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Abstract

Prior work has shownthe value of changing applica-
tion fidelity to adaptto varyingresouce levelsin a mobile
ervironment.Choosingtheright fidelity requiresusto pre-
dict its effect on resouce consumption.In this paper we
describea history-basednedanismfor sut predictions.
Our approad geneitespredictors that are specializedo
thehardware on which theapplicationruns,andto thespe-
cific inputdataonwhich it operates.We are ableto predict
the CPU consumptionof a comple graphicsapplication
to within 20% andthe enegy consumptiorof fetching and
renderingwebimagesto within 15%.

1. Intr oduction

A key stratgy in mobilecomputingis adaptingapplica-
tion behavior to resourcevailability andusergoals.Chang-
ing applicationfidelity — the quality of resultspresentedo
the user— hasbeenshaown to be effective in adaptingap-
plication resourceconsumptionto varying resourceavail-
ability [7, 11, 12]. Fidelity is anapplication-specifiniotion
of the “goodness”of a computedresultor dataobject: for
example,the JPEGQuiality Factorof a lossily compressed
image, or the precisionbound of a floating point compu-
tation. Naturally thereis a tradeof betweenfidelity and
resourceeonsumptionalowerfidelity resultsin alowerre-
sourceconsumptionbut at the costof presentinga more
degradedresultto the user Fidelity is not alwaysa single
realnumber:therecould be multiple fidelity metrics,each
of which couldbediscreteor continuous.

The ultimate goal of fidelity adaptationis to improve a
mobile users computingexperienceby delivering results
quickly, with low batterydrain andlittle distractionof the
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user Considera graphicscomputationthat operateson a
3-D modelin a mobile augmentedeality application. The
lateng of the computationdependoth on the CPU con-
sumedby the computationandthe CPU demandsf other
applicationsThe CPUconsumptiordepend®nthefidelity
— theresolutionof themodel. If we couldpredictthe CPU
consumptiorasafunctionof fidelity, we couldcombinethis
with CPUloadinformationto predictlateng. This letsus
characteriz¢hetradeof betweerfidelity andlateng, andto
pick goodoperatingpoints: for goodinteractize response,
we might alwayspick the highestfidelity thatkeepsthe la-
teng/ belov 200ms.

In this paperwe shaov how history-basedgredictionen-
ablesthe systemto learn an applications behaior and
predict its resourceconsumption. We have augmented
Odyssg [11], anoperatingsystemplatformfor adaptation,
with a history-basedgredictionsystemthat monitors,logs,
andpredictsapplicationresource&consumptiorasafunction
of thefidelity. Our initial experiencesuggestshathistory-
basedpredictionis feasible.We canpredictto within 20%
the CPU consumptionof a 3-D graphicscomputation—
typical of thosefound at the heartof augmentedeality ap-
plications. We canalsopredictthe enegy consumptiorof
fetchinglossily compressedebimagego within 15%. Our
currentprototypehasa CPU overheadf 0.22%for a typi-
cal application;we expectthe overheado be evenlowerin
aproductionversionof thecode.

2. DesignRationale

Our approachto predictingresourceconsumptionas a
function of fidelity is an empirical one: we samplethe fi-
delity spacéby runningtheapplicationatdifferentfidelities;
then we recordthe resourceconsumptionat eachsample
point; finally we usemachinelearningalgorithmsto make
predictionsbasedn the setof samples.

One could imagine an analytic approachto the same
problem. Algorithmic compleity analysis[4] givesCPU
consumptiorasanasymptoticfunction of theinput param-
eters.In therealworld, however, constantsnatter andthese



constantsary from onehardwareplatformto another We

could attempta more detailedanalysis,basedon proces-
sor specsheets. With modernprocessorsthis is virtually

impossible:we would needto accountfor superscalarex-

ecution,branchmisprediction,TLB missesandothercom-
plicating factors. Further this will only give us CPU con-
sumption,andnot memory network bandwidth,or battery
enegy consumption.

In our systemwe usealgorithmiccompleity asa start-
ing point: to provide hintsthatguidethelearningalgorithms
that processhistory logs. This allows us to specializea
generahsymptotidunctionalform to the specifichardware
on which the applicationruns. We canalsospecializeour
predictionsto the specificinput dataon which the applica-
tion operatesinsteadof always predictinga worst-caseor
average-casecenario.

By building andevaluatingaloggingandlearninginfras-
tructure,we hopeto answeitwo questions:

¢ Istheoverheadf loggingandpredictionacceptable?

o Whatis theaccuray of prediction?

Our approachs basedon two assumptionsWe expect
the applicationprogrammeinr domainexpertto specifyall
thefidelity metricsonwhichapplicationresource&consump-
tion depends.We believe this is a reasonablessumption:
attheheartof mostresource-hungrgomputationss awell-
understoodlgorithmiccore,with asmallnumberof param-
etersthataffectits resourceconsumption.

We also expect the resource consumptionto vary
smoothlywith thefidelity. Thisis becauseve samplethefi-
delity spaceauniformly, andtry to learnthefidelity-resource
function from thesesamples. This assumeshat the func-
tion is well-behared betweenary two nearbysamples.To
relax this assumptionwe would needmore sophisticated
learningtechniqueshat increasethe density of sampling
whereverthelocal behavior of thefunctionis anomalousr
highly variable.

Our currentprototypehasthreedistinctphases:

e A logging/training phasewherewe repeatedlyunthe
applicationat variousfidelities andlog the resultsin a
historylog.

e A learning phase wherewe feed the history log to
offline learning algorithms. These algorithms use
application-specifibintsto corvertthehistoryloginto
predictors that compactlyrepresenthe mappingbe-
tweenfidelity andresourceconsumption.

e An onlinephasewherewe runtheapplicationanduse
thefidelity-resourcdunctionsthatwe have learnedto
guide adaptation.Odyssg usesthe predictorsgener
atedby the learningphaseto pick fidelities that will

bettermatchuserlateng requirementsjesiredbattery
life, andotherresourceconstraints.

Ideally, we would combineall threephasessothatthere
is no needfor a separatdogging/trainingphase:the sys-
tem learnsas the userruns the application. However, it
is difficult to explore thefidelity spacecompletelywithout
annging the user During actualuse, we cannotsimply
choosefidelities to provide us with more history — the fi-
delity valuesmustalsomatchtheuserslateng, batterylife,
andotherresourceconstraints.

Henceour current prototyperequiressomeamountof
loggingandlearningto bedoneoffline. In fact,loggingand
learningalsocontinueduring the online phase.The offline
learningprovidesthe systenmwith a goodstartingpoint,and
the online learningmaodifiesthis startingpoint to track the
dynamicbehaior of the application.In this paperwe only
focusontheoffline loggingandlearningmechanisms.

3. Designand Implementation

This sectiondescribediow we createa historylog of ap-
plicationbehaior, andhow we useit to generatgredictors
of resourceconsumption. The history log is a collection
of log entries:eachentry associates setof fidelity values
with a setof resourceconsumptiorvalues. We feedthese
log entriesto learningalgorithmsthatlearntherelationship
betweerthefidelity metricsandtheresourceconsumption.

3.1 Application-specificlogging

We have implementeda single genericmechanisntor
logging application fidelity and resource consumption.
However, eachapplicationhasits own notion of what fi-
delity is,andhow mary dimensionst has.To bridgethegap
betweenapplication-specifididelity metricsanda generic
logging mechanismwe use application-specificconfigu-
ration files or ACFs. An ACF capturesthe salientfea-
turesof an applicationwith respectto resourceconsump-
tion. Specifically the ACF lists the fidelity metricsandin-
put parametes for theapplication.An input parameteis a
featureof theinput datathataffectsthe resourceconsump-
tion — thesizeof theinputdatais frequentlya usefulinput
parameterBothfidelity metricsandinput parameteraffect
resourceonsumption— thedifferences thatwe canadjust
thefidelity, whereaswve have no control over input param-
eters. The fidelity metricsand input parametergogether
form the input to aresourceredictorfunction, whoseout-
putis the expectedresourceconsumption.

Oncewe have generatedh resourcepredictorusing of-
fline analysiswe encodehisin the ACF asaresoucehint
function During the online phase Odyssg usesthis hint
asaninitial guess,and updatesit asfreshlog entriesare
generated.



Resource Units of consumption
LocalCPU millions of instructionsexecuted
Enegy Joules

Lateng seconds

Network I/O bytestransmitted/receied
RemoteCPU millions of instructionsexecuted
Physicalmemory | bytes

Disk I/O bytesread/written

Figure 1. Resources consumed by multi-
fidelity operations

3.1.1 Multi-fidelity operations

All resourceconsumptionis measuredwith respectto a
multi-fidelity operation[12]. A multi-fidelity operation,or
just “operation” for brevity, is the unit of computationfor
whichwe candefinefidelity metrics,input parametersand
resourceconstraints.lt is anapplication-specifieiotion —
for aninteractive application|t is thecomputatiordonebe-
tweena userrequestandthe responseFor a web browset
anoperations fetchingandrenderinga singlepage.

At the beginning of each operation, the application
malkes an Odyssg systemcall (begin_fidelity_op), and
passesn thevaluesof theinput parametersOdyssg com-
putesandreturnsthe appropriatdidelity valuesto usedur-
ing the operation. This stepusesthe predictive ability of
Odyssg to mapfidelity valuego theexpectedesourceson-
sumption.

When the operation completes, the application sig-
nals this to Odyssg by making another system call
(end_fidelity_op). Odyssg thenlogs the fidelities, input
parametersand resourceconsumptionof that operation.
This datais alsousedto updatethe predictorfunctionsand
improve future predictions.

3.1.2 Data-specificlogging

Sometimesit is not possibleto captureall therelevantfea-
turesof aninput dataobject— theremaybeeffectsthatare
too complex for usto expressor evento understandHence
we require the applicationto provide a unique label for
theinput dataobject,asanargumentto begin_fidelity op.
This label could be the nameof the file containingthe in-
put data. By logging this uniquelabel along with the in-
putparametersye canmake a moreaccuratedata-specific
predictionwhenwe seethe sameobjectagain.

3.1.3 Resourcemonitors

The task of measuringesourceconsumptionis doneby a
setof resouce monitors in Odyssg. Eachmonitoris re-

sponsiblefor measuringa particularresourceandcomput-
ing theamountconsumedy eachmulti-fidelity operation.

Our currentprototype monitors CPU and enegy con-
sumption. Figure1 lists the completesetof resourceshat
we ervision supporting.To measuréCPU consumptionyve
usethe Linux /proc file system which reportsthe amount
of CPUtime consumedy eachprocessWe scalethe CPU
time by thespeedf theprocessot. Thisscalingmakesthe
measuremergomevhatindependendf thespecificCPUon
which we take the measurementshoughof coursewe can
never have asinglenumberthatexactly representthe CPU
consumptionacrossdiverseprocessors.In this paper all
measurementaere doneon a single machine,andso we
reportCPU consumptiordirectly in seconds.

To measure enegy consumption, we use Power
Scop€6]. PaverScopeallows usto samplethe power con-
sumptionof a laptop and attribute it to one of the mary
processesunning on the machine. We extendedPower-
Scopeto include a timestampwith eachsample. In post-
processing,we use thesetimestampsto correlatepower
sampleswith the operationdoggedby Odyssg. We com-
pute the total enegy consumediuring an operation,sub-
tract out the known backgroundpower consumption,and
attribute the remainingenegy consumptiorto that opera-
tion.

Our currentprototypemapseachapplicationto a single
operationat atime: we do not yet supportmultiple concur
rentoperationsy the sameapplication.We alsomapeach
applicationto a uniquesetof processeslf thereare mul-
tiple applicationsthat usea sharedservice(suchasthe X
sener),we do notyet computewhatfractionof its resource
consumptiorshouldbe attributedto eachapplication.

3.1.4 Training mode

In orderto acquiredataaboutanapplicationsbehavior over
theentirerangeof operatingparametersye run Odyssg in

aspecialraining mode Normally, Odyssg would pick the
fidelity for eachoperationto satisfylateng, batterylife, or

otherconstraintsin trainingmode,we disregardthesecon-
straints,and choosefidelities randomlyin orderto sample
the entirefidelity space.By runningthe multi-fidelity op-

erationmary times,we acquiresamplepointsall over the

fidelity spaceln orderto exploretheinput parametespace
aswell, we conductexperimentswith multiple input data
objects.

3.2 Linear-fit predictors
For ourinitial prototype we wishedto build a prediction

mechanisnthatwaseasyto understandeasyto implement,
andcomputationallycheap.Thesimplestsuchpredictoris a

1We usethe“bogomips”valueprovided by Linux in /proc/cpuinfo



linearone;givenasetof n inputsandl output,we canruna
linearregressioron all our samplego predictthe outputas
somelinear combinationof the inputs. Currently choosing
the inputsto the linear regressionis left to the application
programmer For example,if the applicationprogrammer
suspectghat the CPU consumptiorof her algorithmis of
the form ¢ + c1prlog(pr) + cop®r?, wherep andr are
fidelities or input parametersthen shewould specify the
inputspr log(pr) andp?r2.

The coeficientscy, ¢1, ... computedduring the learning
phasearemaintainedasapplication-specifistateduringthe
online phase Every time we wish to make a prediction,the
application-specifipredictorcomputeshe function repre-
sentedby thesecoeficients. Every time we geta new log
entry, Odyssg updatesthe coeficients using incremental
gradientdescenf10]. Thusthe systemimprovesits pre-
diction accurag as more operationsare performed,while
keepinghecomputationaéxpenseof eachupdaterelatively
small.

3.3 The solver

Oncewe have a predictionmechanismwe needto useit
to malke fidelity decisions.Givena predictorfor CPU con-
sumptionand a CPU consumptionconstraint,we needto
pick thevaluesof fidelity for whichwe will satisfythecon-
straintwhile maximizingthefidelity. We haveimplemented
— but notyetevaluated— asimplegradient-descersolver
which doesthis optimization. If therearemultiple fidelity
metrics,thenthe solver maximizesan application-specific
utility functionthat mapsa multi-dimensionalffidelity to a
singlenumberrepresentingisersatisfction.

Thepredictorggeneratedby offline learningareprovided
tothesolverasresoucehint functionsin theACE TheACF
also containsthe utility function and an updatefunction
The updatefunctionis calledevery time we log a new op-
eration,and canupdatethe internal stateof the hint func-
tion. In our prototypethesefunctionsareimplementedas
entry pointsinto an objectfile thatis dynamicallyloaded
into Odyss& whentheapplicationis started.

3.4. Applications

This section describesthe applicationsthat we have
modifiedsofarto usethe Odyssg API extensions.

3.4.1 Radiosity

A radiosity[3] computationcolorsandshadesa 3-D scene
accordingto the light sourcespresentn the scene.A 3-D
sceneor modelis a collectionof 3-D objects,eachrepre-
sentedasa setof polygonswhich make up the surfaceof
the object. Every time we editthe model,we needto runa

radiositycomputatiorin orderto capturethelighting effects
thatwe would seein therealworld.

Radiosityandother3-D graphicsalgorithmsarekey to
building realisticaugmentedeality ervironments.Imagine
anarchitectwho is commissionedo renosateanold build-
ing, andwishesto shaw her proposediesignto the client.
With amobilecomputeraheads-umlisplay andaugmented
reality software,a client canwalk aroundthe building, and
interactvely view and edit the proposedrenovations. To
provide arealisticexperienceof this ervironment,we need
sophisticatedandresource-hungryalgorithmssuchasra-
diosity.

Two of the most commonly usedradiosity algorithms
are hierarchical and progressiveradiosity Both of these
arecomputationallyquiteexpensve. Thecomputationate-
guiremengrowswith thenumberof polygonsn in theinput
data— asO(n log n) for hierarchicaandasO(n?) for pro-
gressve radiosity Thus,it often makes senseto simplify
the modelbeforerunningthe algorithm. This reducesthe
numberof polygonsin the modelatthe costof losingsome
detail— we geta cheapemlndquicker radiosityresultat a
lower fidelity. Thus,beforerunningradiosityon ary scene,
we needto chooseanalgorithm— eitherprogressie or hi-
erarchical— andaresolution— areal numberbetweer0
and 1, which specifieswhat fraction of the input polygons
to retain.Figure2 shovs the ACF for theradiosityapplica-
tion.

Radiator is an implementationof several commonra-
diosity algorithmswith a GUI front end. It allows us to
load a 3-D scenecontainingone or more 3-D objectsand
light sourcesselecta radiosityalgorithmanda resolution,
and run the algorithm. We have modified radiatorto call
Odyssg beforeeachradiosity computationpassingn the
numberof polygonsin the input data. Odyssg selectsand
returnsthealgorithmandresolutionto beusedfor thatcom-
putation.

3.4.2 Webbrowser

Our secondapplicationis a web browserthat degradeshe
fidelity of GIF imagesfetchedover the web by corverting
themto lossily compressedPEG[13]. Previous research
hasshowvn thatsuchdegradationis effective in reducingthe
consumptiorof network bandwidth[7, 11] andenenpy [5].
In this paperwe focus on enegy: we predictthe enegy
consumedo fetch an imageover a wirelessnetwork and
renderit.

Web imageshave onefeatureor input parameter— the
sizeof the originalimage— andonefidelity metric— the
JPEGQuality Factor[2, 13], which representshe quality
of the compressedmage. The JPEGQuality Factor can
take aninteger value from 0-100;in our experimentswe
useonly the range5-80 sincethe compressioralgorithm



description radiator:radiosity # <application>: <computation>

logfile /usr/odyssey/etc/radiator.radiosity.|og

node training # sanple fidelity space

param pol ygons O-infinity # nunmber of polygons in scene

fidelity resolution 0-1 # how nuch to scale down the scene conplexity

fidelity algorithm progressive hierarchical # choice of algorithm

constraint |cpu 27721.8 # no nore than 60 CPU seconds on a TP560X

hintfile /usr/odyssey/lib/rad_hints.so

hint I cpu rad_| cpu_hint # hint function

utility rad_utility # utility function

update rad_update # update function
The ACF for the radiositycomputation.The computatiorhasoneinput parameter— the numberof polygonsin theinput data— andtwo
fidelity metrics— the choiceof radiosityalgorithm,andtheresolution.Thenumberof polygonsandresolutionareorderedandreal-\alued.

The “algorithm” fidelity is unorderedand cantake oneof the two values“progressie” and“hierarchical”. rad_lcpu_hint, rad_utility,
andrad_update arethenamesof entry pointsinto themodule“rad_hints.so”.

Figure 2. The configuration file (ACF) for the radiosity application.

behaesunreliablyoutsidethis range.

Our web browserapplicationis madeup of anunmodi-
fied Netscapebrowserandan HTTP proxy runningon the
samemachine. The proxy interceptsall web requestsand
transformstheminto Odyssg systemcalls. Odyssg then
fetchesa degradedversion of the image from a distilling
proxy locatedon the othersideof the wirelesslink.

4. Validation

To validate our prototype,thereare two questionsthat
we needto answer:

¢ Istheoverheadf loggingandpredictionacceptable?

e Whatis theaccurag of prediction?

This sectiondescribesa setof experimentsthat answer
thesequestions.All our experimentswvererun on anIBM
ThinkPad560X with a233MHz Mobile Pentiumprocessor
and96MB of RAM, runninga Linux 2.2 kernel. The ma-
chinewasequippedwith a 2Mbps, 2.4GHz LucentWave-
LAN wirelessinterface.

4.1 Overheadof logging

In orderto measurehe overheadof logging application
behaior, we measuredhe performancef a null operation
— acall to bagin_fidelity_op followedimmediatelyby a call
to endfidelity_op.

The CPU overheadof Odyssg is 2.0ms for eachpair
of calls. Theincreasen applicationlateny is 2.2ms per
pair of calls. This overheads higherthanwe would like,
but we are confidentthatit canbe substantialllower in a
productionversionof Odyssg. Evena 2.2ms overheads

oftenacceptabléor aninteractve operatiorsuchastheweb
imagefetch— for a fetchthattakes1 sec,theincreasen
lateng is only 0.22%.The 2.2mslatengy canbeattributed
to:

e 0.2msfor logging, including the cost (averagedover
mary calls) of asynchronouslylushinglog entriesto
disk.

e 1.4ms to measureapplicationCPU consumptionby
readingandparsindfiles from /proc. We couldreduce
this substantiallyby addinga more efficient interface
to readCPU statisticsfrom the Linux kernel.

e 0.5ms for two calls to the Odyssg userspaceim-
plementation. A kernelimplementationof Odyssg
would have amuchsmalleroverhead.

e 0.1msof otheroverhead.
4.2 Accuracy of prediction

4.2.1 CPU usageof radiosity

To measurethe accurag of history-basedprediction of
CPU consumptionwe usedthe radiosityapplication(Sec-
tion 3.4.1). We ranit on 7 different data objects, rang-
ing roughlyin sizefrom 30,000polygonsto 200,000poly-
gons.Wecollectedatotalof 1578samplesn trainingmode.
Therewere3556trainingruns;1978of themfailedbecause
they exceededur resourcdimits. To preventexperiments
thatranforever, we seta CPU limit of 300secon eachra-
diosity computation.To avoid paging,which would distort
our measurementsye limited the applicationto 64MB of
theavailable96 MB of RAM.

Given our application-specifihints (Section3.4.1),we
ran linear regressionwith the inputspr log pr andp?r? —



Dataobject | Polygons Hierarchicalradiosity Progressie radiosity
Samples| % error | RMSerror | Samples| % error | RMS error
Enterprise 203880 75 10% 10.7sec 17 5% 0.3sec
Dragon 108590 106 17% 6.1sec 47 11% 0.5sec
Whale 101814 159 4% 1.8sec 68 5% 0.2sec
Bunry 69543 153 11% 4.3sec 87 6% 0.3sec
Car 56972 164 1% 1.2sec 0 n.a. n.a.
Polarbear 48963 147 8% 3.1sec 152 17% 0.7sec
Sherman 29450 170 7% 1l.4sec 233 14% 0.4sec
All objects 974 80% 36.7sec 604 31% 1.8sec

‘RMS error” measureshe absolutepredictionerrorin CPU seconds."% error” is the 90th percentileof relatve error— a % error of 4%
meanghat90%of the sampleshadarelatie errorof lessthan4%. Whenrunningprogressie radiosityon the“car” object,all 295training
runsexceededur CPUand/ormemorylimits andhadto bediscarded.

Figure 3. CPU prediction error for radiosity
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Thex-axisis thereducechumberof polygons(pr). They-axisis the CPUconsumptionin secondsThe pointsrepresenimeasuregamples;

theline is a bestfit on thesepointsof theform co + ¢y prlog pr + cap®r?. Theleft-handgraphshavs thefit whensampledrom all 7 data
objectsarecombinedtheright-handgraphshaws thefit for the object“Enterprise”alone.

Figure 4. CPU prediction for hierar chical radiosity



Image Size Netscape XV

(bytes) | Samples| % error | RMSerror | Samples| % error | RMS error
nsh 1394081 118 10% 0.8J 103 3% 0.8J
apple 174650 124 22% 0.7 94 9% 0.3J
radio 114816 130 25% 0.7 105 8% 0.3J
castle 58223 130 38% 0.6J 105 11% 0.2J
circuit 19685 124 73% 0.6J 107 8% 0.1J
laserdt 8802 120 71% 0.6J 104 10% 0.1J
artban 971 130 93% 0.6J 100 14% 0.1J
redgem 110 127 94% 0.6J 101 9% 0.1J
All objects 1003 | 115% 1.1 819 63% 1.0J

‘RMS error” measureshe absolutepredictionerrorin Joules."% error” is the 90th percentileof relative error— a % error of 50% means
that90%of the sampleshadarelative errorof lessthan50%.

Energy consumption in Joules
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Figure 5. Energy prediction error for web image fetch
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The pointsaremeasuredampleghatcorrelatethe JPEGquality factor f (x-axis)with theenegy consumptiorin Jouleg(y-axis). Thelines
arebestfits onthesepointsof theform E = cg + ¢1.5 + c2 fS. For thisimage thesizeS is 58223bytes.

Figure 6. Energy prediction for fetching image “castle”



for eachalgorithm, we computeda bestfit of the form

co + c1prlogpr + cop?r?. Figure3 shows the prediction
errorsof this linearfit approach For individual objects we

find agoodfit. Onthe otherhand,whenwetry to fit a sin-

gle functionto all the dataobjects,we have a badfit. Fig-

ures4(a)and4(b) areavisualillustration of the difference
betweerdata-specifianddata-independemirediction. The
curve doesnotfit the pointsverywell in Figure4(a),which

includesall the dataobjects. Figure 4(b) shows thefit for

the “Enterprise” objectalone,which hasthe highestroot-

mean-squareredictionerror of any singleobject. Evenin

this worst case we seethatwe have a goodfit. Thisillus-

tratesthe importanceof learningfrom recenthistory, and
specificallyof data-specifipredictionfrom history.

4.2.2 Energy usageof the web browser

We measuredhe accurag of predictingthe enegy con-
sumptionof fetchingandrenderingvebimagesoverawire-
lessnetwork (Section 3.4.2). We performed935trial runs,
eachof which consistedof one operation— fetchingand
renderinga singleimage. The 7 imageswe usedranged
in sizefrom 110 bytesto 1.4MB, andfor eachoperation
we picked a randomfidelity (JPEGQuality Factor)in the
range5-80. The imageswere fetchedover the WaveLAN
wirelesslink from anIBM ThinkPad 570 with a 366 MHz
Mobile Pentiumll processoand128MB of RAM.

We measuredhe enegy consumptiorof eachoperation
by samplingthe power consumptionduring the operation
andsubtractingout the backgroundr baselingpower con-
sumption.Thisbaselinas the powerconsumptiorwhenthe
CPUis idle, the screenis backlit, andthewirelessinterface
is up but notin use.Ourtestmachinehada baselinepower
consumptiorof 7.94Watts.

We expectthe enegy costof fetching animageto be
proportionalto its compressedize,andthe costof render
ing it to be proportionalto the uncompressedize. Thus
we expectthe enegy consumptiorto be of the form ¢q +
1S + ¢ S', where S is the uncompressedize and S’ is
the compressedaize. If we further assumethat the com-
pressiorratior = % is linearly relatedto the JPEGqual-
ity factor f, thenwe geta function for enegy of the form
cp+ciS+cyfS.

The first 5 columnsof Figure 5 shaws the prediction
error of fitting sucha functional form to the enegy con-
sumptionof Netscape. We see extremely large predic-
tion errors, especiallyfor smallerobjects. We found that
this was causedby a large amountof noisein the enegy
consumptionof the Netscapeprocess. We suspectthat
schedulingeffectsin Netscapes threadingpackagecause
the amountof CPU consumptionandhenceenegy) to be
non-deterministic.

How accuratevould our predictionsheif we hadawell-
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For eachimage thecompressiomatior (y-axis)is alinearfunction
of the JPEGquallity factor f in therange5—80. Thegraphdoesnot
shav theimages‘artban”and“redgem”: theseémagesaresosmall
that JPEGcompressiorincreasesheir size. In practice we would
never compresshesemages put awaysusetheoriginal.

Figure 7. JPEG Compression ratio as a func-
tion of fidelity

behared browser?To answetrthis questionwe constructed
a simple browserthat sendsHTTP requestsreadsimage
data, and displaysthe image using xv [1], a freely avail-
ableimageeditor programfor X. We repeatedhe experi-
mentsusingthis browserinsteadof NetscapeThelastthree
columnsof Figure5 shov thatwe canactuallypredicten-
ergy consumptiorquitewell (in theworst-caseour erroris
14%). Figures6(a) and 6(b) visually depictthe difference
betweenusing Netscapeand usingxv, for the “castle” ob-
ject.

Figure 7 shows us that the compressiorratio for each
dataobject— and hencethe enegy usage— is a linear
functionof fidelity in the range5—80. This is why we have
accurateperobjectprediction: however, thereis no single
functionthatwill fit all the dataobjects.Hanetal. [8] have
shawvn thattheinputbytesizeis notagoodpredictorof out-
put bytes,but thatthatthe outputbytesseemto be a linear
function of the numberof input pixels. Evenin this case,
thereis a lot of noiseand predictionerror acrossimages:
again, this illustratesthe importanceof data-specifigore-
diction.

4.3 Overheadof learning

Sincewe currentlydo learningoffline, the overheadof
thisphases notcritical. Ourcurrentimplementatiorin Perl
took lessthan10 secondgon a 233MHz Pentium)to pro-
cessl6 different datasetsfrom the radiosity application.
We expectthat with an optimized C implementation the
overheadwill beevenlower.



5. Hybrid learning algorithm

Theresultsin the precedingsectionsclearlyindicatethe
value of data-specifigrediction. However, we cannotan-
ticipateevery possibledataobjectthatanapplicationmight
see. This suggests hybrid learningapproach.We useof-
fline learningto learn a genericfunction that senesasa
startingpoint. In the online phasewhene&er we seea new
dataobject,we adjustthe coeficientsto matchthe behaior
of the new object. Thusatthe costof afew erroneougpre-
dictions during this calibration,we canaccuratelypredict
theresourceconsumptiorof the new dataobject.

We ervision usingthis hybrid approachn thefollowing
way. Whenwe have few sampledor the input dataobject,
we pick fidelities conseratively. In mostcasesthis will
resultin a“quick-and-dirty” version— thefidelity is lower
thantheuserwants,andtheresourceconsumptioessthan
shewaswilling to spend. In suchcasesthe usersimply
repeatghe computation.This time, we have acquiredone
more samplepoint, and canafford to be lessconserative.
By being consenative initially, we have acquiredsample
pointscheaply andimprovedour predictive capabilityat a
smallcostin resourceconsumption.

We have not yet evaluatedthis hybrid approachput we
expectthe overheadof eachupdateto be extremely low:
our incrementalgradientdescentcodedoesabout6 float-
ing point operationsper input on eachupdate. Of course,
thereis also the memory overheadof keepingperobject
state.If thereis alargesetof dataobjectswe mighthaveto
usecachingmechanismshatdiscardinformationon long-
unusedobjects,or save it to secondarystorage. Alterna-
tively, we could storethe digestedperobjectinformation
in the objectitself, asan extensionto the file format. An
Odyssg applicationwould be ableto readthis extension,
andwe would adda systemcall for the applicationto pro-
vide thisinformationasahint to Odyssg.

6. Relatedwork

Adaptationandhistory-basegbredictionarewell-known
conceptsthereare mary examplesof systemghatuseone
or both techniques.To the bestof our knowledge, this is
the first pieceof work thatlearnsand predictsapplication
resourceconsumptionas a function of fidelity in orderto
improve adaptatiorin mobile applications We seeour pre-
dictive mechanismas a serviceto be usedby higherlevel
adaptve systems.

We areawareof oneotherpieceof work thattriestolearn
resourceconsumptionfunctions: PUNCH [9] is a system
for learningthe CPU requirementf an applicationas a
functionof theinput parametersThe objectve of PUNCH
is to usepredictionsof CPUusageto decidehow andwhere

to executethe applicationin a distributed computingervi-
ronment.

The Odyss# predictor on the other hand, predictsre-
sourceconsumptionas a function of both fidelity andin-
put parametersWe useit in combinationwith the solverto
pick thebestpossiblevaluesof fidelity for thatcomputation.
Odyssg is intendedo beusedwith interactize applications
in amobile ervironment,wherea “quick anddirty” answer
is oftenmorevaluableto the userthana high-fidelity result
that wastestime, batteryenegy, network bandwidth,and
otherresources.

7. Futur e Work

Thereareseveral directionsin which we planto extend
this work. Our immediatetaskwill be to expandthe set
of applicationsthat use our API extensions. This should
providevaluableexperienceawith usingthe API andindicate
how it canbeextendedor refined.We alsointendto testour
adaptve applicationsunderrealisticscenariosandmeasure
the benefitto the userof prediction-baseddaptation.This
would alsoallow usto evaluatethe hybrid online learning
mechanisndescribedn Sectionb.

We areworking on expandingthe numberof resources
supportedby our prototype,and especiallyon addingla-
teng (userwait time) and network I/O. Userwait time is
a critical resourcefor ary interactive application,sinceit
directly impactsusersatisaction. Network 1/O is impor-
tantsinceit affectsenegy consumptioraswell aslateng.
In factwe would expectenegy consumptiorto be a func-
tion of CPU,network, anddisk activity, becaus¢heseaffect
the power consumptiorof the CPU, network interface,and
disk respectiely. Similarly, lateny dependn CPU, net-
work anddisk consumption We aredesigninga prediction
mechanisnthatincorporatesuch‘resourcedependencies”,
wherepredictionsfor oneresourcgCPU) couldbe usedby
predictorsfor a highekrlevel resourcglateng). We alsoin-
tendto extend our systemto allow multiple threadsin an
applicationwhich could be performingmulti-fidelity oper
ationssimultaneously

In the mediumandlong term, we would like to extend
ourlinearregressiormethodto moresophisticatedearning
algorithms,andevaluatethesealgorithms— how accurate
they are,how quickly they corverge, how goodthe initial
guessnustbe (for onlinemethods)andwhattheoverheads
are.Wewould alsolike to find a saferway to specifyappli-
cationhint functions: our currentapproachof dynamically
loadedobjectss veryefficientbut notsafe.We needabetter
mechanism(possibly an interpretedlanguage)that would
strike the right balancebetweerflexibility, safety andper
formance.

Our prototyperelies on the applicationprogrammerto
provide the utility functionthatmapsfidelity to usersatis-



faction. This is very hardto do, especiallywith multiple
fidelity metricsandtime-varying userpreferences\We in-
tendto explore waysof usinguserfeedbackio updatethe
utility function. Thisis analogoudo the way thatfeedback
onresourceonsumptiorupdatesour resourcepredictors.

Currently the solver triesto find the bestutility thatsat-
isfiesasetof constraintsOften,we do notwantto setahard
constrainbnaresourcesuchaslateny — theusermightbe
willing to wait a smallamountof additionaltime, but only
if it resultedin alargeincreasadn fidelity. In otherwords,
we want the highestfidelity that we can achieve cheaply
This correspondso finding a knee,or “sweetspot” on the
tradeof curve betweenfidelity and resourceconsumption.
We would lik e to characterizéhese'sweetspots”’andhave
the solverfind themautomatically

Acquiring history logs for eachhardware platform that
wemighteveruseis burdensomeWe wouldlik eto uselogs
acquiredon onehardwareplatformto make predictionson
another Our CPU measuremernis alreadyscaledto CPU
performancehowever, a simplelinear scalingusuallywill
not captureall the differencedetweerprocessorswWe will
needa mechanisnthat useslog entriesacquiredon other
platforms,but givesthem a smallerweight thanthoseac-
quiredon the hostplatform.

Ideally, we would lik e thesystemto startwith little or no
log informationandrefineits predictionsasit goesalong.
This requirestechniqueghat canexplore the fidelity space
consenatively. For eachoperation,we needto pick a fi-
delity thatis nottoofarfrom theknown portionof thespace,
to avoid egregious mispredictions. At the sametime we
wishto extendtheknown spacesothatwe eventuallylearn
aboutnew desirableoperatingpoints. It would beinterest-
ing to investigatetechnigueghat strike a balancebetween
thesetwo conflictingrequirements.

8. Conclusion

Fidelity adaptatioris essentiafor applicationso main-
tain good interactve responseand low batterydrainin a
turbulentandresource-poomobile ervironment.However,
for mostapplicationstheexacteffectof fidelity onresource
consumptioris notknown a priori: it depend®nthe hard-
wareplatformandevenontheinputdatato theapplication.

History-basedoredictionoffers a way to measure)og,
andlearnthefidelity-resourcdradeofs of ary application.
This allows us to implementa variety of adaptationpoli-
ciesto pick goodoperatingpointson thesetradeof curves.
Ourinitial resultsshav thatwe canlog andpredictresource
consumptiorwith acceptable@verheadandgoodaccurag.
Thereremaina numberof issuego beaddresseéh making
history-basedredictioneasyto useandtruly effective in
guidingadaptation.
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