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Abstract

Adaptive controltheoryis emeging asa viable approach
for the designof self-managedomputersystems. This
paperarguesthat the systemscommunity should not be
concernedwith the designof adaptie controllers—there
are off-the-shelfcontrollersthat can be usedto tune ary
systemthatabidesby certainproperties Systemsesearch
shouldinsteadbefocusingon the openproblemof design-
ing andcon guring systemghatareamenabléo dynamic,
feedback-basedontrol. Currently thereis no systematic
approactfor doingthis. To thataim, this paperintroduces
a setof propertiesderived from control theory that con-
trollable computersystemsshouldsatisfy We discusshe
intuition behindthesepropertiesandthe challengego be
addressedly systemdesignerdrying to enforcethem. For
thediscussionye usetwo examplesof managementrob-
lems: 1) a dynamicallycontrolledschedulethatenforces
performancegoalsin a 3-tier system;2) a systemwhere
we controlthe numberof bladesassignedo aworkloadto
meetperformanceyoalswithin power budgets.

1 Intr oduction

Asthesizeandcompleity of computeisystemgrow, sys-
tem administratiorhasbecomethe predominanfactor of
ownershipcost[6] anda main causefor reducedsystem
dependability[14]. The researchcommunity hasrecog-
nizedthe problemandtherehave beenseveral callsto ac-
tion [11, 17]. All theseapproacheproposesomeform of
self-managedself-tunedsystemshat aim at minimizing
manualadministratve tasks.

As aresult,computersareincreasinglydesignedsclosed-
loop systemsasshawvn in Figurel, a controllerautomati-
cally adjustscertainparametersf the systempnthebasis
of feedbackfrom the system. Examplesof suchclosed-
loop systemsaim at managingthe enegy consumption
of seners[4], automaticallymaximizingthe utilization of
datacenterq16, 18], or meetingperformanceyoalsin le
seners[9], Internetserviceq10, 12] anddatabasefL3].
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Figurel: A closed-loopsystem.

Whenapplyingdynamiccontrol,it isimportantthatthere-

sultingclosed-loopsystemis stable(doesnot exhibit large

oscillations)and corvergesfast to the desiredend state.
Many existing closed-loopsystemausead-hoccontrollers
andare evaluatedusing experimentalmethods.We claim

thata morerigorousapproachs neededor designingdy-

namically controlledsystems.In particulay we advocate
the use of control theory, becausét resultsin systems
that canbe shovn to work beyond the narronv rangeof a

particularexperimentalevaluation. Computersystemde-

signerscantake advantageof decade®f experiencdan the

eld andcanapply well-understoocand often automated
methodologiegor controllerdesign.

However, we believe that systemaesignershouldnot be
concernedvith the designof controllers. Control theory
is anactive researcheld onits own, which hasproduced
streamlineccontrolmethodq2] or evenoff-the-shelfcon-
trollerimplementation$l] thatsystemsiesignerganuse.
Indeed,we shawv that mary computermanagemenprob-
lems can be formulatedso that standardcontrollerscan
be appliedto solve them. Thus, the systemscommunity
shouldstick with systemalesign;in this case systemghat
are amenableto dynamic, feedback-basedontrol. That
is, provide the necessaryunablesystemparametergactu-
atorg andexport the appropriatefeedbackmetrics(mea-
surementy so that an off-the-shelfcontroller can be ap-
pliedwithoutdestabilizinghesystemwhile it ensuregast
convergenceto the desiredgoals. Traditionally, control

theoryhasbeenconcernedvith systemghataregoverned
by laws of physics(e.g.,mechanicatlevices),thusallow-

ing to make assertiongbouttheexistenceor not of certain



properties.This is not necessariljthe casewith software
systemsWe have seenin practicethatcheckingwhethera
systemis controllableor, evenmore,building controllable
systemss a challengingtaskofteninvolving non-intuitive
analysisandsystemmodi cations.

As a rst stepin addressinghe latter problem, this pa-
per proposesa setof necessanand sufcient properties
thatarny systemmustabideby to becontrollableby a stan-
dard adaptve controllerthat needsdlittle or no tuning for
the speci c system.Thesepropertiesarederived from the
theoreticafoundationof awell-known family of adaptie
controllers. The paperdiscusseshe intuition andimpor-
tanceof thesepropertiesfrom a systemsperspectie and
providesinsightsaboutthe challengegacingthe designer
that tries to enforcethem. The discussiorhasbeenmo-
tivated by lessondearnedwhile designingself-managed
systemsfor an adaptve enterpriseervironment[17]. In
particular we elaborateonthe discussiorof the properties
with two very diversemanagementroblems:1) enforcing
soft performancegoalsin networked serviceby dynami-
cally adjustingthe share®f competingworkloads;2) con-
trolling the numberof bladesassignedo a workloadto
meetperformanceyoalswithin power budgets.

2 Dynamic Control

Many computemmanagemenproblemscanbe castason-
line optimizationproblems. Informally speakingthe ob-
jectiveis to have anumberof measuremengbtainedrom
the systemcorverge to the desiredgoalsby dynamically
settinga numberof systemparametergactuators). The
problemis formalizedasan objectie functionthathasto
be minimized. A formal problemspeci cationis outside
the scopeof this paper Thekey pointhereis thatthereare
well-understoodstandardcontrollersthat can be usedto
solve suchoptimizationproblems. Existing researcthas
shawn that, in the generalcase,adaptve controllersare
neededo tracethevaryingbehaior of computersystems
andtheir changingworkloads[9, 12, 18].

2.1 Self-tuning regulators

For the discussionin this paper we focus on one of the
best-knevn families of adaptve controllers,namely Self-
Tuning Regulators(STR))[2], thathave beenwidely used
in practiceto solve on-line optimizationcontrol problems.
The term “self-tuning” comesfrom the fact that the con-
troller parameterareautomaticallytunedto obtainthede-
sired propertiesof the closed-loopsystem. The designof

closed-loopsystemsnvolves mary taskssuchas model-
ing, designof controllaw, implementationandvalidation.
STRcontrollersaim at automatinghesetasks.Thus,they

canbeusedout-of-the-boxXor mary practicalcasesOther
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Figure2: Thecomponent®f a self-tuningregulator

typesof adaptve controllersproposedn theliteratureusu-
ally requiremoreinterventionby the designer

As showvn in Figure 2, an STR consistsof two basic
modules: the model estimatormodule on-line estimates
amodelthatdescribeghe currentmeasurementsom the
systemasafunctionof a nite historyof pastactuatowal-
uesandmeasurementshatmodelis thenusedby the con-
trol law modulethatsetsthe actuatorvalues.We propose
usinga linear modelof the following form for modelesti-
mationin the STR:

g nol
y(t)= a Ayt i)+ a Biu(t i do)
-1 .

i= i=0

@

wherey(t) is avectorof theN measurementsttimet and
u(t) is avectorcapturingthe M actuatorsettingsattimet.
A andB; arethemodelparametersyith dimensiongom-
patiblewith thoseof vectorsy(t) andu(t). n is the model
orderthatcaptureshow muchhistorythe modeltakesinto
account. Parameterdy is the delay betweenan actuation
andthetimethe rst effectsof thatactuationareobsened
on the measurementsThe unknovn modelparameterg\;
andB; areestimatedisingRecursve Least-Square@RLS)
estimation7]. Thisis astandardcomputationallyfastes-
timation techniquethat ts (1) to a numberof measure-
ments sothatthe sumof squarecerrorsbetweerthe mea-
surementaindthemodelpredictionss minimized. For the
discussionin this paper we focus on discrete-timemod-
els. Onetime unit in this discrete-timenodelcorresponds
to aninvocationof the controller i.e., samplingof system
measurementgstimatiornof amodel,andsettingtheactu-
ators.

Clearly, the relationbetweenactuationand obsened sys-
tem behaior is not always linear For example, while
throughputis indeeda linear function of the shareof re-
sourceqe.g.,CPUcycles)assignedo aworkload,there-
lation betweenlateny andresourceshareis nonlinearas
Little's law indicates. However, evenin the caseof non-
linearmetrics,alinearmodelis oftena good-enougtocal
approximationto be usedby a controller[2], asthe latter
usuallyonly makessmallchangego actuatorsettings.The
adwantageof usinglinear modelsis thatthey canbe esti-
matedin computationallyef cient ways. Thus,they result
in tractablecontrol laws and they admit simpler analysis
including stability proofsfor the closed-loopsystem.



Thecontrollaw is essentiallya functionthat,basedon the
estimatedsystemmodel(1) attimet, decidesvhattheac-
tuatorvaluesu(t) shouldbeto minimizetheobjectivefunc-
tion. The STRderivesu(t) from a closed-formexpression
as a function of previous actuations,previous measure-
ments,model parametersand the referencevalues(goal)
for the measurementdetailsof the theorycanbefound
in Astrom et al. [2]. From a systemsperspectie, the
importantpoint is thattheseare computationallyef cient
calculationghat canbe performedon-line. Moreover, an
STRrequireslittle system-speci c¢uningasit usesa dy-
namically estimatedmnodel of the systemandthe control
law automaticallyadaptsto systemandworkloaddynam-
ics.

2.2 Propertiesof controllable systems

For theaforementionegrocesgo applyandfor theresult-
ing closed-loopsystemto be stableandto have predictable
corvergencetime, controltheoryhasderiveda list of nec-
essaryandsufcient propertieghatthetargetsystenmust
abideby [2, 7]. In the following paragraphswe interpret
thesetheoreticakequirementsnto a setof system-centric
properties.We provide guidelinesabouthow onecanver-
ify whethera propertyis satis ed and what are the chal-
lengedfor enforcingthem.

C.1. Monotonicity. Theelement®f matrix Bg in (1) must
ead havea knownsignthatremainshe sameovertime

The intuition behindthis propertyis thatthe real (non es-
timated)relation betweenary actuatorandany measure-
mentmustbemonotonicandof known sign. This property
usuallyrefersto somephysicallaw. Thus,it is generally
easyto checkfor it andgetthesignsof Bg. For example,in
thelong term, a processwith a large shareof CPU cycles
getshigherthroughputandlower lateng thanonewith a
smallershare.

C.2. Accurate models. Theestimatednodel(1) is agood-
enougHhocal approximationof the systerns behavior

As discussedthe modelestimationis performedperiodi-

cally. A fundamentatequirements thatthe dynamicrela-

tion betweeractuatorandmeasurementis capturedsuf-

ciently by the modelaroundthe currentoperatingpoint

of the system. In practice,this meansthat the estimated
modelmusttrack only real systemdynamics.We usethe

term noiseto describedeviationsin the systembehaior

that are not capturedby the model. It hasbeenshovn

that to ensurestability in linear systemswhere there is

a known upperboundon the noiseamplitude,the model
shouldbe updatedonly whenthe modelerroris twice the

noisebound[5]. Thetheoryis morecomplicatedor non-

linearsystemg15], but theabove principle canbe usedas
arule of thumbin that casetoo. Thereare a numberof

sourcedor theaforementionedoise:

1. Systemdynamicsthat have a frequeng higherthan
that of samplingin the system,especiallywhenone
measurednstantaneouvalues instead of averages
overthesamplinginterval.

2. Suddertransientdeviationsfrom the operatingrange
of thesystem.For example rapidlateng uctuations
becausef contentionon asharedhetwork link.

3. A fundamentallyolatile relationbetweercertainac-
tuatorsand measurementsOne exampleis the rela-
tion betweenresourcesharesand provided through-
put. When the aggreatethroughputof the system
oscillatesa lot (asis oftenthe casein practice),this
relationis volatile. Instead,a more stablerelation
couldbe expressedisthe fraction of the total system
throughputreceved by a workload as a function of
share.

4. Quantizatiorerrorswhenalinearmodelis usedto ap-
proximatelocally in an operatingrangethe behaior
of anonlinearsystem.

In fact,atiny actuatiorerrorhasoftento beintroducedso
thatthe systemis excited sufciently for agoodmodelto
bederived. In otherwords,the systemis forcedto slightly
deviate from its operatingpoint to derive a linear model
approximation(you needtwo pointsto draw aline). It is
the controllerthat typically introducessuchsmall pertur
bationsfor modelingpurposes.

Picking actuatorsand measurementnetricsthat resultin
stablejdeally linear, relationsis oneof the mostchalleng-
ing andimportanttasksin thedesignof a controllablesys-
tem,aswe discussn Section3. Thefollowing two proper
tiesarealsorelatedo therequiremenfor accuratanodels.

C.3. Known systemdelay. Theris a knownupperbound
do onthetimedelayin the system.

C.4.Known systemorder. Theeis a knownupperbound
n ontheorder of thesystem.

PropertyC.3ensureshatthecontrollerknowswhento ex-
pectthe rst effects of its actuationswhile C.4 ensures
thatthemodelremembersufciently mary prior measure-
ments(y(t)) andactuationgu(t)) to capturethe dynamics
of the system. Thesepropertiesare neededfor the con-
troller to be able to obsene the effects of its actuations
andthenattemptto correctary errorin subsequenactua-
tions. If the modelorderwaslessthanthe actualsystem
order, thenthe controllerwould not be aware of someof
the causalrelationsbetweenactuationand measurements
in the system.The valuesof dg andn arederived experi-
mentally The designeiis facedwith a trade-of: On one
hand,the valuesof dyp andn mustbe sufciently high to
captureasmuchaspossibleof thecausalelationsbetween
actuatiorandmeasurement®©n the otherhand,a high dg
impliesaslow-respondingontrollerandahighnincreases



thecomputationatompleity of theSTR.dp= 1andn= 1
areidealvalues.

C.5. Minimum phase.Recentctuationshavehigherim-
pactonthe measuementghanolder actuationsdo.

A minimum phasesystemis basicallyone for which the
effectsof anactuationcanbe correctecor canceledy an-
other lateractuation It is possibleo designSTRsthatdeal
with non-minimumphasesystemsbut they involve exper

imentationand non-standardiesignprocesses.In other
words, without the minimum phaserequirementwe can-
not useoff-the-shelfcontrollers. Typically, physicalsys-
temsare minimum phase—thecausaleffects of eventsin

the systemfadeastime passedy. Sometimeshowever,

this is not the casewith computersystemsaswe seein

Section3. To ensurethis property a designemustre-set
ary internal statethat re ects older actuations. Alterna-
tively, thesamplenterval canalwaysbeincreasedintil the
systembecomesninimum phase.Considey for example,
a systemwherethe effect of anactuationpeaksafterthree
sampleperiods.By increasinghesampleperiodthreefold,
the peakis now containedn the rst sampleperiod,thus
abiding by this property Increasingthe sampleinterval

shouldonly be a lastresort,aslonger samplingintervals
resultin slower controlresponse.

C.6. Linear independence.Theelementof ead of the
vectos y(t) andu(t) mustbelinearly independent.

Unlessthis property holds, the quality of the estimated
modelis poor: the predictedvalue for y(k) may deviate
considerablyfrom the actualmeasurementsThe reason
for thisrequirements thatsomeof thecalculationsn RLS
involve matrix inversion. WhenC.6 is not satis ed, there
exists a matrix internalto RLS thatis singularor closeto
singular Wheninverted,that matrix containsvery large
numberswhichin combinatiorwith thelimited resolution
of oating pointarithmeticof a CPU,resultin modelsthat
arewrong. Notethatthe propertydoesnotrequirethatthe

elementsn u(k) andin y(k) arecompletelynon-correlated;

they mustnot be linearly correlated. Often, simple intu-
ition abouta systemmaybe sufcient to ascertainf there
arelineardependencieamongactuatorsaswe seein Sec-
tion 3.

C.7. Zero-mean measurementsand actuator values.
The elementof eat of the vectos y(k) and u(k) should
havea meanvaluecloseto 0.

If the actuatorsor the measurementbave a large con-
stantcomponento them, RLS tries to accuratelypredict
this constantcomponenandmay thusmissto capturethe
comparablysmallchangesiueto actuation.For example,
whenthemeasuredhteng (in ms)in asystenvariesin the
[1000 1100 rangedependingntheshareof resourcess-
signedto aworkload,themodelestimatomould notaccu-
rately capturetherelatively smallchangeslueto theshare
actuation. If thereis a large constantcomponentin the
measurementandit is known, thenit canbe simply de-

ductedfrom the reportedmeasurementdf it is unknawn,
thenit can be easily estimatedusing a moving average.
Problemamayariseif this constanwaluechangesapidly,
for examplewhen a workload rapidly alternatedetween
beingdisk-boundandcache-boundesultingin morethan
an orderof magnitudedifferencein measuredateng. In
thatcaseijt is probablybetterto searchfor a new actuator
andmeasuremergombination.

C.8. Comparable magnitudesof measurementsand ac-
tuator values. Thevaluesof theelementsn y(k) and u(k)
shouldnot differ by more thanoneorder of magnitude

If themeasurementaluesor theactuatovalueddiffer con-
siderably thenRLS resultsin a modelthatcapturesnore
accuratelythe elementswith the highervalues. Thereare
no theoreticalresultsto indicate the thresholdat which
RLS startsproducingbadmodels.Insteadwe have empir
ically found that the quality of modelsestimatedoy RLS
in acontrolloop startdegeneratindastafterathresholdof
oneorderof magnitudedifference. This problemcanbe
solved easily by scalingthe measurementand actuators,
sothattheirvaluesarecomparableThis scalingfactorcan
alsobe estimatedisinga moving average.

3 Casestudies

In this section we illustratethe systemsaspect®f the pre-
viouspropertiesandthewide applicabilityof theapproach,
with two examplesof managemerngtroblems.

3.1 Controllable Scheduler

Here, we considera 3-tier e-commerceservicethat con-
sistsof awebsener, anapplicationseneranda database.
A scheduleris placedon the network path betweenthe
clientsandthe front endof the service.lt interceptsclient
httprequestsindre-ordersor delayshemto achieve differ-
entiatedquality of serviceamongthe clients. The premise
is thattheperformancef aclientworkloadvariesin apre-
dictableway with theamountof resourcesvailableto ex-
ecuteit. Thescheduleenforcesapproximateproportional
sharingof theservices capacityto senerequestgthrough-
put) aimingat meetingthe performanceyoalsof thediffer-
entclientworkloads.In particular we usea a variationof
WeightedFair Queuing(WFQ) thatworksin systemswith
high degreeof concurreng.

However, given the dynamic naturethe systemand the
workloads,the sameshareof the services capacitydoes
not always resultin the sameperformance;e.g., a 10%
sharefor someclient may resultin a averagelateng of
100msatonepointin time andin 250 ms a few seconds
later Thus,shareshave to be adjusteddynamicallyto en-
force the workload performanceobjectves. The on-line
optimizationproblemthatneedgo be solvedhereis to set



thesharef the differentcompetingworkloadssothatthe
differencebetweenactualmeasurementandperformance
goalsis minimized overall workloads(possiblyconsider
ing prioritiesamongworkloads).

Accordingto the terminologyof the previous section,the
3-tier serviceincluding the scheduleris our system;the
workloadsharesaretheactuatorau(t) andtheperformance
measuremen{$ateng or throughputpf theworkloadsare
y(t); theperformanceoalsfor theworkloadsarecaptured
by yrer (t). However, whenusedin tandemwith the con-
troller, the schedulecould not be tunedto meetthe work-
load performancegoalsin the serviceoperatingundera
typical workload. The closed-loopsystemoften became
unstableandwould notcornvergeto theperformanceoals.

While investigatingthe reasonsof this behaior, we ob-
senedthatactuation(settingworkloadshares)py thecon-
troller would often have no effect in the system. As a
result,the controllerwould try moreaggressie actuation
which often led to oscillations. Going throughthe prop-
ertiesof Section2, we realizedthat C.5 (minimum phase)
wasviolated. WFQ schedulerslispatchrequestdor pro-
cessingn ascendingrderof tagsassignedo therequests
uponarrival at the schedulerithe tagsre ect the relative
shareof eachworkload. However, whenthe sharesvary
dynamically the tagsof queuedrequestsarenot affected.
Thus,dependingon the numberof queuedrequestsn the
schedulerit may take arbitrarily long for the new shares
to bere ected on dispatchingates. In otherwords,there
is no way to compensatéor previous actuations.For the
samereasonspropertiesC.3 and C.4 (known boundson
delayandorder) are not satis ed either Oneway to ad-
dressthis problemis by increasingthe samplingperiod.
However, thiswould notwork in generabecaus¢henum-
ber of queuedrequestswith old tags dependson actual
workload characteristicand is not necessarilypounded.
So,insteadwe lookedinto modifying the system.In par
ticular, we modi ed the basicWFQ algorithmto recalcu-
late the tagsof queuedrequestsvery time shareshange.
Thus, controller actuationsare re ected immediatelyon
requestlispatching After thismodi cation, propertiesC.3
—C.5aresatis edanddp = 1,n= 1for asamplingperiod
of 1 second.

Another, minor problemwith the schedulewasdueto the

inherentlinear dependeng of ary single share(actuator)
totheotherN 1 sharesits valueis 100%minusthe sum
of the others. As aresult, propertyC.6 wasviolated. We

addressethis problemby simply keepingonly N 1 actu-
ators. The schedulederivedthe valueof the Nth actuator
from thatof the others.

The systemabidesby all other properties. Monotonicity
(C.1)maynotholdfor afew samplingintervals,but it does
hold on averagein thelong term. Moreover, we have seen
that,with an estimationperiodof aroundl secondanon-

line RLS estimatoris able to tracethe systemdynamics
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Figure3: UsinganSTRto controlworkloadsharesn WFQ and
C-WFQ. The graphdepictsone of the workloadsin the system.
WFQ resultsin anunstablesystenthatmissesvorkloadgoals.

with locally linear models(C.2). The noiselevel in the
measurement®r the 3-tier serviceis atmost2% andthus
we chosea modelupdatethresholdof 4%. PropertyC.7
(zeromeans)s easilysatis ed by usinga moving average
to calculateon-line a constantfactor which is then sub-
tractedfrom the measurementalues. Similarly, we usea
moving averageto estimatea normalizationratio for the
measurement&.8, valuemagnitudes).

Figure3 illustratesthe performancef the systemwith the
cornventional (WFQ) and the modi ed (C-WFQ) sched-
ulers.Thesitehostedon the systemis aversionof the Jasa

PetStord8]. Theworkloadappliedto it mimicsreal-world

userbehaior, e.g., browsing, searchingand purchasing,
including the correspondindime scalesand probabilities
theseoccurwith. The fact that WFQ is not controllable
resultsin oscillationsin the systemandsubstantiatievia-

tionsfrom the performancegoals.

3.2 Trading off power and performance

In this case the objectie is to tradeoff power consump-
tion and performanceargets(both capturedin y(t)) in a
datacenterby controlling the numberof bladesdedicated
to a workload (capturedin u(k)). The on-line optimiza-
tion aims at reducingthe overall differencebetweeny(t)
andthe goalsfor performanceandpower consumptionlin
the caseof power, thegoalis zeroconsumptioni.e., min-
imization of the absolutevalue. All the datausedfor the
discussiorherearetakenfrom Bianchinietal. [3].

Clearly, increasinghenumberof bladesmonotonicallyin-
creasesonsumegboweranddeliveredperformancéC.1).
Whena new bladeis added thereis a spike beforepower
consumptionsettlesto a new (higher) level. This sug-
geststhat it would be hardto satisfy C.2 (accuratemod-
els). However, otherthanthis transientspike, the relation
betweempaowerandthenumberof bladesandbetweerper
formanceandthe numberof bladess steadywith anerror
of lessthan5%. In orderto abideby C.2, we cangetrid
off the initial spike in one of two ways: 1) by ignoring
thosepower measurementsisinga highersampleperiod,



e.g., of several seconds2) by automaticallyfactoringin
this spike in themodelestimationby usinga highermodel
order(nin C.4)with asampleperiodof justafew seconds.
Thevalueof dp (C.3) depend®n the samplingperiodand
on whethernew bladeshave to be booted(higherdp) or
arestand-by(lowerdp). C.5(minimumphase)s satis ed,
asthe effectsof new settings(numberof blades)override
previousones.C.7andC.8canalsobetrivially satis edby
usingamoving average asdescribedn Section2. Things
area little moresubtlewith C.6 (linearindependence)n
certainoperatingranges power and performancedepend
linearly on eachother In thosecasesthecontrollershould
consideronly oneof thesemeasuremenssy(k) to satisfy
C.6.

4 Conclusion

Designing closed-loopsystemsinvolves two key chal-
lenges.First, rigorouscontrollerdesignis a hardproblem
thathasbeenan active researchareafor decadesThere-
sulting theoryandmethodologyarenot alwaysapproach-
able by the systemscommunity However, certainman-
agemenproblemsin computersystemsanbeformulated
sothat designersnay useautomatecdapproachegor con-
troller designor even useoff-the-shelfcontrollers. Such
problemsinclude meetingperformancegoals[10], maxi-
mizing the utility of servicesandimproving enegy ef-
cieng [4]. It is anopenissuehow otherproblemssuchas
securityor dependabilityobjectives,canbe formalizedas
dynamiccontrolproblems.

Thus,for arangeof managemenproblemscontrollerde-
sign canbe consideredh solved problemfor the systems
community We shouldinsteadbe focusingon a second
challengethatis closerto our skill set. Thatis, how to de-
sign systemgthat are amenableo dynamiccontrol. This
paperdiscussesa canonicaketof propertiesderivedfrom
controltheory thatarny systemshouldabideby to be con-
trollable by a standardadaptve controller Checkingfor
thesepropertiesis not always an intuitive process.Even
worse,enforcingthemrequiresdomain-speci cexpertise,
aswe sav with thetwo examplesn Section3. Developing
a systematiapproactfor building controllablesystemss
anopenproblemthatdeseresfurtherattention.

References

[1] ABB AutomationProducts.AvantContmoller 410 version
1.5/2edition,2001.

[2] K. J.Astrom andB. Wittenmark. AdaptiveContmol. Elec-
trical Engineering: Control Engineering Addison-W\ésley
PublishingCompay, 2 edition, 1995. ISBN 0-201-55866-
1.

[3] R.BianchiniandR.Rajamony. PoverandEnegy Manage-
mentfor Sener Systems.|IEEE Computey 37(11):68—74,
November2004.

[4] J.ChaseD. AndersonP. Thakar A. VahdatandR. Doyle.
ManagingEnegy and Sener Resourcesn Hosting Cen-
tres. In ACM Symposiunon Openting System#&rinciples
(SOSP)pagesl03-116Banff, CanadaOctober2001.

[5] B. Egardt. Stability of AdaptiveContmwllers, volume 20.
SpringefVerlag,1979.1SBN 0-38709-646-9.

[6] J.Gray A corversationwith Jim Gray ACM Queue 1(4),
June2003.

[7] M. Honig andD. Messerschmitt. AdaptiveFilters: Struc-
tures, Algorithms, and Applications Kluwer Academic
PublishersHinghamMA, 1984.1SBN 0-898-38163-0.

[8] JavaPetStoe. www.middlevare-compaypcom.

[9] M. Karlsson,C. KaramanolisandX. Zhu. Triage: Perfor
mancelsolation and Differentiationfor StorageSystems.
In International\Wbrkshopon Quality of Service(IWQoS)
pagess7-74,Montreal,Canada,June2004.

M. Karlsson,X. Zhu, and C. Karamanolis. An Adaptive
Optimal Controllerfor Non-Intrusve PerformanceDiffer-
entiationin ComputingServices. In IEEE Confeenceon
Contmrol and Automation(ICCA), BudapestHungary June
2005. To appear

(10]

[11] J. O. KephartandD. M. Chess. The vision of autonomic

computing.IEEE Computey 36(1):41-50,January2003.

Y. Lu, T. AbdelzaherC. Lu, andG. Tao. An adaptve con-
trol framewvork for QoS guaranteesnd its applicationto
differentiatedcachingservices.In International\Workshop
onQuality of ServicgIWQoS) page3-32 Miami Beach,
FL, May 2002.

S. Parekh, K. Rose, Y. Diao, V. Chang, J. Hellerstein,
S.LightstoneandM. Huras.Throttling Utilities in thelIBM

DB2 UniversalDatabasé&ener. In AmericanContwol Con-
ference(ACC), pagesl986—-1991Boston,MA, June2004.

D. Patterson.A new focusfor a new century: availability
and maintainability>> performance. Keynote speechat
USENIX FAST, January2002.

J.-J.SlotineandW. Li. AppliedNonlinearControl. Prentice
Hall, 1991.1SBN 0-13-040890-5.

B. Urgaonkay P. Sheng, and T. Roscoe. ResourceDver-
bookingandApplication Pro ling in SharedHostingPlat-
forms. In USENIXSymposiunon Opeiating System®e-
sign and Implementatio(OSDI), pages239-254,Boston,
MA, DecembeR002.

J. Wilkes, J. Mogul, and J. Suermondt. Utili cation. In
11thACM SIGOPSEuropeanwbrkshop Leuven,Belgium,
SeptembeR004.

S. S. Xue Liu, Xiaoyun Zhu andM. Arlitt. Adaptive en-
tittementcontrol of resourcecontainerson sharedseners.
In 9th IFIP/IEEE International Symposiuron Integrated
NetworkManagement(IM), Nice, France May 2005.

(12]

(13]

(14]

(15]

(16]

(17]

(18]



