelity” and “Odyssey”
will referto themulti-fidelity supportaddedby usto thebase
system.

We have experimentallyvalidatedour approachusing four
applications.Becauseof spacelimitations,we only describe
oneapplicationcasestudyin detail here,andsummarizethe
resultsof the other three. Full detailsof the latter can be
found in Narayanan’s dissertation[27]. Our key resultscan
besummarizedasfollows:

� Predictiveresourcemanagementcanboundresponsela-
tency andreduceits variability.� History-basedpredictionof resourcedemandis feasible,
accurate,andnecessaryfor this improvement.� Legacy applicationscan be portedat modestcost to a
multi-fidelity programmingmodel.

Section2 describesour high-level designprinciplesandra-
tionale. Section3 describesour prototypeAPI for multi-
fidelity computation,andthe implementationof the runtime
supportlayer. It alsoexplainsourmethodologyfor construct-
ing application-specificresourcedemandpredictors,andde-



scribesoneexamplein detail. Section4 presentsa compre-
hensiveevaluationof thesystem:wemeasuretheaccuracy of
history-basedprediction,theperformancebenefitsof predic-
tive resourcemanagement,and the programmingcostsand
runtime overheads. Section5 describesrelatedwork, and
Section6 concludeswith somedirectionsfor futureresearch.

2 Designrationale

2.1 Alter natives

Therearethreefundamentallydifferentapproachesto coping
with situationswhereapplicationresourcedemandexceeds
supply. One approachis to prevent suchsituationsby us-
ing QoS-basedresourcereservations[22, 26]. For example,
anapplicationmaybeableto reserve a minimumfractionof
a CPU andthusguardagainstinsufficient supplyof this re-
sourcedueto competitionfrom concurrentapplications.As
anotherexample, it may be possibleto reserve bandwidth
in a carefully controllednetworking environment. Unfortu-
nately, enforcementof QoS-basedreservationsrequiresop-
eratingsystemsupportthat is rarely presentin standardOS
distributions.More importantly, this approachfails whenthe
peakresourcedemandof asingleapplicationexceedstheca-
pabilitiesof thehardwareit is runningon.

The second approachis to acquire additional resources
through remoteexecution. Even a resource-impoverished
wearablecomputersuchas the IBM Linux wristwatch [29]
can usecomputeservers to run resource-intensive applica-
tions. In previouswork, we describedSpectra[14], a remote
executionsubsystemlayeredon themulti-fidelity framework
describedhere. We are further exploring remoteexecution
in currentwork [4]. However, therearemany situationsin
which a mobile userhasno accessto computeserversand
must thereforerely solely on the resourcesof his wearable
computer. A differentapproachmustbeusedto handlethose
situations.

The third approachis to reduceresourcedemandthrough
multi-fidelity computation. As its name implies, multi-
fidelity computationassumesthatanapplicationis capableof
presentingresultsat differentfidelities. Userspreferresults
of higherfidelity, but cantolerateresultsof lower fidelity. A
high-fidelityresultrequiresgreaterresourcesto computethan
a low-fidelity result. When resourcesare plentiful, the ap-
plication generateshigh-fidelity results;whenresourcesare
scarce,it generateslow-fidelity results.By dynamicallyvary-
ing fidelity, timely resultscanbegeneratedoverawiderange
of resourcelevels.We elaborateon this in thenext section.

2.2 Multi-fidelity computation

The classicnotion of an algorithmhasa fixed outputspeci-
fication but variableresourcedemand. In contrast,it is the
outputspecificationthat is variablein a multi-fidelity com-
putation[32]. By settingruntimeparameterscalledfidelity
metrics, we canobtaindifferentoutputsfor the sameinput.
Onecansay, in effect, “Give me the bestresultyou canus-
ing no morethanX units of resourceR.” R is typically re-
sponselatency in an interactive application,but it can also
refer to memory, energy, bandwidthor any other resource.
Thusmulti-fidelity computationsarea generalizationof any-
dimensionalgorithms[25]. Thelattercanbeviewedasmulti-
fidelity computationswhichincrementallyrefinetheiroutput,
allowing themto beinterruptedatany point to yield a result.

Multi-fidelity computationallows us to choosethe bestrun-
time tradeoff betweenoutput quality and performance. In
an interactive application,eachinteractive operationcanbe
viewed asa multi-fidelity computation.At the beginningof
eachoperation,its fidelity metricscanbesetto yield thede-
siredresponselatency at thecurrentresourceavailability.

2.3 Moti vating example

Throughoutthispaperwewill useaugmentedreality (AR)[3]
asthedriving exampleto illustratevariousaspectsof oursys-
tem. Although AR is a relatively young technology, it has
alreadyprovedusefulin a numberof domainssuchastourist
guides[12], power plantmaintenance[11], architecturalde-
sign[37], andcomputer-supportedcollaboration[5].

In AR, a userlooks througha transparentheads-updisplay
connectedto a wearablecomputer. Any displayedimageap-
pearsto besuperimposedon thereal-world scenebeforethe
user. AR thuscreatesthe illusion that the real world is vi-
sually mergedwith a virtual world. This requiresa precise
correspondencebetweenthe two worlds. As a user’s orien-
tationandlocationchange,thedisplayedimagemustrapidly
and accuratelytrack thosechanges. Sluggishtracking can
bedistractingto theuserand,in extremecases,canresultin
symptomssimilar to sea-sickness.

3-D rendering, a computationallyintensive operation,lies at
the heartof AR. Evena brief turn of theheadby a usercan
result in a complex scenehaving to be re-renderedmultiple
times. For example,an architectmight useAR for on-site
design.This would allow her to visualizethe impactof pro-
poseddesignchangessuchasnew windowsor colorschemes.
Beforeconverging on a final design,shemay iteratively try
out many alternatives, viewing them from different angles
andunderdifferenthypotheticallighting conditionssuchas
moonlightor sunset.
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Figure1: Effectof fidelity on 3-D rendering

3-D renderingfor AR embodiesmany of the characteristics
that motivate the work describedin this paper. First, it is
extremelyresourceintensive, particularlyof CPUandmem-
ory. Second,to befully effective it mustrun ona lightweight
wearablecomputer. Third, crisp interactive responseis crit-
ical. Fourth, thereis a fidelity metric, the resolutionof the
displayedimage,thatdirectly impactsresourceconsumption.

Figure 1 illustratesthe last point. The high-fidelity figure
on the left containsten timesasmany polygonsasthe low-
fidelity figureontheright. SinceCPUdemandincreaseswith
the numberof polygons,the low-fidelity figure canbe ren-
deredmuchfaster. In many situations,thelow-fidelity figure
maybeacceptable;theusercanalwaysexplicitly askfor re-
renderingat higherfidelity.

2.4 Predictive resourcemanagement

Before executing an interactive operation, an application
mustdetermineits fidelity settings.Odyssey servesasanor-
aclein makingthisdecision.Its recommendationis basedon
a searchof thespaceof fidelity settings.This searchrequires
Odyssey to predict resourcesupplyduring the operation,as
well asresourcedemandandoperationlatency for different
settings.It alsorequiresOdyssey tocorrectlyreflecttheuser’s
currentpreferencesin thetradeoff betweenoutputqualityand
operationlatency.
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Figure2: Mappingfidelity to utility



As Figure2 shows, the completepredictionprocesscanbe
decomposedinto fivepredictivemappings.Threeof themap-
pingsrelateto predictingoperationlatency: (1) from system
loadstatisticsto resourcesupply;(2) from fidelity to resource
demand;and,(3) from resourcesupplyanddemandto oper-
ation latency. The othertwo mappingstranslatefidelity and
latency predictionsintopredictionsof usersatisfactionorutil-
ity: (4) from fidelity to outputquality; and,(5) from latency
andoutputquality to utility.

Odyssey performsmapping1 using supply predictors that
monitorkernelloadstatisticsthroughstandardinterfaces,and
make inferencesbasedon gray-boxknowledge[2] of kernel
resourcemanagementpolicies.It useshistory-baseddemand
predictorsto performmapping2, andperformancepredictors
basedonaresourcemodelfor mapping3. Thesecomponents
aredescribedin Sections3.3and3.4.

Mapping4 specifiestheoutputquality we canexpectat each
setting of eachfidelity “knob”. In general,this mapping
would be determinedthroughstudiesof userperception.In
this work, we make the simplifying assumptionthat fidelity
andoutputquality aresynonymous;in otherwords,that the
mappingis trivial. For example,we usethe “JPEG level”
parameterof a JPEGcompressionalgorithmasa measureof
theoutputimagequality; thework by ChandraandEllis [6]
confirmsthatthis is acceptable.Mapping(5) is autility func-
tion thatcapturescurrentuserpreferences.In adeployedsys-
tem,utility functionswould begeneratedautomaticallyfrom
a GUI or by inferring userintent. In our experimentalpro-
totype,we usethehand-craftedutility functionsdescribedin
Section3.5.

3 Interface and implementation

3.1 Programming interface

Themulti-fidelity programmingmodelis basedon thenotion
of anoperation. An operationis thesmallestuser-visibleunit
of execution,from userrequestto systemresponse.Eachop-
erationcorrespondsto onemulti-fidelity computation,with
fidelity metricssettableat operationstart. Examplesinclude
renderingan augmentedreality scene;recognizinga speech
utteranceand displaying the recognizedtext; fetching and
displayingawebimage.

Figure3 showsthebasicmulti-fidelity API. register f idelity
is calledat applicationstartup.Odyssey thenreadsanAppli-
cationConfigurationFile (ACF), which specifiesthe multi-
fidelity operationtype, its fidelity metrics, and their value
ranges(Figure4).
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C functionprototypesfor theAPI describedin Section3.1.

Figure3: TheOdyssey multi-fidelity API
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Thefirst five linesspecifya descriptive tagfor theoperation;a path-
namefor writing log data;a target latency for theoperation;a non-
tunableparameter;anda fidelity metric.Thelastfour linesspecifya
binaryhint moduleandnameits entrypoints.

Figure4: ApplicationConfigurationFile for rendering



TheACFalsospecifiesnontunableparameters: runtimevari-
ablessuchasinput datasizethataffect resourcedemand,but
arenot adaptable.For example,theresourcedemandof ren-
dering dependsnot only on the resolution,but also on the
polygoncountof theoriginal, full-resolutionscene.

Finally, the ACF specifiesan application-specifichint mod-
ule. This binarymodulecontainstheapplication-specificre-
sourcedemandpredictorsandthe userutility function. For
efficientruntimeinvocationof thedemandpredictorsandutil-
ity function,thehint moduleis loadedinto Odyssey’saddress
space. We are looking at ways to retain the efficiency, but
improveon thesafety, of this approach.

Before each operation, the application invokes
begin f idelity op, and passesin the nontunableparam-
eters. Odyssey computesand returns the optimal fidelity
value(s) for the operation. After eachoperation, the ap-
plication calls end f idelity op. Odyssey then logs the
operation’s measuredresourcedemand:theselogs areused
for history-basedresourcedemandprediction(Section3.4).

3.2 Systemarchitecture

Odyssey is implementedas a user-level processon a stan-
dardLinux 2.4 kernel. Its primary functionality — making
fidelity decisions— is triggeredbybegin f idelity op andim-
plementedin thefollowing steps,numberedasin Figure5:

1. Theapplicationpassesin thenontunableparameters.
2. Supply predictors estimatethe application’s resource

supplyfor thenearfuture(mapping1 of Figure2).
3. An iterativesolversearchesthefidelity spacefor thebest

candidate.
4. Demandpredictors map fidelity to resourcedemand

(mapping2).
5. A performancepredictorestimateslatency givensupply

anddemandpredictions(mapping3).
6. A utility function evaluates the proposed fidelity-

performancetradeoff (mapping5).
7. After several iterationsof steps3–6, the solver returns

thefidelity with thehighestutility.

Thesystem’s secondfunction— monitoringandlogging—
is triggeredby end f idelity op:

8. Demandmonitors measurethe resourcesconsumedby
thejust-concludedoperation.

9. A logger recordstheresourcedemand,fidelity, andnon-
tunableparametervaluesto a diskfile.

10. Thesevaluesarealsopassedto the demandpredictors,
to updatetheir predictivemodels.

Section3.3 describesthe genericsystemcomponents:the
supply predictors,performancepredictors,solver, demand
monitors, and logger. Demandpredictorsare application-
specific:Section3.4 describesour history-basedmethodfor
constructingthem. Section3.5 thendescribesour approach
to constructingutility functions.

3.3 Genericsystemcomponents

3.3.1 Supply predictors

Our prototypehassupplypredictorsfor CPU,memory, net-
work, energy and file cache. Eachof thesemonitors ker-
nel statistics,andmakespredictionsof resourceavailability
for eachapplicationat the beginningof eachoperation.For
brevity, we only describetheCPUsupplypredictorhere.

The CPU supplypredictorpredicts,at the startof eachop-
eration, the CPU supply available to it in cycles/sec. It is
basedonsomesimplifying assumptions:thattheoperationis
single-threaded;thatall CPU-boundprocessesreceive equal
shares;that I/O-boundprocessesoffer negligible CPU load;
andthatpastloadpredictsfutureloadatall timescales.These
assumptionsgive us a simplepredictor: a processp’s CPU
supplyover thenext T secondsis

Scpu ` P
N a 1

whereP is theprocessorclock speed,andN is thepredicted
backgroundloadover thenext T seconds:thatis, theaverage
numberof runnableprocessesotherthan p. We periodically
sampletheinstantaneousloadaverageni from /proc/loadavg,
andsubtractout p’s contribution,ni b pc . Thelatteris 1 if p is
runnable,and0 if not. We thensmooththesamples:

Ni d 1 ` αNi a b 1 e α c b ni e ni b pc
c
We set

α ` e f tp
T

wheretp is the load samplingperiod,0.5s in our prototype.
This makes the decaytime equal to the predictionhorizon
T. In otherwords,we usemorehistory for predictionsover
longerperiods.

TheclockspeedP is readfrom /proc/cpuinfo atstartup.Cur-
rentlyOdyssey runsonastockLinux kernelwithoutdynamic
clock scaling support. When such support is available, it
shouldbepossibleto updateP dynamicallyfrom /procwhen-
ever theclockspeedchanges.



Solver

Utility function

Demand
monitors
CPU, network,

memory, energy
remote CPU/memory

predictors

network, energy
CPU, memory,

remote CPU/memory

Supply

Demand predictors
(CPU, network, remote CPU,)

energy, ....

App

end_fidelity_op

begin_fidelity_op

(1)

Hint module

performance
predictors

latency

Logger

(2)

(3)

(5)(6)

(7)

(8)

(9)
(4)

(10)

Shadedboxesrepresentapplication-specificcomponents;componentsto theright of thedottedline arepartof Odyssey. Thearrows show the
dataflow betweencomponents;dashedarrowscorrespondto interactionsthatoccurmany timesfor asingleinvocationof theAPI. Thenumbers
correspondto thestepsin Section3.2.

Figure5: Systemsupportfor themulti-fidelity API

3.3.2 Performancepredictors

Our current prototypehas predictorsfor two performance
metrics: operationlatency andbatterydrain [15]. Herewe
focuson operationlatency, thekey metric for interactive ap-
plications.

Our latency predictorcomputeslatency asa function of re-
sourcesupplyanddemand.It is basedon a simpleresource
modelthatassumessequentialuseof resources(no overlap-
pingof processingandnetwork I/O). It computeslatency as:

L ` Dlocal cpu

Slocal cpu
a Dxmit

Sxmit
a Drecv

Srecv
a Drtt

Srtt
a Dremote cpu

Sremote cpu

Here Slocal cpu is the predictedCPU supply in cycles/sec
availableto the application. Dlocal cpu is the predictedCPU
demandin cyclesrequiredby theoperation.Theotherterms
representthetime takenfor a remoteexecution(s):transmit-
ting datato a server, receiving resultsfrom it, roundtrip time
of oneor moreRPCs,andserver-sidecomputation.Network
bandwidthandroundtrip time estimatesareprovidedby the
baseOdyssey infrastructure [30]. The predictoralsocom-
putesthe effectsof VM pagingandremotefile access[27];
for brevity, wedo not discussthese.

The default genericlatency predictorcan be overriddenat
runtime by an application-specificpredictor: for example,
onethatallows for overlappingcomputationandI/O.

3.3.3 Solver, demandmonitors, and logger

Thesolversearchesthespaceof fidelitiesandfindsthevalues
thatmaximizeutility. It usesa gradient-descentstrategy for
numericparameters,andexhaustive searchfor non-numeric
parameterssuchas enumeratedlists. It works well for ap-
plicationswith a small numberof fidelity metricsandwell-
behavedutility functionswithout multiple local maxima;we
could easily substitutemore robust andscalablealgorithms
suchasLee’s [22] without modifying othersystemcompo-
nents.

Demandmonitorsmeasurethe resourcedemandof eachop-
erationbasedon kernelstatisticsfrom /proc. For example,
CPU demandis the CPU time usedby an operation,scaled
by theprocessorclockspeed.This informationis written to a
diskfile by thelogger.

3.4 History-baseddemandpredictors

A key componentof ourarchitectureis thedemandpredictor:
a functionthatmapsanoperation’s fidelitiesandnontunable
parametersto its resourcedemand,in units independentof
runtimesystemstatesuchasloador clock speed.For exam-
ple,CPUdemandis measuredin cyclesconsumedperopera-
tion.

We constructdemandpredictorsempirically from applica-
tion historylogs[28], ratherthanrelyingexclusively onstatic
analysis.First, theapplicationprogrammeror domainexpert
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Figure6: CPU demandof rendering(fixed camera,varying
resolution)

identifiesfidelity metricsandotherruntimeparametersaffect-
ing resourcedemand.Froma staticanalysis,they might also
give a functionalform relatingtheseparametersto resource
demand: for example, “CPU demandis quadraticin input
datasize”.

Theremainingstepsareautomated,requiringlittle or nouser
intervention: we run the computationat different parame-
ter values,andOdyssey automaticallylogs eachoperation’s
resourcedemand.We usestatisticalmachinelearningtech-
niquesto fit the loggeddatato the functionalform, generat-
ing a predictive mappingfunction. At runtime,we continue
to refinethis functionusingonlinelearningtechniques.

Althoughdemandpredictorsareapplication-specific,we be-
lieve our methodologywill allow their constructionby third
partieswithout extensivedomainexpertise.Additionally, de-
mandpredictorsare separatecodemodules,anddo not re-
quiremodificationof the applicationsourcecode. We illus-
trateour methodthroughonedetailedexample,anddescribe
two techniquesthat proved extremely useful in improving
predictoraccuracy. Section4.3evaluatespredictionaccuracy
for our chosenexampleaswell asfor otherapplicationsand
resources.

3.4.1 Example: CPU demandpredictor for rendering

Renderingis CPU-bound,andgoodinteractive responsede-
pendson accuratepredictionandregulationof CPUdemand.
For our renderingalgorithm,resolutionis thefidelity metric:
thuswe needto know the mappingfrom resolutionto CPU
demand.CPUdemanddependsbothon theresolutionr and

theoriginal polygoncountp; from examiningthealgorithm,
we expectedin factthatit would bea functionof pr, theren-
deredpolygoncount.

To mapresolutionto CPUdemand,westartedby loggingthe
CPUdemandatdifferentresolutionsfor four differentscenes,
and plotting CPU demandagainstrenderedpolygon count
(Figure6). We seethat CPU demandis linear in rendered
polygoncount:

Dcpu ` c0 a c1pr

for a fixed sceneand cameraposition (note that different
sceneshavedifferentvaluesof c0 andc1). However, thescene
andthecamerapositionareparametersthatcanvary at run-
time,andmustbetracked.In thefollowingsections,weshow
how wetrackthisvariationusingdata-specificpredictionand
onlinelearning.

3.4.2 Data-specificprediction

Sometimesresourcedemanddependsondata-specificeffects
otherthanthedatasize,whicharenoteasilyexpressedasnu-
mericparameters.For example,theCPUdemandof render-
ing dependson thecontentsof thescenebeingrendered.In
suchcases,data-specificpredictioncanbeextremelyuseful:
maintainingseparatepredictorcoefficientsfor eachdataob-
jects. Sometimes,thesecanbe computedoffline andstored
with the data: for example,JPEG[36] compressionratios
dependon imagecontent,andthese“compressibilitycoeffi-
cients”couldbeprecomputedandstoredat thewebserver.

In other cases,the data-specificcoefficients must be com-
putedonline, after observingthe resourcedemandof a few
operationsonanew dataobject.Thiscanstill beusefulif we
performmany operationson the sameobject: for example,
with rendering,the userwill usuallynavigatea singlescene
for awhile.

3.4.3 Online learning

Sometimes,we mayhave portionsof applicationstatewhich
affect resourcedemandbut are not easily usedas part of a
predictivemodel.Forexample,theCPUdemandof rendering
dependsnot only on theresolutionandthescene,but alsoon
thecameraposition.Figure7 shows thattheCPUdemandof
renderingvariesconsiderablywith camerapositionasa user
navigatesa scene,evenwhenfidelity is fixed.

Thus,camerapositionandorientationarenontunableparam-
etersaffecting CPU demand. Unfortunately, their effect on
CPUdemandis very complex, dependingon local properties
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of thescene:mappingthemdirectly to CPUdemandrequires
large andexpensive lookup tables. Instead,we usea much
simplertechniquebasedon theobservationthat

� At eachcameraposition,the linear relationshipDcpu `
c0 a c1pr holds,but c0 andc1 varywith cameraposition.� In typical use,camerapositionchangesincrementally:
theuserfollowsa continuouspaththroughthescene.� CPUdemandhaslocality: asmallchangein camerapo-
sition resultsin a smallchangeto c0 andc1.

We usean online-learningmethodthatusesthe linear map-
ping Dcpu ` c0 a c1pr, but continuouslyupdatesthe values
of c0 and c1 to reflect the behaviour correspondingto the
currentcameraposition. We userecursive least-squaresre-
gressionwith exponentialdecay[39], a modificationof the
well-known linearregressionmethod[18]. Thisgivesgreater
weight to more recentdataby decayingthe weight of data
exponentiallyover time. Our predictorusesa decayfactorof
0.5,which makesit very agile,effectively rememberingonly
the last 4 datapoints. It is alsocheap:a 2-dimensionallin-
earfit requiresonly tensof bytesof state,andtensof floating
point instructionsperupdate.

The online-learningpredictoris alsodata-specific.For each
new scene,it initializes a predictorwith genericcoefficients
computedfrom a variety of scenesand camerapositions.
Subsequentrendersof that sceneresult in updatesof the
scene-specificpredictor, specializingit bothfor thesceneand
thecamerapositionwithin thescene.In Section4.3weshow
thatthesetwo simpletechniquesimprovepredictionaccuracy
significantly for rendering;we believe that they have more
generalapplicabilityaswell.
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Figure8: Sigmoidutility function

3.5 Utility functions

Utility functionsrepresentauser’stradeoff policy betweenfi-
delity andperformance.Given someestimatedfidelity and
performance,the utility function returnsa numberin h 0 i 1j
representingthe resulting user happiness;0 representsthe
leastpossibleusersatisfaction and1 the most. By default,
weuselinearfunctionsfor utility asafunctionof fidelity, and
sigmoidsfor utility asa function of latency. The productof
thesefunctionsgivesus a multidimensionalutility function
whoserangeis still h 0 i 1j . In Odyssey, utility functionsare
computedby binarycodemodules;theusercanoverridethe
defaultutility functionwith anarbitrarilygeneraloneby pro-
viding their own module.

A sigmoidis a smoothedversionof a stepfunction. Instead
of having utility fall off aclif f whenlatency exceedsits target
value, we can now specify a tolerancezonewherelatency
degradeslinearly. Figure8 shows a sigmoidwith a targetof
1s anda toleranceof 10%. Thereis little gainin utility from
decreasinglatency below 0.9s: this is the sweetspotof the
curve. Above 0.9s, utility decreasessteadily, and latencies
above1.1sareunacceptableto theuser.

4 Evaluation

This sectionvalidatesthe predictive resourcemanagement
approachby answeringthreesetsof questions:

� Is history-baseddemandpredictionaccurate?Are data-
specificpredictionandonlinelearninguseful?� How doespredictiveresourcemanagementimproveper-
formance?Canmultiple concurrentapplicationsadapt
successfullywithout interferingwith eachother?� Whatarethe programmingcostsandruntimeoverhead
of usingthesystem?



Beforewe describethe experimentsthat answertheseques-
tions, we first describeour experimentalsetup(Section4.1)
andevaluationmetrics(Section4.2). Sections4.3–4.5then
addresseachof theabovesetsof questionsin turn.

4.1 Experimental platform and benchmarks

Our platformfor all experimentsreportedin this paperis an
IBM ThinkPad560with a 233MHz Mobile PentiumMMX
processor, 96MB of RAM, no 3-D graphicshardware,and
runninga standardLinux 2.4.2kernel. We usedthis rather
thana wearablecomputerfor easeof developmentandtest-
ing; its processingpower is comparablewith recentwearable
andhandheldplatformssuchas the IBM Linux watch [29]
andtheCompaqiPAQ 3650.

Ourmotivatingexample— augmentedreality— is notama-
ture technology, and fully fledgedAR applicationsare not
freely available.Instead,we useasbenchmarkstwo applica-
tions— GLVU andRadiator— whichprovideonecomponent
of AR: 3-D rendering.Together, theseapplicationsapproxi-
matetheaugmentedreality scenarioof Section2.3: anarchi-
tectusingAR for on-sitedesign.

GLVU [35] is a “virtual walkthrough”programthatallows a
userto explore a virtual 3-D scene:its function is to render
thescenefrom any viewpoint chosenby theuser. In our ex-
periments,we simulatea moving userby replayinga trace
of ausernavigatinga3-D sceneusingGLVU’s graphicaluser
interface.We assumea continuallymoving user, anddo not
insertany think timesbetweenrenderrequests.

Radiator[38] computeslighting effectsfor 3-D renderingus-
ing radiosity algorithms[8]. In an AR scenario,it would
be re-runwhenever the usermodifiedthescenelighting, for
exampleby addinga window to a building. We simulate
this userbehaviour by running sporadicradiositycomputa-
tions during the virtual walkthrough,with randominterven-
ing think times.

BothGLVU andRadiatorsupportmultiresolutionscaling[17],
whichallowseachrenderor radiositycomputationto bedone
at any resolution— any fraction of the original polygon
count.Theoverheadof changingtheresolutionis negligible.
Resolutionis thusthe singlefidelity metric for bothcompu-
tations.

In a real AR application,the userwould be ableto interac-
tively edit the scene,and the lighting effects computedby
Radiatorwould be fed back into GLVU for rendering. In
our version,GLVU andRadiatorlack interactive editing fa-
cilities anddo not communicatewith eachother. However,
thebenchmarksarerepresentativeof AR from aresourceand

performancepoint of view.

4.2 Evaluation metrics

Demandpredictoraccuracy is measuredby runningan ap-
plicationbenchmarkon an unloadedsystem,andmeasuring
the relative error for eachoperation:the differencebetween
thepredictedandobservedresourcedemand,dividedby the
latter. We userelative ratherthanabsolutepredictionerror
sinceit is applicableacrossawiderangeof values.Giventhe
relative error for a numberof operations,we reportthe90th
percentileerror E90. An E90 of 5% meansthat 90% of the
time, thepredictorwaswithin 5%of thecorrectvalue.

Our metric of interactive applicationperformanceis opera-
tion latency. Specifically, we measureOdyssey’s ability to
keeplatency within user-specifiedbounds,with low variabil-
ity and without unnecessarilysacrificingfidelity. In other
words,we measuretheability of theadaptive mechanism—
Odyssey — to implementonekind of policy: keepinglatency
steady. Ouradaptivepoliciesareimplementedby asigmoidal
utility function centredon the desiredlatency bound(Sec-
tion 3.5),with a toleranceof 10%. Utility alsoincreaseslin-
earlywith fidelity. Theneteffect is thatutility is maximized
at 90%of thelatency bound:this is thetarget latency.

We conduct5 trials of eachexperimentalrun. For eachsuch
setof 5 trials,we reportthemeanoperationlatency, andalso
thecoefficient of variation: thestandarddeviation of latency
dividedby themean.In somecases,we alsoshow a timeline
of oneof the trials, to illustratetheperformanceandfidelity
over time.

Ideally, we wantmeanlatency to beon target. Higher laten-
ciesindicatebadinteractive response,while lower latencies
indicateanunnecessarysacrificeof fidelity. Wealsowantthe
coefficientof variationto besmall: variability in performance
leadsto a baduserexperience[24]. High variationalsoindi-
catesthat the systemis often off-target: in otherwords,not
implementingtheadaptivepolicy well.

4.3 Demandpredictor accuracy

In thissection,weshow thathistory-baseddemandpredictors
provide accuratepredictionsacrossa rangeof applications
andresources.For brevity, wedescribein detailonly theCPU
demandpredictorfor GLVU, andsummarizeresultsfor other
predictors.

For GLVU, we measuredthe accuracy of the data-specific,
online-learningpredictor, andalso the contribution of data-
specificityandonlinelearningto thisaccuracy. Wecompared
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We show 90thpercentileerror (in %) of threedifferentschemesfor
predictingthe CPU demandof rendering. The CPU demanditself
variesbetween0.1sand5s (23–1018million cycles).

Figure9: CPUdemandpredictionerrorfor rendering

� a generic predictor, which fits a single pair of coeffi-
cientsc0, c1 to all 4 scenes,� a data-specificpredictor, which specializesc0 andc1 to
eachscene,� the online-learningpredictor, which maintainsscene-
specificcoefficients, and also updatesthem after each
operationto trackruntimevariationin CPUdemand.

Theaccuracy of CPUdemandpredictiondependsnotonly on
the variationin cameraposition,but alsoon the variationin
fidelity from onerenderingoperationto thenext. In anadap-
tive system,variationin fidelity is drivenby variationin re-
sourcesupplyat runtime.To estimatedemandpredictionac-
curacy independentof runtimeconditions,weevaluatedboth
theworstcaseof randomlyvaryingfidelity andthebestcase
of fixedfidelity.

Figure9 shows the predictionerror of thesethreepredictors
for bothrandomandfixedresolution(1.0),measuredon user
tracesonfour differentscenes.Eachtracehas100camerapo-
sitions,yielding400datapointsin all. We seethatbothdata-
specificityandonlinelearningdecreasepredictionerror. The
bestpredictor, online-learning,hasaworst-caseerrorof 24%,
which is smallcomparedto theorder-of-magnitudevariation
in CPUdemand.Betterlearningtechniquescouldimproveits
accuracy further.

Wealsomeasureddemandpredictoraccuracy for otherappli-
cations— Radiator, speechrecognition,andweb browsing
— andotherresources— memory, network, andbatteryen-
ergy (Figure10). In eachcase,weareableto predictto within
asmallfractionaquantitywith a largedynamicrange,show-
ing thatmulti-fidelity computationcanmakea big difference
to resourcedemand,andthatwecanpredictresourcedemand
to within asmallerror. Notethatall theotherpredictorshave
betteraccuracy thantheCPUpredictorfor GLVU: ourchosen

examplecasestudyrepresentsour worstobservedcase.

4.4 Performancebenefits

4.4.1 Singleapplication with background load

Giventhatdemandpredictionis accurate,what is theimpact
on performanceof predictive resourcemanagement?To an-
swer this question,we measuredthe performanceof GLVU

adaptingdynamicallyto changesin resourcesupply. GLVU

playsa traceof a usernavigating the “Notre Dame” scene,
while Odyssey attemptsto boundoperationlatency to 1s. Si-
multaneously, a competingprocessalternatesbetweenspin-
ningandsleepingevery10s. Wechosethissquarewaveform
over morerealisticloadpatternsto exploretheeffect of load
frequency andamplitude.

We ranthis experimentin threeconfigurations:

� Fully adaptive: bothsupplyanddemandpredictionare
enabled,so GLVU adaptsto changesboth in application
demandandin backgroundload.� Demand-only: we enable CPU demand prediction,
which allows GLVU to regulateits CPU demandto the
targetvalue.However, supplypredictionis disabled:the
backgroundloadis assumedto be0.� Static: GLVU’s fidelity is fixedat 1: thereis no adapta-
tion at all.

Figure11 shows onerun for eachconfiguration,in our base-
line case:a traceof “Notre Dame”with a 1s latency bound,
a 0.1Hz backgroundload frequency, anda peakload of 1.
We seethat the “fully adaptive” configurationkeepslatency
on target. “Demand-only” is on target only whenunloaded,
and“static” almostnever. Notethatthedifferentexperiments
have differentrun times,theeffect of reducingmeanlatency
on afixed-work benchmark.

Figure12 shows meanlatency andvariationover 5 trials for
eachconfiguration.Weseethatdemandpredictionalonesub-
stantiallyimprovesinteractiveperformanceby bringingmean
latency closeto thetargetvalueandreducingvariability; sup-
ply predictionimprovesperformancefurther.

To validateour resultsacrossa rangeof experimentalpa-
rameters,we testedthe “fully adaptive” configurationwith
different3-D scenes,latency bounds,and load patterns. In
eachcase,we variedoneparameter, keepingtheothersfixed,
andcomparedtheperformanceagainstthebaselinecase:Fig-
ure13 shows theresultsof theseexperiments.

Meanlatency wasinsensitiveto experimentalparameters,ex-



Application Tunable Resource Observed range Data Online E90

parameters of resourcedemand 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 Energy 1.5–25 Joules Yes No 9%
Speech Client-server Network 4–219 KB No No 0.3%
recognizer split, vocab. clientCPU 0–2774 Mcycles No No 10%

size serverCPU 0–2128 Mcycles No No 16%

Thetableshows the90thpercentileerrorE90 (right-mostcolumn)of history-baseddemandpredictorsfor differentapplicationsandresources.
In eachcase,we alsoshow theobservedmin-maxrangeof resourcedemand,measuredin millions of cyclesof CPU,megabytesof memory,
Joulesof energy, or kilobytesof network transmission/reception.

Figure10: Demandpredictoraccuracy for variousapplicationsandresources
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Fidelity andlatency of GLVU over time whensubjectedto a time-varyingbackgroundload, in threedifferentadaptationconfigurations.Note
thedifferenttime scaleson thex axes:thesamebenchmarktakesdifferentamountsof time in differentconfigurations.

Figure11: Adaptationin GLVU

ceptwhenwereducedthelatency boundto 0.25s: in thiscase
meanlatency exceedstargetby 20%.Herewehit thelimit of
fidelity degradation:on our testplatform,renderingcantake
up to 0.46sof CPUtime evenat thelowestfidelity.

Variability in latency wasthesamefor all scenes,but varied
with otherparameters.Variability waslowestfor a 0.5s la-
tency bound. At lower latencies,Linux’s 200ms scheduler
quantumcausesvariability. At higher latencies,load transi-
tionsaremorefrequentwith respectto operationrate,causing
moreoperationsto deviatefrom target.

Variability washighestwhenloadfrequency matchedopera-
tion rate(1Hz). At lower frequencies,fewer operationsare
hit by loadtransitions.At higherfrequencies,loadvariation

getssmoothedoutoverthecourseof anoperation.Variability
alsoincreasessharplywith increasingloadamplitude(peak-
to-troughdifference):operationshit by load transitionsare
moreaffectedby largertransitions.

We observe that it is mostimportantto predictresourcesup-
ply at thetimescaleof adaptation: higherandlower frequen-
ciesimpactlatency less.If thistimescaleis comparableto the
schedulergranularity, then predictionaccuracy will be low
andperformancevariability will behigh.
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Figure12: Adaptiveperformancein GLVU
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Thegraphshowsthecoefficientof variationfor latency undervarious
experimentalconditions.Eachsetof barsvariesoneparameter:the
shadedbarsrepresentthebaselinecase.

Figure13: GLVU adaptation:sensitivity analysis

4.4.2 Concurrent applications

Whenweruntwo adaptiveapplicationsconcurrently, arethey
bothableto adapteffectively, or do they interferewith each
other’s performance?To answerthis question,we mimicked
anAR scenarioby runningGLVU andRadiatorconcurrently
asLinux processesat defaultpriority.

GLVU replaysa traceof a usernavigating the virtual “Notre
Dame” scene.Meanwhile,Radiatorrunssporadicradiosity
computationsonacopy of thesamescenein thebackground,
to simulateoccasionalre-computationof lighting effectsby
the user. Betweenoperations,Radiatorsleepsfor a random
“think time” from 0–10s. The system’s goal is to maintain
thelatency boundsof bothapplicationsdespiteresourcevari-
ation. We usea 1s latency boundfor GLVU, asbefore. Ra-
diatoris muchmoreresource-intensive,andrunsin theback-
ground: for it, we usea 10s bound. For both applications,
we usea sigmoidutility functionwith a 10%tolerance(Sec-
tion 3.5): thus, the sweetspot or target latency is 0.9s for
GLVU and9s for Radiator.

We ranthis experimentin 5 configurations:

� Adaptive-both: both applications adapt fidelity to
achievethetargetlatency.� Static-optimal: fidelity is static,but tunedfor thisbench-
mark.Wesetit to themeanfidelity achievedin theadap-
tivecase(0.17for GLVU, 0.019for Radiator).� Static-user: fidelity is static,at 0.5 for GLVU and0.05
for Radiator:reasonablevaluesthata usermight select
without workload-specifictuning.� Adaptive-GLVU: GLVU adapts,Radiatorusesthe“static-
user”fidelity.� Adaptive-Radiator: Radiator adapts, GLVU uses the
“static-user”fidelity.

Thelast two configurationsrepresentreal-world caseswhere
one applicationis modified with multi-fidelity support,but
the other is unmodifiedandmustrely on the userto set the
fidelity.

Figure14 shows onetrial eachfor the first threeconfigura-
tions. In the“adaptive-both”case,GLVU maintainsits target
latency despitesupplyanddemandvariation. With “static-
optimal”, meanlatency is on target but variability is high;
with “static-user”,meanlatency is off targetandvariability is
evenhigher.

For Radiator, “adaptive-both” and “static-optimal” get la-
tency on target, while “static-user”is off target. Variability
is low in all cases:Radiator’s CPUdemandis invariantwith
time andcameraposition. CPUsupplydoesnot vary either:
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We show the performanceof concurrentapplications(GLVU andRadiator)over time, in threeconfigurations.Eachgraphshows a time line
of GLVU’s fidelity ( fGLVU ), GLVU’s latency in seconds(LGLVU ), Radiator’s fidelity ( fRad), andRadiator’s latency in seconds(LRad). Note the
different time scalefor the “static-user”graph. For lack of space,we omit the timelinesfor the “adaptive-GLVU” and“adaptive-Radiator”
timelines: the adaptive andnon-adaptive performancein thesecasesis very similar to that shown for the “adaptive-both” and“static-user”
cases.

Figure14: Adaptationin concurrentapplications

at 10s time scales,the competingload imposedby GLVU is
constant.“Static-optimal”hasslightly lower variability than
“adaptive”, which executesa few operationsat thewrongfi-
delity beforeconvergingon thecorrectvalue.

Figure 15 shows the meannormalizedlatency (latency di-
videdby thelatency bound)andcoefficientof variationover5
trialsof all 5 configurations.We seethatadaptationkeepsla-
tency on targetwithoutany workload-specifictuning,andre-
ducesvariation. Workload-specifictuning (“static-optimal”)
canget meanlatency on target, but cannotpreventdynamic
variationdueto changesin resourcesupplyordemand.Adap-
tation also insulateseach application’s performancefrom
the other’s: the “Adaptive-GLVU” and “Adaptive-Radiator”
graphsshow that thebenefitgainedfrom adaptationis inde-
pendentof the otherapplication’s behavior. In otherwords,
our approachcanbeusefulevenwithout a coordinatedeffort
to modify all runningapplications.Thisis avaluableproperty
for real-world deployment.

4.5 Costsand overheads

4.5.1 Porting costs

Thecostof portinglegacy applicationsto anew API is anim-
portantmeasureof systemdeployability. Figure16showsthe
amountof sourcecodemodificationrequiredfor four appli-
cationsto usethe multi-fidelity API. Threeof thesealready
hadthepotentialfor fidelity adaptation:for example,Radia-
tor comeswith supportfor multiresolutionmodels.GLVU had
to beaugmentedwith multiresolutionsupport,andweinclude
thecostof thisstep.

Multi-fidelity support requires500–1000new or modified
lines of code,including the ACF andhint module: a mod-
estinvestmentof programmereffort. Many of theselinesare
in glue codebetweenapplicationconstructsandthe generic
multi-fidelity API. We areinvestigatingthe useof stubgen-
eratorsto automaticallygeneratethisgluecode.
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Figure15: Adaptiveperformancefor concurrentapplications

Application Original size Modifications
KLOC† Files KLOC† Files

GLVU 27.0 144 0.9‡ 7‡

Radiator 51.1 222 0.6 5
Webproxy 3.9 9 0.9 6
Speechrecognizer 126.4 209 1.1 10

† 1 KLOC = 1000linesof code
‡ Includesmultiresolutionsupport(0.4KLOC, 2 files)

Figure16: Costof portinglegacy code

Component Overhead
App-Odyssey communication 0.36ms
Logger(bufferedat userlevel) 0.15ms
Logger(unbuffered) 0.20ms
CPUsupply/demandmonitor 1.38ms
Memorysupply/demandmonitor 6.72ms
Solver 10.56ms
Total 19.37ms

Figure17: Per-operationruntimeoverhead

4.5.2 Runtime overheads

Figure17 shows theoverheadof eachruntimecomponentin
additionallatency per operationfor a syntheticbenchmark.
The total overheadis around20ms: only 2% for a 1s oper-
ation,but an unacceptable20% for a 100ms latency bound.
We are looking at reducingthe overheadsby usinga more
efficient andscalablesolver; with betterinterfacesfor load
andresourcestatistics(/proc contributesmostof the latency
to our resourcepredictors);andby replacingthemiddleware
serverwith a library implementation.

5 Relatedwork

This work is most closely relatedto previous work on fi-
delity adaptation[7, 9, 16, 15, 30]. We have generalized
thesepreviousnotionsof fidelity, which only measureddata
degradation,to include arbitrary runtime parametersof an
application. Our systemand API also move the burdenof
adaptationout of the application: whereother systemsex-
pectapplicationsto specify their resourcerequirements,we
predictresourcesupply, demand,andperformancebasedon
observationsof history. Although resourcedemandpredic-
tion is still application-specific,it hasbeencleanlyseparated
from therestof thesystem,andour history-basedmethodol-
ogyandmeasurement/logginginfrastructuremakeit aneasier
taskthanbefore.

We also diverge from traditional modelsof adaptationby
using a predictive rather than a feedback-driven approach.
Ratherthan adjustingfidelity in small stepsin responseto
a changein performance,Odyssey canmake largeyet accu-
rate adaptationsin a single step. This is madepossibleby
Odyssey’sability to predictsupply, demandandperformance
acrosstheentirerangeof fidelities.

Related,but complementaryto applicationadaptationis work
onQoS-basedreservations[26, 22] andremoteexecution[13,
4]: Section2.1discussedthesein moredetail.



Also relatedis previous work on resource prediction. Sup-
ply prediction— predictingloadfrom pastmeasurements—
is presentin many systems.Usually it is presentimplicitly
in a feedbackloop: measurementsof load or performance
areusedascontrol signalsto adjustsystemparameters[34].
A few systemsuse explicit prediction of load: for exam-
ple,Dinda’sRunningTime Advisor [10]. Explicit prediction
of resource demand, however, is comparatively rare. Most
systemsassumethat resourcedemandis constant,specified
by theapplication,derivedfrom a staticprobabilitydistribu-
tion [23, 19], or obtainedfrom compile-timeanalysis[33].

We know of two systemsthatexplicitly predictresourcede-
mand as a function of runtime parameters:however, nei-
ther usesthe predictionsfor applicationadaptation. Auto-
matedprofiling for QoS [1] estimatesthe CPU utilization
of a multimediastreamasa linear function of taskrateand
tasksize,for admissioncontrolpurposes.PUNCH[21] uses
machinelearningto predict CPU demandas a function of
application-specificruntime parameters,for load-balancing
in a grid framework. To thebestof our knowledge,Odyssey
is the first systemto usehistory-basedpredictionto model
resourcedemandasa functionof fidelity in adaptiveapplica-
tions.

6 Conclusion

We have shown in this paperthatmulti-fidelity computation
supportedby predictive resourcemanagementcan improve
performancein mobile interactive applications.Our perfor-
manceevaluationshows that

n We reducemeanlatency by 60%andvariability by 30%
for GLVU subjectedto a time-varyingload.n History-baseddemandpredictionis accurateandeffec-
tive, with predictionerrorsaslow as0.3%for somere-
sourcesandneverhigherthan24%in our casestudies.n The cost of using Odyssey is modest,involving 500–
1000additionallinesof codeperapplicationand20ms
of runtimeoverheadperinteractiveoperation.

Throughoutthepaper, we have indicatedareasfor incremen-
tal improvement;herewe mentiona few mediumto long-
termgoalsfor futureresearch.We would like to testOdyssey
with a full-fledgedAR applicationon wearablehardware,in-
cluding locationtrackingandmachinevision aswell asren-
dering,and100mslatency boundsratherthan1s. We would
like to further automatethe constructionof demandpredic-
tors: for example, by building platform-independentCPU
predictorsthatcanbeusedacrossprocessorarchitectures.We
would liketo combinedemandpredictionwith QoS-basedal-
location such that the systemcan simultaneouslyoptimize

allocationacross,and adaptationwithin, applications[31].
Finally, we would like to explore mixed-initiative[20] ap-
proachesthatcombinedirectusermodificationof utility func-
tionswith automatedinferenceby thesystemaboutuserpref-
erences.
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