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Abstract

This proposalintroducesand definesthe notion of multi-fidelity computation and makesthe casethatit is
aviable approachto meetingthe needsof interactve applicationson mobile computers.Theseapplicationsare
constrainedy the needfor goodinteractive responseandefficient useof scarceesourcesuchasuserattention,
batterypower andwirelessnetwork.

To substantiat¢his claim, | planto implementsupportfor multi-fidelity computatiorin the Odyssg system.
The proposaloutlinesa designfor providing suchsupport,and a plan for evaluatingthe supportwith a small
numberof applications.

1 Intr oduction

During the lastdecadewe have seenmobile computingcomeinto its own asa field of study Mobility introduces
significantnew challengesiswell asopportunitieghatdo notexist in theworld of desktopcomputing.The primary
challengein mobile computingis the scarity of resourcesMobile computersareresource-poocomparedo static
hostsof comparablecost; further, they are constraineddy batterylifetimes, a consideratiorthatis not relevant to
statichostswith readyaccesgo wall pover. In somecasegesourceavailability is alsomoreunpredictablethanin
the staticcase:awirelessnetwork ervironmentis muchmoreturbulentthanawired one.

As mobile machinedbecomesmaller cheaperandmorewearablejt becomeslearthatoneof their mainuses
will beto interactwith the userin orderto provide themwith somefunctionality; i.e., interactive applicationsare
of greatimportancefor this type of computer Augmentedreality, is, perhapsthe mostcompellingexampleof an
interactve mobileapplication.Considerfor example,atechnicianvorking on aircraftmaintenanceT hetechnician
wearsa see-througlnead-mountedisplay connectedo awearablecomputer As heexaminegheaircraft, his view
is augmentedvith usefulinformation— componentsarelabeled,potentialfaultsin the structureare highlighted,
andinvisible detail (suchaswiring) is madevisible. One could imaginemary suchapplicationsfor augmented
reality — in entertainmentyn the shop-flooy or on thebattlefield.

The combinationof mobility andinteractvity posesa new setof challenges.Mobility placesusin a severely
resource-constraidesrvironment,wherewe musttry andlimit anapplication$ usageof CPU, network bandwidth,
andmemory Excessie useof theseresourcesvill affect anapplications performance- i.e., increasehe latengy
of our computationsanddrainthe batteryat a higherrate. Further in the caseof someresourcegsuchaswireless
bandwidthor remoteseners), resourcausagemight have an associateanonetarycost. Thus,we needto adaptto
scarceand highly variableresourcdevels to keeplateny low, batterylifetimes high, and monetaryexpenditure
low. Furtherthis adaptatiorshouldbe largely automaticandtransparenti.e., we needto keepuserdistractionata
minimum. Thisis especiallyimportantfor a wearablecomputingervironment,wherethe usermay be engagedn
real-world tasksin additionto interactingwith mobileapplications.

Interactve applicationsoffer usoneuniqueopportunitythatothertypesof applicationsdo not. In aninteractve
application,the final resultof any computationis meantto be viewed by the user In mary casesthe usermay



bewilling to accepta less-than-perfeatesultin exchangefor lower lateng or batterydrain. If we couldtradethe
fidelity of theresultfor resourceconsumptionwe could dynamicallyfind tradeofs betweerfidelity, lateng, battery
lifetime andmoney, which afixedstratgy (a computatiorwith aninvariablefidelity) couldnotfind. A computation
thatprovidessuchatradeof betweerfidelity andresourceconsumptions a multi-fidelity computation.

Multi-fidelity computationis the centralideaof this thesis:the following sectiondescribesnore preciselythe
conceptsof fidelity and multi-fidelity. We will seethat “multi-fidelity computation”is a very broadabstraction
thatencompassemary algorithmsandtechniquegievelopedby previous researchTherestof this documenthen
describesow multi-fidelity computationsanbe usedby interactve applicationgo consere scarceresource®n a
mobile system.

2 What is a multi-fidelity computation?

We startby defining the the notion of a multi-fidelity algorithm by analogywith the traditional definition of an
algorithm.A multi-fidelity computatioris thenary computatiorthathasa multi-fidelity algorithmatits core.

In the corventionalview, analgorithmhasa well-definedoutputspecification For example,arny candidatdor a
sortingalgorithmmustpresere its input elementsput orderthemaccordingto a given comparisorfunction. Only
algorithmsthatadhereo this outputspecificatiorareconsideredcceptableandwe comparehemto eachotheron
the basisof CPUtime consumedmemoryused,or someothermetricof resourcaisageor performance.

In mary caseshowever, afixedoutputspecificatiorwill notalwaysmatchthe users needslt might exceedthe
users needsandthuswasteresourcesor fall shortof themandgeneratainusableesults.For example, supposeve
wish to sorta list thatthe userintendsto browsein sortedorder The mostimportantthing is to producethe first
few itemsquickly, sothatthe userseesa quick responségsay within 1 second).Theremainderof theitemscanbe
sortedin the backgroundgr not sortedat all — often, the userwill stopafterviewing thefirst few items,andwill
notrequestherestof thelist.

The key featureof the above scenarids thatthe outputspecification— the numberof sorteditemsto compute
— is notwell defined.In fact,in this casewe aremoresureof our performanceyoal (we have determinedsay that
mostuserswish to seea responseavithin 1 second}thanof the outputspecification.Additional constraintanay be
imposedby theoperatingsystem:sinceresourcesuchasnetwork andbatteryaresharecamongall applicationsthe
systemmay placelimits ontheamountof thesethata singlecomputatiorcanuse.

In this example,theright thing to dois to presentasmary sorteditemsaswe cancomputewithin our resource
constraintsWe have invertedtherolesof resourceonsumptiorandoutputspecification— ratherthanfix theoutput
specificatiorandaimfor thelowestresourceeonsumptiorpossiblewe boundtheresourceconsumptiorandproduce
thebestpossibleoutput. Of coursejn the generakasewe mightnotwantto fix eitherof theseto a particularvalue;
ratherwe might specifyanallowablerange,andlet the systemfind the bestpossibletradeofs.

Sincethe traditionalnotion of algorithmdoesnot allow usto performthis inversion,we definea multi-fidelity
algorithm it is asequencef computingstepghat(in finite time) yieldsaresulithatfallswithin arangeof acceptable
outputspecificationsgalledfidelities. Upontermination,a multi-fidelity algorithmindicateshefidelity of theresult.

Thus,the key featureof multi-fidelity algorithmsis thatthey allow a rangeof differentoutputs,giventhe same
input. The outputsare not all equvalent, however. eachhasa differentfidelity. The essencef a multi-fidelity
algorithmis thatwe cantradethis fidelity for resourceconsumption— the resourceconsumptiorin its turn affects
thelateng, batterydrain,andmonetarycostof the computation.

3 Thesisstatement

Multi-fidelity computation is an abstraction that capturesa wide range of algorithms and techniquesto trade
output specification for resouice consumption. Further, it is feasibleto design and implement operating



systemsupport for this, and to improve the usability of mobile, interactive applications with such system
support.

| planto validatethis thesisin the following steps:

1.
2.

6.

Defineandelaboratehe conceptof fidelity, multi-fidelity computationandresource.

Createa programmingmodelfor applicationprogramgo usemulti-fidelity computationsanda systemAPI
thatfits into this model.

. Designandimplementa systemthatimplementghis API.

Demonstrat@ smallnumberof mobileinteractve multi-fidelity applicationsasa proof-of-concept.

. Evaluatethe resultfrom differentaspects— how well the systemimplementsthe API; how easilythe pro-

grammingmodelallows multi-fidelity applicationgo bewritten; how muchbenefiteachapplicationactually
derivesfrom usingmulti-fidelity computations.

Sanity-checkheusability of the multi-fidelity applicationghroughinformal userstudies.

As we shallsee the classof multi-fidelity algorithmsis quite large andvaried. Many previously existing types
of algorithms(seeSection8) canbe consideredpecificinstancesf multi-fidelity algorithms. The challengeand
expectedcontritution of this work, is to comeup with a characterizatiorof multi-fidelity thatis broadenoughto
encompasthesevarioussubclassegjet concreteenoughto allow effective systemsupportfor realapplications.

Thereareseveralproblemshat| needto solwe to reachthis goal:

1.

| needa cleardefinition of fidelity, to answerquestionsuchas: howv do we measurdidelity? Is it a property
of acomputationpr of data?Is it single-or multi-dimensional?

. | needto developa programmingnodelandAPI thatreflectsthis definition of fidelity. | needto identify real,

interactve, mobileapplicationsandapplythis programmingmodelto them.

. | needto implementa systemthat will male fidelity decisionsfor applicationswith a view to conserving

systemresourcesand maximizingthe users happinesr utility. In orderto do this, | needto have a clear
definition of whatwe meanby resourceandhow resourceconsumptioraffectsutility. The systemalsowill
needto monitorandmanageheresourceshat! have identifiedasbeingof interest.

. The coreideaof multi-fidelity algorithmsis to add fidelity asa degree of freedom,so we canfind better

tradeofs by varyingthefidelity. A “good” tradeof is onethat(conceptuallymaximizessomenotion of user
happines®r utility. Thus,| needto know how utility is relatedto fidelity andto resourceconsumptionand
to learntheserelationshipsautomaticallyby monitoringthe applicationandthe user In thelattercase] need
methodgo getinformationfrom the user while keepinguserdistractionto a minimum.

. If we donot have a preciselyknown utility function,thenwe might be ableto guesst. For example,if there

is asharpkneein sometradeof curve (saybetweerateny andfidelity), it is likely to beapointof maximum
(or minimum) utility. |1 needtechniquego automaticallyfind theseknees pr sweetspots.

The remainderof this documentis organizedas follows. Section4 describeshe portion of this work that
asbeencompleted,or largely completed— a conceptuaimodelfor thinking aboutfidelity and resourcesanda
programmingmodelfor multi-fidelity applications.Section5 describeghreeproof-of-conceptpplicationsthat |
intendto develop,andgivesaflavor for theapplicationdomain— mobile,interactve applications— thatmotivates
thiswork. Section6 is my planfor theremaindeof thethesiswork: it describesny approacttowardsthe problems

3



mentionedhere — learningfidelity/resourcetradeofs, finding sweetspotson the tradeof cunes, and selecting
proof-of-conceptpplications.Section7 is anitemizedlist of work itemsfor the proposedhesiswork. Section8
describeselatedwork. Section9 outlinesthe expectedcontritutionsof this work to thefield. Section 10 provides
atime-linefor thethesiswork. Finally, AppendixA lists the currentversionof the multi-fidelity API.

4 Completedwork

Thissectiondescribeshework alreadycompleted Sectionst.1throughd.5introducea broadconceptuaframeavork
for thinking aboutmulti-fidelity computationsandmulti-fidelity systemsupport.Theintentis to provide a basisfor
asystemdesignthatwill supportanextremelygenerahotionof multi-fidelity computation.

Section4.6 thendescribeghe programmingmodelandAPI that| actuallyintendto implement. This API has
variousassumptionandrestrictionsthatmapout a subspacef the generaframeavork. Theintentis that,while the
implementatiormight supportonly a restrictedversionof multi-fidelity systemsupport,the systemdesignshould
allow ary of theserestrictiongo be easilyrelaxed,andtheimplementatiorio be extendedo supporta moregeneral
versionof multi-fidelity.

4.1 Fidelity and quality

Whatis fidelity? Intuitively, we candefinefidelity assomemeasuref quality, or goodnessOdyssg [20] defines
the fidelity of a dataobjectasthe extentto which it matcheshe perfect,or reference pbject. Similarly, we can
definethe fidelity of a computationresult: it is the extentto which the resultapproximategshe bestpossible,or
highest-fidelity result. In general theremay be more thanone dimensionof fidelity: conceptuallythe reference
fidelity is the onethathasthe maximumpossiblevaluealongeachdimension.

It would seem then,thatthefidelity of a computationis simply thefidelity of its result,which is a dataobject.
However, for mostmulti-fidelity computationsyve cannot directly specifythe fidelity of the result— thatwill be
known only after the resultis computed. For example,in the caseof JPEGcompressionwe could measurehe
fidelity of the compressed@nageby comparingt pixel-by-pixel to theuncompressedersion.We controlthe JPEG
algorithm, however, by providing it a desiredcompressiorratio: this parameteinfluences,but doesnot exactly
predict, the fidelity of the result. Someimagescompresdetterthan others,and so cangeneratea higherfidelity
resultwith the samenput parameters.

Thusa multi-fidelity algorithmcanbe seenasproviding a setof knobs or fidelity parametes, aswell asa setof
dialswhichindicatethefidelity of thefinal result. The settingson the knobswill determinghereadoutonthedials;
however, theknobsanddialsmightnotcorrespondn a one-to-ondashion.Thus,oneway to look ata multi-fidelity
computationgs asa mappingfrom the spaceof fidelity parameterso the spaceof fidelities. For eachexecutionof
thecomputationwe canpick onespecificpointin the parametespaceandgetaresultof the correspondindidelity.

A fidelity parametercould eitherbe a knob— a real-\alued (discreteor continuous)variable— or a switdh,
an enumeratedype of variablethat choosedetweenan unorderedsetof options. A typical switch might choose
betweendifferentalgorithmsthat implementthe samefunctionality Considersorting asa simple (and contrived)
example.Supposedhe userwantedto sorta list of itemsin orderto examinethemin sortedorder Further the user
will usuallyonly examinethe first few items. Whenthe CPU resourcds scarcejn orderto have low latengy, we
computea small numberof sorteditemswith SelectionSort.If we have suficient CPU, we could choosea larger
valueof m — in this caseQuickSortis obviously the moreefficient option. Thuswe have onefidelity paramete(a
“switch”) to decidewhich algorithmto use,andanother(a “knob”) thatdecideswhatfraction of thelist to sort. In
this casethesettingon theknob determine®ur final fidelity; the settingon the switchaffectsthelateng.

Aswejustsaw, the“goodness’dof suchanexecutionis notdeterminedolelyby thefidelity of theresult. Theuser
alsocaresaboutotheraspectof the execution— for example,the traditional QoS metricsof lateng, throughput,
andjitter. For interactve applicationstheformeris thekey metric— throughput-basecheasureareoftenirrelevant



and/ordeceptie [5]. In amobileinteractie ervironment,we needto addthreenon-traditionalmetricsto this list:
batterylifetime, userdistraction andmonetaryexpenditue. Thesemetrics,togethewith all thefidelity dimensions,
make up a quality vector which capturesll theaspect®f a multi-fidelity executionthata usercaresabout.

4.2 Quality and Utility

We cannow view a multi-fidelity computatiorasproviding a mappingfrom a setof fidelity parameterso a quality
vector This mappingdependson the natureof the computationitself, aswell asthe systemstateat the time of
execution. Thus, the objectof multi-fidelity systemsupportshouldbe alwaysto setthe fidelity parameterso the
valuesthatresultin the“bestpossible’quality vector

Sinceour quality vectoris multi-dimensionalwe needa utility functionthatmapsthe quality vectorto a single
measuref goodnessor utility. Now, thejob of the multi-fidelity systemis to alwayspick thefidelity parameterso
maximizethe utility.

If thereare multiple, concurrentapplicationstheneachwill have its own setof fidelity parameters.We can
combinetheseto comeup with oneglobalparameterector which mapsontoa globalquality vector whichin turn
mapsontothe globalutility.

Thusthe mostgeneraldescriptionof a multi-fidelity systemis thatit knows (or somehw learns)the mapping
from all thefidelity parameterso the global utility, andalways selectsvaluesfor theseparametershat maximize
the utility.

Notethatbatterylifetime, userdistraction,or monetarjossareactuallyglobalquality metrics:theuserdoesnot
careaboutthe amountof batterydrainedby this or thatapplication but aboutthe neteffect on the batterylifetime.
Thus,our global quality vectorneedsonly onedimensionfor eachof batterydrain, userdistraction,andmonetary
loss.

4.3 Resourcesand systemstate

We have alreadyseerthatthefidelity of anexecutionis determinedy thevaluesof thefidelity parametersHowever,
theremainingquality metricsarenotdeterminedy thefidelity parameteralone:they alsodependntheexecution
ervironment— i.e., theinputdataandthe systemstate.

My approacthis to split up this dependengcinto two steps.Givena setof fidelity parameterandtheinput data,
we candeterminethe resouce consumptiorof the computation.In generaltheremay be an arbitraryrelationship
betweera computatiors input dataandits resourceconsumption.However, the sizeof the input datais the single
featurethathasthe greatestmpacton theresourceconsumptionmoreawer, it is afeaturethatis easilyandcheaply
measuretl | planto summarizethe effect of the input databy a singlefeature: its size. Thusthe resouce con-
sumptionfunctionof ary computatiorprovidesa mappingfrom thefidelity parameterandtheinput datasizeto the
resourceconsumption.

Theresourceeonsumptiorof acomputationandthe systemstate( theresouce availability) togethemdetermine
all thequalitymetricsotherthanfidelity: lateng, batterylifetime, etc. Batterydrain(whichis thereductionn battery
lifetime), for example,dependn the numberof bytestransferredandreceved over the network, the numberof
CPUcyclesused etc.

Table1 describeghe variousresourcegonsumedy a multi-fidelity computationand Table2 lists the dimen-
sionsof resourceavailability.

Theresourcevailability for a particularapplicationdepend®n the globalresourceavailability, andalsoon the
allocationto thatapplicationof sharedresourcesuchas CPU, memory andnetwork bandwidth. Thus,in reality,

Thefield of algorithmiccomplexity can,in fact,be viewedasthe studyof resourceconsumptiorasa functionof input datasize.

2\We could have classifiedbatterypower asa dimensiorof resourcesonsumptionin this case thebatterydrainwould beatrivial function
of the batterypower consumption.However, in my view, batterydrainis not a function of the computationalone— it dependsn system
parametersuchasthe pover usedby transmission/receptioon the wirelessinterface(s).



Resourceonsumed Unit

CPU MIPS-sedmillion instructions)
Network xmit bytes

Network rcv bytes

Memory bytes

Disk space bytes

Disk xfer bytes

Cachestate setof objectsaccessed

Tablel: Resourcesonsumedy a multi-fidelity computation

Resource Unit

CPU MIPS

Memory bytes

Network xmit b/w bytes/sec
Network rcv b/w bytes/sec

Disk b/w bytes/sec

Disk space bytes

Enegy costof CPU joules/MIPS-sec
Enegy costof n/'w xmit | joules/byte
Enegy costof n/w rcv joules/byte
Enegy costof diskxfer | joules/byte
Monetarycostof n/w xfer | $/byte
Cachestate setof cachedobjects

Table2: Resourcesvailableon amobile computer



the systemhasan additionalsetof knobsto tweak: in additionto settingfidelity parametergor eachapplication,it
canadjusttheresourcallocationsto maximizethe global utility.

4.4 Cachestateasaresouice

Thelist of resourceslescribedn Tablesl and2 correspondgairly well to the traditionalsetof systemresources,
exceptfor the additionof “cachestate”. In a mobile ervironment,wherewirelessconnectity is intermittentand
unreliable,cachingof datais a crucially importantstratgy. Thelateny andbatteryconsumptiorof a computation
dependnwhethertheobjectsit accesseseedto befetchedover the wirelessnetwork. Justasa requesto transmit
somedatacanbe viewed asmakinga demandon the network bandwidthresourcean objectaccessanbe viewed
asa “demand”on the “cachestateresource”. From this point of view, it makessenseo considercachestateasa
resourceeventhoughit doesnothave mary of the propertieof traditionalresourcesit is notconsumedandcannot
be“allocated”,in the normalway.

The cachestateresourcas relatedto, but differentfrom, the disk spaceresource The formerrepresentshe set
of cachedbjects;thelattertheamountof spaceavailableto storetheseobjects.In the sameamountof cachespace,
we couldstoredifferentsetsof objects(or the sameobjectswith differentdegreesof staleness)eachof thesewould
correspondo adifferent“value” of the cachestateresourceavailability.

4.5 Userdistraction asa quality metric

Oneof themain dravbacksof utility-function basedmodelsis that,in practice,it is very hardto know theseutility

functionsa priori. For example,if theuserwantsto do adocumensearchwouldthey preferafastersearchamore
accuratesearchpr a morecomprehense (i.e. over alarger setof documentsyearch?The answerdepend®n the
user andevenontheparticulartaskthatthe usermight beengagedn.

The applicationprogrammeicould provide someindicationof the utility function; however it seem<learthat
ultimately we needto learnthis functionfrom this user In the extremecase we couldtreatthe userasan“oracle”,
anddirectly querythemevery time we neededo evaluatethe utility function. Obviously thisis not practical;while
we mayin theorymale bettertradeofs, we have detractedrom the users experienceby distractingthem. Thus, it
is usefulto consideruserdistractionexplicitly asa quality metric— this meanghataskingthe userto male all the
tradeof decisionsdoesnot always producethe besttradeof, sinceour quality suffers alongthe dimensionof user
distraction.

4.6 Programming model

Whatis the bestway for multi-fidelity applicationsandthe systemto communicatevith eachother?How bestcan
| implementthe abstracimodeldescribedn the precedingsectiongo meetthe specificneedsof mobile interactve
multi-fidelity applicationsat the sametime ensuringthatthe systemis easilyextensibleto supporta broaderrange
of applicationsAttemptingto answerthesequestiondeadsto a programmingnodel,andanAPI, for multi-fidelity,
which | describehere. This API shouldbe considereda preliminaryversion:| expectthat,asl implementvarious
applicationsthe API will evolve to meettheirneedsThe API is describedn this section.andlistedin AppendixA.

One of the main featuresof a good programmingmodelis thatit minimizesthe programmingeffort required
to write a multi-fidelity application,or to modify anexisting applicationto incorporatemulti-fidelity computations.
In my model, the application$ primary responsibilityis to identify the multi-fidelity computation,andto define
the fidelity parametersthefidelity dimensionsandthe mappingfrom the formerto thelatter This informationis
describedo thesystemby asingler egi st er fi del i t y call madeby theapplicationduringinitialization.

In the actualimplementation]) planto supporta restrictedversionof this API, wherethe fidelity parameters
(theknobs)areconstrainedo beidenticalwith thefidelity dimensiongthedials). The programmecanalsospecify
fidelity “switches”, which cantake on one of a setof discretevalues. The switchesare assumedo be orthogonal



to the fidelity; they only affect the resourceconsumption.In practice,l expectthatthe switcheswill be usedto
choosebetweerdifferentalgorithmsthat performthe sametask (suchas SelectionSorand QuickSort): sincethey
have differentfidelity/resourcdradeofs, the systemcandynamicallypick whichever onebestsatisfiests goals.

My claim is that this restrictedAPI reducesthe burden on the applicationprogrammer(and on the system
implementor) without sacrificingtoo muchgenerality In fact,in mary casesthe application$ programmes best
guesdor thefidelity of aresultis justthevalueof thefidelity parametersisedto createt. For example,in Odyssg,
the datafidelity of a JPEGcompressedmageis measuredy the lossinesparameteprovidedto the compression
algorithm.

At thebaginningof eachmulti-fidelity computationtheapplicationquerieshesystenwith abegi n_fi del i t y_op
call, which signalsthe startof a computatiorandprovidesthe input datasizeasa parameterThe systemresponds
with the fidelity parametewaluesthatit hasdeterminedare mostappropriate.At the end of the computationthe
applicationmakesanend_f i del i t y_op call, which informsthe systemaboutthefidelity of theresult. By moni-
toringtheapplicationbetweerthesewo calls,thesystemcanmeasureéheresourceonsumptiorof themulti-fidelity
computation.By doingthis repeatedlythe systemcanbuild up a setof datapointsfrom which it canlearnthere-
sourceconsumptiorfunction of the computation. (It could alsotry to learnthe relationshipbetweenthe fidelity
parametewvectorandthefidelity vector;in my implementationhowever, | will assumehatthe two areidentical).

In learningthe resourceconsumptiorfunction of a computationwe would like to useary knowledgeof this
functionthatthe applicationprogrammehas.For example the programmemightknow thatthe CPUconsumption
of someparticularcomputationvariesquadraticallywith oneof thefidelity parametersAlternatively, this function
might be basedon empiricaldata,by doing a seriesof controlledusertests. We allow the programmeto express
suchknowledgeby providing the systemwith hints A hintis afunctionthatmapsthefidelity parametersndinput
datasizeto theconsumptiorof someresourcelhesystemwill thenusethesehintsasa startingpointin learningthe
resourceconsumptiorfunction.

Thesystemalsoneeddo learntheutility functionthatmapsapplicationquality metricsto “userhappiness’The
bestway to learnthesefunctionsis to querythe user;however, this approachwould suffer alongthe quality metric
of userdistraction. Again, we would like to make useof the applicationprogrammes knowledgein the form of
hints. Realistically | expectthatapplicationprogrammersvill be ableto hint a restrictedclassof utility functions,
by registeringa quality constaint on the mostimportantdimensionof quality. For example,the programmeiof a
augmentedeality applicationmight decidethatit wascrucialfor all renderingoperationgo take 200msor less;this
would correspondo a utility functionthathadvery high utility for all lateny valuesbelov 200 ms, andvery low
utility for all latenciesabove 200ms.

Section2 describednulti-fidelity computatiorasaninversionof thetraditionalrole of outputspecificatiorand
resourceeonsumptionwhichfixestheoutputspecificatiorandallows resource&consumptiorto vary. In otherwords,
traditionalalgorithmsfixedthefidelity parameterandallowedthe otherquality metrics(which dependon resource
consumptionjo vary. By allowing constraintson otherquality dimenisonsyve arein factimplementingexactly this
inversion— we fix someotherdimensionof quality andallow thefidelity to vary.

Thehi nt _const rai nt call providesaway for applicationprogrammerso specifythresholdgeithermaxi-
mumor minimum, dependingn themetric) on ary quality metric: thesystemwill thentry to vary the otherquality
metricsin orderto satisfythis constraint. A variantof this call will be madedirectly visible to the user to allow
themto setglobal constraints— minimumacceptabldatterylifetime, maximumacceptable&ollar expenditure.

Finally, to arbitratebetweemmultiple applicationswe needto know the global utility function,which mapsthe
combinedquality metricsof all applicationgo theutility. In theory this couldbeary arbitraryfunctionof thequality
metrics. In practice,l will assumehatthe global utility function canbe computedn two steps:eachapplication
hasa utility thatis a function of its quality metricsalone,andthe global utility is a function (probablya weighted
average)of the applicationutilities.



4.6.1 Incrementalfidelity metrics

Considera computationthat continually improves the fidelity of its result,and canbe interruptedat ary time to
returnthe bestresultcomputedsofar. We call this anincremental-fideliticomputationpr anarytime algorithm[4].
Onecouldfit sucha computatiorinto the standardnulti-fidelity model— we supplyit with fidelity parameterghat
specify a target value for eachfidelity dimension,andthe algorithm stopswhenthe currentfidelity meetsall the
tamgets.

This nave approachgnoresthe specialpropertyof incremental-fidelityoperationsthatthey canbeinterrupted
at ary time. Thus,in theory we could watchthe utility of the computationover time, andinterruptit whenwe
think we have reachedca maximum. This requiresthe systemcontinuouslymonitor thefidelity of the computation,
probablyby having theapplicationmalke periodiccallsto the system.

| think this approachplacesan unnecessarpurdenon the applicationprogrammer | proposeto implementa
simpleradditionto the programmingmodel— that of constaint callbadks We have alreadydiscussedow the
applicationprogrammecanregistersimpleutility functionsin theform of quality constraintsin the caseof quality
metricsmonitoredby the system(lateng, batterydrain,etc.),the applicationcanadditionallyregistera callback,to
beinvokedif the computatiorexceedghis constraint.Constraintn fidelity metricscan,of course be checled by
theapplicationitself.

While this doesnot exploit all the power of incremental-fidelityalgorithms,it is a reasonableompromise.In
effect, | expectthatit will provide a“sanity-check”on ary fidelity decisionsmadeby the system— if we happen
to make a badchoiceof fidelity parametersye canstill recover by interruptingthe computatiorbeforethe lateng,
batterydrain,userdistraction,or monetaryexpenditurebecomeunreasonablyigh. Further the“abort” decisionon
suchcomputationwill usuallybe madeby the user;thus,the aim shouldbeto presenthe userwith a (continually
improving) indicatorof fidelity, andaway for themto stopthe computationvheneer they aresatisfied.

5 Motivating scenarios

Theultimateaim of multi-fidelity systemsupportis to enablerealapplicationgo run moreeffectively. This section
presentghreescenariodrom my chosenapplicationdomain— mobile, interactive applications— thatillustrate
how they could usemulti-fidelity.

5.1 Renderingfor AugmentedReality

Anarchitectis designingherenovationof an old warehousdor useasa museumbUsinga weamblecomputemwith a
head-mountedisplay shewalksthroughthewarehousdrying outmanydesignalternativespertainingto placement
of doors andwindows placemenbf interior walls,andsoon. For ead alternative theaugmentedeality softwae
on her weamble computersuperimposethe proposeddesignchang on the architect’s view of the surroundings.
In manycasesan aestheticor functionallimitation immediatelybecomesppaentand sherejectsthat alternative
In the few casesthat survivethis stege of scrutiny the architectrequestsa more accuiate visualizationas well as
standadizedteststo ensue thatthe designis structumlly soundand meetsouilding codes.

In this application renderingof 3-D objectsis performedrequently Beforeanobjectcanberenderedit needs
to be appropriatelycoloredor shadedaccordingto the light sourcegpresentandthe shadeving andreflectedight
from other objects. A well-knovn way to do this shadingis with a radiosity computation[3]. This is highly
compute-intense, but our applicationrequireslow lateng for goodinteractve response Our architectwishesto
do “quick-and-dirty” validationsof herideas,andis willing to sacrificesomefidelity in orderto be ableto try out
mary ideasinteractvely.

Thereare mary waysin which the applicationcan control the fidelity of rendering. It canchoosebetween
different algorithmssuch as progressie radiosity and hierarchicalradiosity It can also control the numberof



polygonsusedto represenB-D objects.A representatiowith fewer polygonscanbe shadedaster but will have a
lower fidelity comparedo the original.

Usinga multi-fidelity approachthe applicationcollaboratesvith Odyssg to choosebetweerthesealternatves.
Odyss#g’s guidanceds basedon the currentCPU availability, the latengy constraintof the application,andknowl-
edgeaboutthe CPU consumptiorof the applicationat variousfidelities. If the datafor renderingthe 3-D objects
resideon aremotesener, then Odyssg mustalsodecideon how muchcomputationto performat the sener and
how muchatthe client, basedon CPU andnetwork availability. The currentcachestateof the wearablecomputer
andtheresidualenegy in its batteryarelikely to beimportantinfluenceson this decision.

5.2 Scientific Visualization

Avisualizationprogrampresentsearthquak simulationdataasananimation.Thetransformatioris highly compute
intensiveand proceedsn threepipelinedsteges: samplingthe dataontoa regular grid, computingsosurfacesand
renderinga 2-D view of the 3-D grid. Theuserspecifiesa region of interest,and a desied framerate Theappli-
cationthenqueriesthe systento find the appropriate configuation andfidelity level. Asthe animationcontinues,
conditionsin the systenthange; wheneer the applicationneedgo adaptto the new stateof the systemit receives
a callbad andis suppliedwith new fidelity parametes.

In this application fidelity canbe reducedoy downsamplingtheinput grid of data. In a distributedimplemen-
tationof the application the split of functionality betweerclientandsener is important. The optimal split depends
on the currentavailability of client andsener CPU aswell asnetwork bandwidth. Thusthe systemhasto decide
whatthebestsplit is, andwhatfidelity is sustainablevhile maintainingthe desiredframerate.

Although scientificvisualizationis not closelyrelatedto mobile computing,it is animportantapplicationdo-
mainthatcanbenefitfrom a multi-fidelity approach.Throughvisualization,large datasetssuchasMRI scansand
astronomicaimeasurementsanbegraspednoreeffectively by users.The Quale visualizer[1] is aninstanceof this
kind of application.

5.3 On-Site Engineering Calculations

An unexpectedcontingencyhasarisenat a bridge constructionsite: excavationfor a pier hasrevealeda different
soil typethan plannedfor in thedesign.A civil engineelis at the site, exploring designmodificationgo the bridge
to copewith this problem. To assisthim in his work, he usesa hand-heldcomputerrunning a spreadsheet-li&
softwae padkage. He exploresa numberof alternatives gxaminingtheimpactof ead on the strengthof the bridge,
on the manpowerand material costs,and on the delaysit will causeto the schedule During theinitial part of his
exploration, speeds more importantthanaccumacy of results— resultsare therefore displayedto himin a fontand
color indicating low fidelity. As he corvergeson a few promisingalternatives,he requestsigher fidelity results:
the computationsiow take mud longer, and the presentatiorof the resultsindicatesthe higher fidelity. Oncehe
has selectedwhat appeas to be the bestchoice this designmodificationis shippedover a wirelesslink to his
companys supecomputerfor full structuial analysisandsupervisoryapptoval. Oncehe hasreceivedhis approval,
the engineemgivesthe modifieddesignto thelocal personnel Work can proceedwithoutfurther delay

In this example,the multi-fidelity algorithmsareall numericalin nature. Dependingon the specificproblem,
therearemary waysin which differentlevels of fidelity canbe obtained.For example,a successie approximation
algorithmmay terminateafter just a few iterationsto yield a low-fidelity result. A simulatedannealingalgorithm
may changethe coarsenessf its meshaswell asthe numberof iterationsto yield differentfidelities. The number
of termsin a seriesexpansioncanbevariedto achieve a desiredfidelity. Indeed the conceptof fidelity is probably
mosteasilyappliedto numericalalgorithms.
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6 Proposedwork

Section4 describedhe work alreadydonein designingsystemsupportfor multi-fidelity computations— a con-
ceptualframenork for thinking aboutmulti-fidelity computationsandaninitial draft for a multi-fidelity API. This
sectionprovidesa roadmapfor the remainderof the thesiswork. Section6.1 describesomegeneraldesignprin-
ciplesthat| intendto follow. Sections6.2 through6.14 describethe remainingdesignandimplementatiortasks.
Section6.15describesny planfor evaluatingthe system A unifiedlist of work itemsis presentedn Section?.

6.1 Designphilosophy

My intentionis to integrate systemsupportfor multi-fidelity into Odyssg [20]. Odyssg currently providesthe
ability for applicationsto adaptto changesn network bandwidth. The natureof the adaptatioris left up to the
application;typically it consistsof changingthe datafidelity of objectstransferredver the wirelessnetwork.

| proposeto extend Odyssg to supportthe multi-fidelity API, and alsoto monitor the full setof resources
describedn Section4.3. The currentOdyssg prototypemonitorswirelessnetwork bandwidth,andis beingex-
tendedto monitor batterypower aswell [8]. In addingfunctionalityto Odyssg, | planto leverageasmuchof the
existing Odyssg codeaspossible,andensurethat “legag/” Odyssg applicationscanrun concurrentlywith new
multi-fidelity applications.

The ultimateaim of ary systemsupportis to enablereal applicationsto function more effectively. Thereare
threebroadapproache$o creatingsuchapplicationprograms:run unmodifiedapplicationson top of (transparent)
systemsupportun modifiedapplicationspr write the applicationdrom scratch.

Theessencef multi-fidelity is to alter thebehaior of theapplicationandeventheresultspresentedo theuser
in orderto make more efficient useof resources.Thus, the first approach— runningunmaodifiedapplications—
is nota goodfit. Thisis in line with the Odyssg philosophy which emphasizeapplication-awae asopposedo
application-tanspaen adaptation.

Theapproachof writing applicationdrom scratchis madeunattractie by theamountof time andeffort required
to build arealisticapplication.Further thenotionof multi- fidelity is applicablelo averywide rangeof applications;
requiringapplicationgo bewritten from scratchwould greatlyreducethe numberof applicationghat could benefit
from multi-fidelity support.

In thisthesis| planto take the secondapproach— to modify existing applicationgo usemulti-fidelity support.
Thus,oneof my goalswhile creatingthe programmingmodeldescribedn Sectiond.6 wasthatit be easyto modify
anexisting applications sourceto usethis method.

Onemight modify anapplicationin variousways— in this thesis,| have chosenthe obvious andmostsimple
way: to modify the sourcecode.In principle, othermodificationtechniqgues— codeinterposition binary rewriting,
etc.— couldbeusedto modify anapplicationfor which sourcecodeis unavailable.

6.2 Resouice monitoring

In orderto make goodfidelity decisionsthe systerneeddo be continuouslyawareof the availability of resources:
CPU, network bandwidthmemory batterypower, etc. | planto extendthe existing Odyssg monitoringof network
bandwidthto include CPU (both local and on a remotecomputationsener), memoryand batterypower aswell.
The real aim of resourcemonitoringis resouce prediction knowing how muchresourcewill be availableto an
applicationin the nearfuture. | planto develop simplemethodgor resourceprediction.

Section4.3 describes broaderview of resourceavailability (or systemstate),thanl have just describechere.
In this view, resourceavailability includesthingssuchasthe enegy costof CPU/netvork/diskaccesspr thedollar
costof network accessl planto developsimpletechnique$o measuregheseaspect®f resourcevailability, aswell.
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6.3 Using cachestate

In Section4.4, we talked abouttreatingcachestateasa resource.Currently Odyssg supportscachingon a per
wardenbasis:awardenis a modulethatis responsibldor a particulartype of data(imagesyideostreamsetc)and
is responsibldor all operationgincludingcaching)on objectsof thistype. | planto extendthis mechanismto allow
Odyssg to cacheuntypeddataobjects andfor applicationgo accessheseobjectsthroughOdyssg. SinceOdyssg
manageshis cachejt will beawareof the cachestateat all times. Supposeave have a multi-fidelity algorithm(like
asearchwhosefidelity depend®nthesetof objectsactuallysearchedlf we knew therelationshipbetweerfidelity
andthe setof accessedbjectswe could decidewhich uncachedbjectswereworth fetchingover the network, and
which cachedbjectswe canevict.

| plan to extend the multi-fidelity API so that applicationscan expressto the systemthe setof dataobjects
accessedindthefidelity tradeofs involvedin addingor removing objectsfrom this set.

6.4 Getting userfeedbackon utility functions

I needto developwaysof gettinguserfeedbackhathelpusmale bettertradeofs, withoutbeingextremelyintrusive.
My currentplanis to augmenthe programmingmodel,sothateachapplicationcanadda userinterfacecomponent
that recevesthe userfeedback. For example,this Ul componentmight have buttonsfor eachquality metric: by
clicking onabutton,theuserwouldindicatethatthey wishedtheapplicationto gofastey or have ahigherresolution,
or thatthey wanteda longerbatterylifetime. Alternatively, thesebuttonscould be replacedby slider barsthatthe
usercoulddragto a desiredvalue. Therecould be a rangeof userinterfaces,of which the systemwould pick the
onethatsatisfiedour “userdistraction”requirements.

6.5 Userdistraction asa quality metric

Thoughl have identifieduserdistractionasa key metricof quality, | still do notknow how it canbe measuredhow
applicationamight placeconstraintonit (asthey would for otherquality metrics),andhow we could predictit. A
major partof the conceptualvork remainingin this thesisis to comeup with amodelof userdistractionthatallows
usto incorporatdt asa first-classquality metric.

6.6 Learning to predict quality

Sectiord.3describehon we split up themappingof fidelity parameterso quality into threesteps:mappingfidelity
parameterso fidelity; mappingfidelity parametersndinput sizeto resourceconsumptionand mappingresource
consumptiorandsystemstateto the quality metricsotherthanfidelity.

My implementatiorwill assumehat the first mappingis a trivial one;thatthe fidelity parametergorrespond
exactly to theresultingfidelity. The secondnappingintroducesa substantialearningproblem;eachresourcamight
be an arbitrary function of the fidelity parameters.| plan to investigatesimple online learningtechniquego find
thesemappings.The objectis not to do researchinto sophisticatedearningtechniqueshut to demonstrateéhat a
machinelearningapproachis a reasonablene. | shall probablyrely heaily on applicationhints aboutresource
consumption(Section4.6); for my proof-of-conceptpplicationd shall generatdhesehints by runningan offline
learningalgorithmon a controlledsetof executions.

Thethird mapping(resourceconsumptiorto quality) I planto implementusingsimplefunctions— for exam-
ple, giventhe enegy costof CPU, network, anddisk accesswe simply multiply by the amountof eachresource
consumedindadd,to getthereductionin remainingbatterylifetime. Similarly, monetarycostandlateng arelinear
functionsof thoseresourcaisageshatcostmoney andtake time, respectiely. In reality, differentapplicationanay
have differentlevels of concurreng, andso the lateny may not be exactly the sumof CPU-time, network-time,
etc. However, | expectthatwe canstill learnlateny asa linear function of CPU, network and disk accessthe
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coeficientsmayvary slightly from oneapplicationto another My plannedmplementatiorwill only supportthese
four quality metrics:lateng, batterylifetime, mongy, anduserdistraction.

Oneresourcehatit is hardto reasoraboutis physicalmemory As long asthereis suficient physicalmemory
for all applicationsmemoryusagehaslittle effect on the lateng or batteryusageof a computation.However, as
soonasthereis memorycontentionwe incur the costsof paging. Thesecostsarehardto measureandpredict,and
even harderto chage to a specificapplication. In this work, | make the simplifying assumptiorthatit is always
a badideato have memorycontention.In effect, | addanimplicit constraintthattotal memoryusagenot exceed
memoryavailability — in otherwords,we assumehatour utility will becomeaxtremelylow if we startpaging.

6.7 Learning application utility functions

My approactto learningapplicationutility functionswill be basedorimarily on constraintgSection4.6) provided
by theapplicationprogrammerConstraintsallow usto rephrase¢hegoal“maximizetheutility function” as“find the
bestfidelity thatdoesnot violate our constraints”. The main dravback of application-specifieditility functionsis
thatthey do not accountor differentusershaving differentpreferencesor for a singleusers preferenceshanging
overtime.

I planto find simple methodsto get userfeedbackon applicationutility functions. The primary goal of these
methodswill be to extractinformationwith minimal distractionof the user Ideally sucha techniquewould be
completelynon-intrusve, and passiely monitor the users behaior. Realistically | expectthat | shall have to
actively solicit someuserfeedbackfor example,eachapplicationmight have anassociatedbutton for eachquality
metric— the usercouldclick to reducethe lateng, or increasdheresolution,etc. | planto usesimilar methodso
getuserconstrainton “global” quality metrics:the userseesslider barsto setthe desiredbatterylifetime, andthe
budgetfor monetaryexpenditure.

6.8 Learning system-wideutility functions

Whenwe have multiple concurrenapplicationswe aretrying (in theory at least)to maximizea “global” (rather
thanperapplication)utility function. The mainproblemis thatthe global utility functionis notknown, andis very
hardto learn.

My approacho theglobalutility functionis to assumehatit is asimpleweightedaverageof applicationutilities;
the weightsreflectthe priorities of the application. Initially all applicationsstartat a default priority; we useuser
feedbacl(for example,the userclicked on oneof the buttonsmentionedabove) to increaseherelatve priority of
oneapplicationoverthe others.

6.9 Resourcceallocation and enforcement

Whenwe have multiple applicationscompetingfor resourcesthe systemhasto allocateglobal resourcesamong
them. Theallocationis influencedby the resourcerequirement®f eachapplication,which againis determinedy
the fidelity thatthe applicationis computingat. Thus, by settingthe fidelity parameterdo maximizethe global
utility, we arein effectmakingaresourceallocationdecision.

In ary systemthat doesresourceallocation,we needto handlethe issueof enforcement.Do we rely on ap-
plicationsto be well-behaed, or do we regulatethemin orderthatthey do not exceedtheir allocations?Adding
enforcemento the systemwould make it morerobust; however, it would be a substantiaimplementationeffort
with little rewardin the form of original researchln this work, | planto make the simplifying assumptiorthatall
applicationson the systemarewell-behaed; the intentis to provide a “best-efort” systemthatworkswell in the
absencef maliciousapplications.

If we do not do enforcementwe cannotcontrol the load on the system but only try to predictit. Evenif all
Odyssg applicationsarewell-behaed, theremight be otherresource-consumingpplicationsthat are unavare of
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Odyssg andits resourceallocations;suchapplicationshave to be treatedas a variable“backgroundload” from
Odyss#g’s viewpoint. Further someresourcesuchaswirelessbandwidthandremoteCPU arevariablein and of
themseles, independentlyf the load. Thusthe systemcannotoffer ary hardguaranteesn resourceconstraints.
Supportingapplicationsthat requiresuchguaranteege.g. real-timeapplicationswith hardlateny constraints)s
outsidethe scopeof this work.

6.10 Finding sweetspots

Section4.6 describesiow we canallow applicationgo describeutility functionsin a restrictedway, by specifying
constraintson variousquality metrics. In theory sucha constraintimplies that we have a high utility everywhere
below the constrainthreshold,anda low utility everywhereabove it. Of course mostapplicationutility functions
will not have exactly this behaior; in fact,the sharpchangein utility (if any) might notalwaysoccurexactly atthe
thresholdvalue.

Considera searchoperationon a setof documentssomeof which arecachedocally. Our measureof fidelity
is thenumberof documentsearched.lfve searchonly cacheddocumentsour lateng is low (sayl sec);accessing
even a single uncacheddocument however, causes sharpincreasdn lateng. If the applicationhad specifieda
lateny constraintof 1.2 sec,thenwe would spendthe extra 0.2 secfetchinga small numberof documentver a
low-bandwidthnetwork. Ratherthanincurtheadditionallateng for asmallincreasen fidelity, we shouldprobably
restrictthe searchto the setof cacheddocuments.

Whatwe have hereis a “knee”, or sweet-spotn the lateng-fidelity tradeof curve. Althoughwe do not know
theutility functionexactly, we canmake a goodguesghatthis correspond$o a point of maximumutility; thus,the
right thing to do would beto relax our lateng constraintslightly to allow usto find “knees” in the neighbourhood
of 1 sec.

| planto investigatanethodgo automaticallyfind thesekneeswherepossible andto usethemin makingfidelity
decisions.

6.11 Object-specificprediction

In generaljt is impossibleto knov whatpropertiesof the input data(otherthanthe size)might affect the resource
consumptionandhow. However, supposeve have alreadyobsered theresourceconsumptiorin the caseof some
particularinput data,andthe applicationwishesto repeathe computatioron the samedataobject. For example the
applicationmighthave produceda quick-and-dirtyresult,andnow, atthe users requestwishesto computeaslowver
but betterresult. In this case we alreadyhave somevery specificinformationon theresourcaequirementgor that
particularobject,which alreadycaptureghe data-dependermffects. Thus,we shouldprobablygive moreweightto
theseobsenationsthanto thosemadeon computationsvith differentdata.

This requiresthat, for eachmulti-fidelity computationthe applicationprovide not just the datasize, but some
sortof uniquenamefor the input dataobject. | planto extendthe multi-fidelity API to allow this, andthe fidelity-
resourcepredictionto make useof this information.

6.12 Applications

| intendto demonstrata smallnumberof applicationsusingthe multi-fidelity API. Theintentis to provide a proof-
of-conceptof the system— to demonstratehe benefitsof multi-fidelity computationandto gain experiencewith
the API. We wantthefollowing propertiedor suchapplications:

e They areinteractve, andallow for afidelity/performancéradeofs — i.e.,thecomputationshatdirectly affect
interactve response&anbeimplementedy multi-fidelity algorithms.

e They placeasignificantamountof streson systenresources.
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e They areinterestingfrom a mobile computingpoint of view; i.e. they arewell-suitedto mobile computingor
atleastreasonablyikely to beusedin a mobile context.

Section5 describeghreeapplicationscenarios— augmentedeality, scientificvisualization,andon-siteengi-
neeringcalculations— thatshav multi-fidelity computationat work. | planto implementandevaluatethesethree
asmulti-fidelity applicationsn my system.l alsoplanto implementa searchapplicationthatwill useknowledgeof
cachestateto make fidelity decisions.

6.13 Remoteexecution

Mobile devices,for reason®f cost, weight, andenegy-eficiencgy, arealwayslesscomputationallypowerful than
their staticcounterpartsThus,it often makessenseor a mobile device to usecomputesenersaccessiblever the
wirelessnetwork, to executepartor all of anapplication.This givesthe systeman additionaldegreeof freedom—
it canselectthe fidelity of analgorithm,andit canalsoselectthe partitioningof functionality betweenclient and
sener. | planto supportthis behaior by markingeachpossiblepartition (in practice therearelikely to be a small
number)asa fidelity modeof the application.This captureghe factthateachof thesepartitionswill have different
fidelity/resourcdradeofs, which have to belearnedby the system.

Remoteexecutionintroducesan additionalresourceremoteCPU. 1 planto implementsupportfor remoteCPU
monitoring,andalsoa simplemechanisnior remoteexecution— agenericRPCcall. Ratherthanimplementafull-
fledgedmobile codesystem|] planto have staticallyconfiguredsenersthatrun the necessargode;the clientthen
invokesvariouspartsof this codeby makingRPC calls. The RPCcallswill be directedthroughOdyssg through
the genericRPCmechanismthe systemwill monitorthe network usageput not interpretthe contentof the RPCs
in ary way. This allows usto addnew functionality to the applicationsener without requiringmodificationsto the
system.

6.14 Throughput and jitter

Lateny is the only “traditional” QoS metric that| have discussedso far in this proposal. For applicationsthat
areinteractve but not real-time,this is a muchmoreimportantmeasurghanthroughputor jitter. In aninteractve
applicationwe areconcernednainly with the speedf interactve responsei.e., thelateny betweera userrequest
anda visible result. The requestsmight be explicit (userclicks a button to starta search)or implicit (userof an
augmentedeality programturnstheir head). Theserequestsarelikely to be unpredictableandextremelyunlikely
to beperiodic.

Throughputandjitter aremoresuitedto the predictable periodiccomputationperformedoy continuous-media,
(hard or soft) real-timeapplicationswhich have beenstudiedextensvely by the QoS community Most of these
applicationsadaptto changingnetwork bandwidthby changingtheir datafidelity, andsupportfor suchadaptation
alreadyexistsin Odyssg today In view of this, | do not expectthataddingsupportfor throughputandjitter will
resultin asubstantiatesearcttontritution, norin moreeffective systemsupportfor my choserapplicationdomain.

Thereare someapplications suchasscientificvisualization(Section5.2) wherenetwork bandwidthis not the
only resourceconsumed— therearesignificantamountsof computationwith associatedidelity parametersFur
ther, whentheuserwishesto visualizethedataasananimation thesecomputationsrepredictableandperiodic. My
currentplanis to invertthethroughputequirement®sf theseapplicationsandexpresghemasalateny requirement
(insteadof 10 frames/secywe would require0.1 sec/frame).

If time allows, | will extendtheimplementationto supportthroughputandijitter asfirst-classquality metrics;
however, | suspecthattheimplementatioreffort will be betterspentelsavhere.
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6.15 Evaluation

Therearetwo main goalsthat!| have in mind in building a multi-fidelity system:it mustprovide abstractionghat
allow applicationsto derive benefitfrom multi-fidelity, andit mustimplementtheseabstractionfficiently. The
abstractiorallows applicationgo describetheir fidelity metricsandthe associateditility functions,i.e., their their
adaptve policy. Theimplementatiorthenprovidesthe medanismto implementa wide rangeof policies.

6.15.1 Evaluating the multi-fidelity abstraction

The purposeof the multi-fidelity abstractions to make applicationsmore usable. The obvious way to evaluate
it is to comparean unmodifiedapplicationwith the modified, multi-fidelity version. If we assumea “perfect”
implementatior{onethatexactly predictshefidelity-resourceelationshipandalwaysfindsthebesttradeof points),
thenwe arereally comparingthe effect of two applicationpolicies: the naive, or non-adaptie policy againstthe
adaptve, multi-fidelity policy. In my designthe application“policy” is representedby the applications fidelity
metric,togethemith ary quality constraintghe applicationmight have.

In orderto statewith completeconfidencethat one versionof an applicationis more usefulthananother we
would needtime-consumindiuman-actorsstudies.| do not intendsucha completeevaluation: rather | intendto
sanity-checkheimprovedusabilityof theapplicationthroughinformaluserstudies.| expectthatwith awell-chosen
fidelity metric, undercarefully contolled experimentalconditions the benefitof modifying the applicationwill be
apparent.

Thereis anotheraspecto evaluatingthe multi-fidelity abstractionthe programmingcostof modifying existing
applicationsl planto measurgrogrammingcostin two ways: a quantitatve measuref theamountof sourcecode
modificationrequired(in KLOC), anda qualitatve evaluationbasedon feedbackrom applicationdevelopers.This
feedbackshouldalsohelprefinethe API, andto point out limitationsin the API design— classe®f applications
thatcannoteffectively usethe API.

6.15.2 Evaluating the multi-fidelity support

To measurghe multi-fidelity systemsupport,| needto answerthe question:how well doesthe mechanismmple-
mentpolicies of variouskinds? In otherwords, hov muchdoesthe obsered behaior deviate from the desired
behaior specifiedby the policy? | expectthis aspecbf the evaluationto be mostly quantitatve. In the augmented
reality application,if our policy was always to take 2 secfor every renderingoperation,we could measurehe
deviation from 2 secof the actualtimestaken by renderingoperations.

In orderto understandvhy the systembehaesasit does,we will needanothersetof evaluationmetrics: the
behaior of individual componentof the system,as measuredoy micro-benchmarks.| intend to measurethe
following components:

e Theoverheadf multi-fidelity systemcalls.
e Thecostof thecomputatiorthatgoesinto makingfidelity decisions.

e The effectiveness(i.e., the agility andthe accurag) of the performancemonitoring and prediction. In or-
derto createrepeatablescenario®f resourcevariation, | planto usetechniquesanalogougo network trace
modulation[21] to vary the availability of batterypower, CPU,andmemory

e Theagility andaccurag with whichthe systemearnsandpredictsthefidelity/resourceaelationshipgor each
application perhapsomparedvith someoff-line analysisof “what wasthe bestwe couldhave done”?

e Givensomefidelity-resourcdunction,how well the systemfinds sweetspots,or knees.
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7 Work items

This sectiondescribeshe completedandremainingwork in this thesis,asanitemizedlist. Theitemsfollowed by
asinglestarareconsiderethecessaryor a minimumacceptablehesis;thosefollowed by two starsarepartof the
expectedthesis. Threestarsmark the bonusitems. Work alreadydoneis marked by a 4, anditemsthat| planto
leave to futureresearcherby —.

e API| andprogrammingmodel

§ Initial draftof API +

§ Extendprogrammingnodelto handlecachestateasaresourcex
§ API supportfor multiple operationtypesperappx

§ API extensiondor long-runningoperationgthroughputh % %

§ Multi-dimensionalfidelity metrics—

e Implementation Integrationwith Odyssg

§ Add multi-fidelity callsto Odyssg. *

§ Sharenetwork predictionacrosdraditionalOdyssg appsandmulti-fidelity computations*

§ Add remote-gecutionfacility (genericRPC)to Odyssg.

§ ExtendOdyssg cachemanagemerinterfaceto allow generic(untypedwardenlessgacheobjects.x

e Resource/qualitynonitoring

§ Network monitoring/predictia (useexisting Odyssg code)+
§ Lateny

§ Cachestatex

§ Batterypower (useJasorFlinn’s extensiongo Odyssg)

§ local,remoteCPUmonitoring**

§ Memory*x

§ Disk bandwidthx x x

§ Disk spacex x x

e Predictingapplicationbehaior

§ Learningresourceconsumptiorfunctionsx
§ Learninginput dataspecificbehaior x x x
§ Usinguserfeedbacko learnutility functionsxx

e Makingfidelity decisions

§ Automaticallyfinding sweetspotsx
e Applications

& Radiosity

. Getthevanillaapprunning+
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- modify to usemulti-fidelity API, with lateng constraint-
- augmentJ! for multi-fidelity. +

- addsupportfor remoteexecution.x

- useresourcecallbackso interruptcomputatiornx

- addmemoryconstraintsc

§ Quale visualizer

- Getavanillaversionrunningin aLinux ervironmentxx

- Find afidelity parameteandaway to tweakit xx

- Modify visualizerto useOdyssg API xx

- Add multiple fidelity modescorrespondingo client/serer split xx

§ Augmentedeality
- Find augmentedeality application(with sourcecode).x
- Modify applicationto run on alaptopwith a Head-Mountedisplay x
- Find afidelity parameteandmodify applicationto usemulti-fidelity x
§ Search
- Identify amobile searchapplicationthatusescachedstate .x
- Extendit to usecachestateinformationto make fidelity decisionsx

e Evaluation

§ Overheadf systemcallsx

§ Overheadf computingfidelity decisions«

§ Overheadf resourceestimatorsc

§ Accurag/agility of resourcesstimatorsc

§ Accurag/agility of applicationbehaior predictionx

§ Performancdenefitsof multi-fidelity to applicationse

§ Toolsto controlhary resourceavailability for experimentse
§ Efficiency of systemin trackingapplicationpolicy. xx

§ Behavior of systemwith multiple multi-fidelity applicationscx
§ Programmingcostmeasurements

§ LessondearnedaboutAPI| andits limitationsx

§ Accuray of sweetspotfinderx

§ Informal userstudieswith multi-fidelity applicationse

8 Relatedwork

Theimportanceof adaptationin mobile computingsystemss now well-recognized9, 16,22]. Thereis muchwork
in variousapplicationdomainsthat canbe viewed asadaptingdatafidelity to varying network availability [10, 20].
The Odyssg system[20], in particular is closelyrelatedto this research.In mary ways— in concept,n design,
andin implementation— this work builds on previouswork donein Odyssg.

Theabstracmodelof multi-fidelity describedn this documenis very similar to Quality of Service(QoS)mod-
els. Of particularinterestis thework by Leeetal. [17] that providesa framevork to supportarbitrary QoSmetrics
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thatdependon multiple resourcesThe Darwin system[2] allows for “servicebrokers”, which translateapplication-
level resourcerequirementgquality metrics)to the systemlevel. Ratherthanhave explicit perapplicationbrokers,
| proposeo have the systemlearnto be a broker, by monitoringthe application. The Rialto operatingsystem [15]
has,in its designthenotionof usinguserpreferenceso guideresourceallocationsbetweerapplications.
Imprecisecomputationg6, 7, 14], supportgracefuldegradationof real-timesystemsinderoverloadconditions.
Eachcomputations modeledasa mandatorypartfollowed by anoptionalanytime partthatimprovesthe precision
of theresult. Theamountof time spentin the optionalpartcanbe viewed asa measuref fidelity; the systems aim
is to ensureall mandatoryportionsmeettheir deadlinesandto usethe remainingresourceso improve thefidelity.
Themaindifferencedetweerthis work andthe QoSwork mentionedabove are:

¢ | intendto supporta setof non-traditionakresourcesndquality metrics— userattention cachestate battery
— thatareimportantin the mobiledomain.

e Theapplicationd intendto supportarenotcontinuous-mediapplications Thelatterhave periodicbehaiours
andmoreor less(at leastin the shortterm) predictableresourcerequirements.The interactve applications
thatl focuson performcomputationsn responseo useractiity — they arenot periodicandtheir resource
requirementsnayvary with theinput data.

¢ | donotintendto provide real-timeguarantee§.e. strictlateny bounds).Theassumptiowill be“betterlate
thannever” (unlessthe userdecidego abortthe computation)but “betterlow-fidelity thanlate”.

Thereis alarge numberof algorithmsandtechnigueshatcanall be broughtunderthe broadheadingof “multi-
fidelity computations”.The main contritution of this work is in shawing thatthey canall be capturedby the same
abstractionandthat this abstractioncan be effectively usedto provide operatingsystemsupportfor real, mobile
interactve applications.

Approximationalgorithms[11], or more precisely polynomial time approximationschemesare algorithms
that produceresultswhich are provably within someboundof the trueresult. The tightnessof the bound(i.e., the
allowableerror)is atuningparameteanalogouso fidelity. Randomizedlgorithms[18] (or probabilisticalgorithms)
have anon-zeroprobability of providing anincorrectanswer;by runningthe algorithmmary times,onecanreduce
this probability to an arbitrarily low value. The probability thatthe answeris correctcanbe viewed asa “fidelity”
metric.

Anytimealgorithms[4] canbeinterruptedatary pointduringtheir executionto yield aresult— alongerperiod
beforeinterruptionyields a betterresult. Any-dimensioralgorithms[19] aresimilar, exceptthatthey allow more
generalterminationcriteria. Sincea rangeof outcomeds acceptabletheseof algorithmscanbe viewed as multi-
fidelity algorithms— specifically asmulti-fidelity algorithmsthatprovide anincrementafidelity metric.

Therearemary techniquesusedin the realworld todaythat canbe viewed asmulti-fidelity computation.For
example,Hellersteinet al. [12] have proposedvarioustechniquedor online aggrgation— computationof aggre-
gatestatisticsover a database As the size of the sampleincreasesso doesthe precisionof the result. The Rivl
programminglanguage23] provides resolution-indeperait operationson multimediaobject, which the system
couldimplementat varyingresolutiongdependingon userrequirementsandsystenresources.

The LookOutsysten[13] addressesserinteractionissueshatarerelevantto this work. It modelsthe costof
demandinghe users attention,aswell asthe uncertaintyabouta users goalsor preferences.The applicationof
LookOutis to decidewhetheror notto invoke certainautomatedervices] am hopefulthatsimilar techniquesan
beusedto learnausers preference$or tradeofs betweerguality metrics.

9 Expectedcontributions

| expectthis thesisto make contritutions at several levels: at the theoreticaland conceptualevel, at the systems
designandimplementatiorevel, andin experimentaimethodology
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The major conceptuatontritution of this work will to definemulti-fidelity computationasanabstractionand
to shav how this abstractioncanbe usedto provide operatingsystemsupportfor interactve mobile applications.
Additionally, thiswork will provide a programmingnodelandanAPI for multi-fidelity applications.

The designandimplementatiorncontritutionswill bein the artifacts!| build into Odyssg. Thesewill include
methodsto monitor multiple resourcesto learnand predict applicationbehaior, andto automaticallyfind good
tradeofs (sweetspots). Taken togethey the artifactswill provide a platformto develop more mobile, interactve,
multi-fidelity applicationsandto studythe proof-of-concepapplicationghat! develop.

Finally, the evaluationof the systemwill make contritutionsto thefield. Informal userstudiesshouldprovide
valuable(if anecdotal)essongo programmer®f multi-fidelity applicationson how to choosefidelity metricsand
utility functions. Anothercontritution will bein clearly separatingand measuringthe effects of adaptve policy
andmechanism.The adaptve policy of a applicationdetermineghe maximumbenefitthat an applicationcould
derivefrom fidelity adaptationTheefficiencgy of theadaptve mechanisndeterminesiow closelyobseredbehaior
matchegsheapplications policy goals.l alsoexpecttheevaluationprocesgo produceartifactsanalogougo network
tracemodulation[21], thatcancreaterealisticandreproduciblescenario®f resourcevariation.
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A The multi-fidelity API

/* a fidelity dinmension: a real nunber between 0 and 1, either quantized
(num_val ues is nunber of distinct values) or continuous (numvalues is 0)
*/

typedef struct {
i nt num val ues;

}
fid dimt;
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/* Value of a fidelity dinmension: just a real nunber between 0 and 1 */
t ypedef double fid_dimuval _t;

/[* a fidelity paranmeter: could be either a knob or a switch */

/* knob values all range fromO to 1; numval ues specifies the nunber of
di stinct values (0 if continuous range) */

/* switches are just a set of integers (0 .. numval ues-1)

typedef struct {
int is_knob;
i nt num val ues;

}

fid_paramt;

/* Value of a fidelity paranmeter: real nunber in [0...1] for knobs, integer
in[0...(n-1)] for switches */

t ypedef union {

doubl e knob_val

int switch val

}

fid_paramval _t;

/* A function of n variables: currently we just represent it as a sinple
wei ghted sum i.e., an array of n weights. | probably need to extend
this to allow quadratic and higher-order terns, and to deal wth
enunerated types (like switches), for which real -nunber operations
do not make sense */

t ypedef double *func_t;
/* register our fidelity paraneters and fidelity nmetric */
int register_fidelity(int numparans, fid_paramt *params, int num.dins,

fid_dimt *dimensions);

/* all the quality nmetrics we care about */
t ypedef enum {Q LATENCY, Q BATTERYLIFE, Q MONEY, Q DI STRACTION} quality_t;

/* Hnt autility function as a function of the four quality nmetrics */
int hint_utility(func_t utility_func);

/* Specialized formof the utility function: specify a constraint on
one quality netric. Optionally register a call back for when the
constraint is violated. Constraints are upper bounds for [|atency,
nmoney, user distraction and | ower bound for battery lifetine */

typedef void (*quality_callback_t)(quality_t which_quality, double val);
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int hint_constraint(quality_t which_quality, double constraint,
quality call back_t call back _fn);

/* rsrc_id enunerates the different types of resources */
typedef enum {

RU_NETBW RU NETBW XM T, RU_NETBW RCV,

RU_LCPU, RU_RCPU,

RU_PHYSMVEM

RU_DI SKBW RU_DI SKSPACE,

RU_CACHESTATE}

rsrc_t;

/* Hi nt our resource consunption (for everything other than cache state) as
a function of fidelity paraneters and input size */
int hint_resource(rsrc_t which resource, func_t rsrc_func);

/* Signal beginning of an operation, and query for the values to set the
fidelity paraneters to */

int begin fidelity op(IN double input_size, OJT int *opid,
QUT fid_paramyval _t *fidparans);

/* Signal end of an operation, and the fidelity achieved */

int end_fidelity _op(INint opid, IN double input_size,
IN fid paramyval _t *fidparans,
INfid_dimval _t *fid_dins);
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