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Abstract

Adaptive control theoryis emerging asa viable approach
for the designof self-managedcomputersystems. This
paperarguesthat the systemscommunityshouldnot be
concernedwith the designof adaptive controllers—there
areoff-the-shelfcontrollersthat can be usedto tuneany
systemthatabidesby certainproperties.Systemsresearch
shouldinsteadbefocusingon theopenproblemof design-
ing andcon�guring systemsthatareamenableto dynamic,
feedback-basedcontrol. Currently, thereis no systematic
approachfor doingthis. To thataim, this paperintroduces
a set of propertiesderived from control theory that con-
trollablecomputersystemsshouldsatisfy. We discussthe
intuition behindthesepropertiesandthe challengesto be
addressedby systemdesignerstrying to enforcethem.For
thediscussion,weusetwo examplesof managementprob-
lems: 1) a dynamicallycontrolledschedulerthatenforces
performancegoalsin a 3-tier system;2) a systemwhere
wecontrolthenumberof bladesassignedto aworkloadto
meetperformancegoalswithin powerbudgets.

1 Intr oduction

As thesizeandcomplexity of computersystemsgrow, sys-
temadministrationhasbecomethepredominantfactorof
ownershipcost [6] anda main causefor reducedsystem
dependability[14]. The researchcommunityhasrecog-
nizedtheproblemandtherehave beenseveralcalls to ac-
tion [11, 17]. All theseapproachesproposesomeform of
self-managed,self-tunedsystemsthat aim at minimizing
manualadministrative tasks.

As aresult,computersareincreasinglydesignedasclosed-
loopsystems: asshown in Figure1, acontrollerautomati-
cally adjustscertainparametersof thesystem,on thebasis
of feedbackfrom the system. Examplesof suchclosed-
loop systemsaim at managingthe energy consumption
of servers[4], automaticallymaximizingtheutilization of
datacenters[16, 18], or meetingperformancegoalsin �le
servers[9], Internetservices[10, 12] anddatabases[13].
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Figure1: A closed-loopsystem.

Whenapplyingdynamiccontrol,it is importantthatthere-
sultingclosed-loopsystemis stable(doesnotexhibit large
oscillations)and convergesfast to the desiredend state.
Many existing closed-loopsystemsusead-hoccontrollers
andareevaluatedusingexperimentalmethods.We claim
thata morerigorousapproachis neededfor designingdy-
namicallycontrolledsystems.In particular, we advocate
the use of control theory, becauseit results in systems
that canbe shown to work beyond the narrow rangeof a
particularexperimentalevaluation. Computersystemde-
signerscantakeadvantageof decadesof experiencein the
�eld andcanapply well-understoodandoften automated
methodologiesfor controllerdesign.

However, we believe thatsystemsdesignersshouldnot be
concernedwith the designof controllers. Control theory
is anactive research�eld on its own, which hasproduced
streamlinedcontrolmethods[2] or evenoff-the-shelfcon-
troller implementations[1] thatsystemsdesignerscanuse.
Indeed,we show that many computermanagementprob-
lems can be formulatedso that standardcontrollerscan
be appliedto solve them. Thus, the systemscommunity
shouldstickwith systemsdesign;in thiscase,systemsthat
are amenableto dynamic, feedback-basedcontrol. That
is, providethenecessarytunablesystemparameters(actu-
ators) andexport the appropriatefeedbackmetrics(mea-
surements), so that an off-the-shelfcontrollercanbe ap-
pliedwithoutdestabilizingthesystem,while it ensuresfast
convergenceto the desiredgoals. Traditionally, control
theoryhasbeenconcernedwith systemsthataregoverned
by laws of physics(e.g.,mechanicaldevices),thusallow-
ing to makeassertionsabouttheexistenceor notof certain



properties.This is not necessarilythe casewith software
systems.We haveseenin practicethatcheckingwhethera
systemis controllableor, evenmore,building controllable
systemsis a challengingtaskofteninvolving non-intuitive
analysisandsystemmodi�cations.

As a �rst stepin addressingthe latter problem, this pa-
per proposesa set of necessaryand suf�cient properties
thatany systemmustabideby to becontrollableby astan-
dardadaptive controller that needslittle or no tuning for
thespeci�c system.Thesepropertiesarederivedfrom the
theoreticalfoundationsof awell-known family of adaptive
controllers. The paperdiscussesthe intuition andimpor-
tanceof thesepropertiesfrom a systemsperspective and
providesinsightsaboutthechallengesfacingthedesigner
that tries to enforcethem. The discussionhasbeenmo-
tivatedby lessonslearnedwhile designingself-managed
systemsfor an adaptive enterpriseenvironment[17]. In
particular, we elaborateon thediscussionof theproperties
with two verydiversemanagementproblems:1) enforcing
soft performancegoalsin networked serviceby dynami-
cally adjustingthesharesof competingworkloads;2) con-
trolling the numberof bladesassignedto a workload to
meetperformancegoalswithin powerbudgets.

2 Dynamic Control

Many computermanagementproblemscanbecastason-
line optimizationproblems.Informally speaking,the ob-
jectiveis to haveanumberof measurementsobtainedfrom
the systemconverge to the desiredgoalsby dynamically
settinga numberof systemparameters(actuators). The
problemis formalizedasanobjective function thathasto
be minimized. A formal problemspeci�cation is outside
thescopeof thispaper. Thekey pointhereis thatthereare
well-understood,standardcontrollersthat canbe usedto
solve suchoptimizationproblems. Existing researchhas
shown that, in the generalcase,adaptive controllersare
neededto tracethevaryingbehavior of computersystems
andtheir changingworkloads[9, 12, 18].

2.1 Self-tuning regulators

For the discussionin this paper, we focuson oneof the
best-known familiesof adaptive controllers,namelySelf-
TuningRegulators(STR))[2], thathavebeenwidely used
in practiceto solveon-lineoptimizationcontrolproblems.
The term “self-tuning” comesfrom the fact that the con-
troller parametersareautomaticallytunedto obtainthede-
siredpropertiesof theclosed-loopsystem.The designof
closed-loopsystemsinvolvesmany taskssuchasmodel-
ing, designof controllaw, implementation,andvalidation.
STRcontrollersaim at automatingthesetasks.Thus,they
canbeusedout-of-the-boxfor many practicalcases.Other
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Figure2: Thecomponentsof a self-tuningregulator.

typesof adaptivecontrollersproposedin theliteratureusu-
ally requiremoreinterventionby thedesigner.

As shown in Figure 2, an STR consistsof two basic
modules: the model estimatormoduleon-line estimates
a modelthatdescribesthecurrentmeasurementsfrom the
systemasa functionof a �nite historyof pastactuatorval-
uesandmeasurements;thatmodelis thenusedby thecon-
trol law modulethatsetstheactuatorvalues.We propose
usinga linearmodelof thefollowing form for modelesti-
mationin theSTR:

y(t) =
n

å
i= 1

Aiy(t � i) +
n� 1

å
i= 0

Biu(t � i � d0) (1)

wherey(t) is avectorof theN measurementsat timet and
u(t) is a vectorcapturingtheM actuatorsettingsat time t.
Ai andBi arethemodelparameters,with dimensionscom-
patiblewith thoseof vectorsy(t) andu(t). n is themodel
orderthatcaptureshow muchhistorythemodeltakesinto
account. Parameterd0 is the delaybetweenan actuation
andthetime the�rst effectsof thatactuationareobserved
on themeasurements.Theunknown modelparametersAi
andBi areestimatedusingRecursiveLeast-Squares(RLS)
estimation[7]. This is a standard,computationallyfastes-
timation techniquethat �ts (1) to a numberof measure-
ments,sothatthesumof squarederrorsbetweenthemea-
surementsandthemodelpredictionsis minimized.For the
discussionin this paper, we focuson discrete-timemod-
els. Onetime unit in this discrete-timemodelcorresponds
to aninvocationof thecontroller, i.e., samplingof system
measurements,estimationof amodel,andsettingtheactu-
ators.

Clearly, the relationbetweenactuationandobservedsys-
tem behavior is not always linear. For example, while
throughputis indeeda linear function of the shareof re-
sources(e.g.,CPUcycles)assignedto a workload,there-
lation betweenlatency andresourceshareis nonlinearas
Little' s law indicates.However, even in the caseof non-
linearmetrics,a linearmodelis oftenagood-enoughlocal
approximationto be usedby a controller[2], asthe latter
usuallyonly makessmallchangesto actuatorsettings.The
advantageof usinglinear modelsis that they canbe esti-
matedin computationallyef�cient ways.Thus,they result
in tractablecontrol laws andthey admit simpleranalysis
includingstability proofsfor theclosed-loopsystem.



Thecontrol law is essentiallya functionthat,basedon the
estimatedsystemmodel(1) at timet, decideswhattheac-
tuatorvaluesu(t) shouldbetominimizetheobjectivefunc-
tion. TheSTRderivesu(t) from a closed-formexpression
as a function of previous actuations,previous measure-
ments,modelparametersand the referencevalues(goal)
for themeasurements.Detailsof the theorycanbe found
in 	Aström et al. [2]. From a systemsperspective, the
importantpoint is that thesearecomputationallyef�cient
calculationsthat canbe performedon-line. Moreover, an
STR requireslittle system-speci�ctuning asit usesa dy-
namicallyestimatedmodelof the systemandthe control
law automaticallyadaptsto systemandworkloaddynam-
ics.

2.2 Propertiesof controllable systems

For theaforementionedprocessto applyandfor theresult-
ing closed-loopsystemto bestableandto havepredictable
convergencetime,control theoryhasderiveda list of nec-
essaryandsuf�cient propertiesthatthetargetsystemmust
abideby [2, 7]. In the following paragraphs,we interpret
thesetheoreticalrequirementsinto a setof system-centric
properties.We provideguidelinesabouthow onecanver-
ify whethera propertyis satis�ed andwhat are the chal-
lengesfor enforcingthem.

C.1. Monotonicity. Theelementsof matrix B0 in (1) must
each havea knownsignthat remainsthesameover time.

The intuition behindthis propertyis that the real (nones-
timated)relationbetweenany actuatorandany measure-
mentmustbemonotonicandof known sign.Thisproperty
usuallyrefersto somephysicallaw. Thus,it is generally
easyto checkfor it andgetthesignsof B0. For example,in
the long term,a processwith a largeshareof CPUcycles
getshigherthroughputandlower latency thanonewith a
smallershare.

C.2. Accurate models.Theestimatedmodel(1) is a good-
enoughlocal approximationof thesystem'sbehavior.

As discussed,the modelestimationis performedperiodi-
cally. A fundamentalrequirementis thatthedynamicrela-
tion betweenactuatorsandmeasurementsis capturedsuf-
�ciently by the modelaroundthe currentoperatingpoint
of the system. In practice,this meansthat the estimated
modelmusttrackonly real systemdynamics.We usethe
term noise to describedeviations in the systembehavior
that are not capturedby the model. It hasbeenshown
that to ensurestability in linear systemswhere there is
a known upperboundon the noiseamplitude,the model
shouldbeupdatedonly whenthemodelerror is twice the
noisebound[5]. Thetheoryis morecomplicatedfor non-
linearsystems[15], but theaboveprinciplecanbeusedas
a rule of thumb in that casetoo. Therearea numberof
sourcesfor theaforementionednoise:

1. Systemdynamicsthat have a frequency higher than
that of samplingin the system,especiallywhenone
measuresinstantaneousvalues insteadof averages
over thesamplinginterval.

2. Suddentransientdeviationsfrom theoperatingrange
of thesystem.For example,rapidlatency �uctuations
becauseof contentiononasharednetwork link.

3. A fundamentallyvolatile relationbetweencertainac-
tuatorsandmeasurements.Oneexampleis the rela-
tion betweenresourcesharesandprovided through-
put. When the aggregatethroughputof the system
oscillatesa lot (asis often the casein practice),this
relation is volatile. Instead,a more stablerelation
couldbeexpressedasthefractionof thetotal system
throughputreceived by a workloadas a function of
share.

4. Quantizationerrorswhenalinearmodelis usedto ap-
proximatelocally in an operatingrangethebehavior
of a nonlinearsystem.

In fact,a tiny actuationerrorhasoftento beintroduced,so
that thesystemis excitedsuf�ciently for a goodmodelto
bederived.In otherwords,thesystemis forcedto slightly
deviate from its operatingpoint to derive a linear model
approximation(you needtwo pointsto draw a line). It is
the controller that typically introducessuchsmall pertur-
bationsfor modelingpurposes.

Picking actuatorsandmeasurementmetricsthat result in
stable,ideally linear, relationsis oneof themostchalleng-
ing andimportanttasksin thedesignof acontrollablesys-
tem,aswediscussin Section3. Thefollowing two proper-
tiesarealsorelatedto therequirementfor accuratemodels.

C.3. Known systemdelay. There is a knownupperbound
d0 on thetimedelayin thesystem.

C.4. Known systemorder. Thereis a knownupperbound
n on theorderof thesystem.

PropertyC.3ensuresthatthecontrollerknowswhento ex-
pect the �rst effects of its actuations,while C.4 ensures
thatthemodelrememberssuf�ciently many prior measure-
ments(y(t)) andactuations(u(t)) to capturethedynamics
of the system. Thesepropertiesare neededfor the con-
troller to be able to observe the effects of its actuations
andthenattemptto correctany error in subsequentactua-
tions. If the modelorderwaslessthanthe actualsystem
order, thenthe controllerwould not be awareof someof
the causalrelationsbetweenactuationandmeasurements
in thesystem.Thevaluesof d0 andn arederivedexperi-
mentally. The designeris facedwith a trade-off: On one
hand,the valuesof d0 andn mustbe suf�ciently high to
captureasmuchaspossibleof thecausalrelationsbetween
actuationandmeasurements.On theotherhand,a high d0
impliesaslow-respondingcontrollerandahighn increases



thecomputationalcomplexity of theSTR.d0 = 1 andn= 1
areidealvalues.

C.5. Minimum phase.Recentactuationshavehigherim-
pacton themeasurementsthanolderactuationsdo.

A minimum phasesystemis basicallyone for which the
effectsof anactuationcanbecorrectedor canceledby an-
other, lateractuation.It ispossibletodesignSTRsthatdeal
with non-minimumphasesystems,but they involveexper-
imentationand non-standarddesignprocesses.In other
words,without the minimum phaserequirement,we can-
not useoff-the-shelfcontrollers. Typically, physicalsys-
temsareminimum phase—thecausaleffectsof eventsin
the systemfadeas time passesby. Sometimes,however,
this is not the casewith computersystems,aswe seein
Section3. To ensurethis property, a designermustre-set
any internal statethat re�ects older actuations.Alterna-
tively, thesampleinterval canalwaysbeincreaseduntil the
systembecomesminimumphase.Consider, for example,
a systemwheretheeffectof anactuationpeaksafterthree
sampleperiods.By increasingthesampleperiodthreefold,
thepeakis now containedin the �rst sampleperiod,thus
abiding by this property. Increasingthe sampleinterval
shouldonly be a last resort,as longersamplingintervals
resultin slowercontrolresponse.

C.6. Linear independence.Theelementsof each of the
vectorsy(t) andu(t) mustbelinearly independent.

Unlessthis propertyholds, the quality of the estimated
model is poor: the predictedvalue for y(k) may deviate
considerablyfrom the actualmeasurements.The reason
for thisrequirementis thatsomeof thecalculationsin RLS
involve matrix inversion.WhenC.6 is not satis�ed, there
existsa matrix internalto RLS that is singularor closeto
singular. When inverted,that matrix containsvery large
numbers,whichin combinationwith thelimited resolution
of �oating pointarithmeticof aCPU,resultin modelsthat
arewrong.Notethatthepropertydoesnot requirethatthe
elementsin u(k) andin y(k) arecompletelynon-correlated;
they mustnot be linearly correlated.Often, simple intu-
ition abouta systemmaybesuf�cient to ascertainif there
arelineardependenciesamongactuators,asweseein Sec-
tion 3.

C.7. Zero-mean measurements and actuator values.
Theelementsof each of the vectors y(k) and u(k) should
havea meanvaluecloseto 0.

If the actuatorsor the measurementshave a large con-
stantcomponentto them,RLS tries to accuratelypredict
this constantcomponentandmaythusmissto capturethe
comparablysmallchangesdueto actuation.For example,
whenthemeasuredlatency (in ms)in asystemvariesin the
[1000;1100] rangedependingontheshareof resourcesas-
signedto aworkload,themodelestimatorwouldnotaccu-
ratelycapturetherelatively smallchangesdueto theshare
actuation. If thereis a large constantcomponentin the
measurementsandit is known, thenit canbe simply de-

ductedfrom thereportedmeasurements.If it is unknown,
then it can be easily estimatedusing a moving average.
Problemsmayariseif this constantvaluechangesrapidly,
for examplewhena workloadrapidly alternatesbetween
beingdisk-boundandcache-boundresultingin morethan
an orderof magnitudedifferencein measuredlatency. In
thatcase,it is probablybetterto searchfor a new actuator
andmeasurementcombination.

C.8. Comparablemagnitudesof measurementsand ac-
tuator values.Thevaluesof theelementsin y(k) andu(k)
shouldnotdiffer bymore thanoneorderof magnitude.

If themeasurementvaluesor theactuatorvaluesdiffercon-
siderably, thenRLS resultsin a modelthatcapturesmore
accuratelytheelementswith thehighervalues.Thereare
no theoreticalresultsto indicate the thresholdat which
RLSstartsproducingbadmodels.Instead,wehaveempir-
ically found that the quality of modelsestimatedby RLS
in acontrolloopstartdegeneratingfastaftera thresholdof
oneorderof magnitudedifference. This problemcanbe
solved easilyby scalingthe measurementsandactuators,
sothattheirvaluesarecomparable.Thisscalingfactorcan
alsobeestimatedusinga moving average.

3 Casestudies

In thissection,we illustratethesystemsaspectsof thepre-
viouspropertiesandthewideapplicabilityof theapproach,
with two examplesof managementproblems.

3.1 Controllable Scheduler

Here,we considera 3-tier e-commerceservicethat con-
sistsof a webserver, anapplicationserveranda database.
A scheduleris placedon the network path betweenthe
clientsandthefront endof theservice.It interceptsclient
httprequestsandre-ordersordelaysthemtoachievediffer-
entiatedquality of serviceamongtheclients.Thepremise
is thattheperformanceof aclientworkloadvariesin apre-
dictablewaywith theamountof resourcesavailableto ex-
ecuteit. Theschedulerenforcesapproximateproportional
sharingof theservice'scapacitytoserverequests(through-
put)aimingatmeetingtheperformancegoalsof thediffer-
entclient workloads.In particular, we usea a variationof
WeightedFair Queuing(WFQ)thatworksin systemswith
highdegreeof concurrency.

However, given the dynamicnaturethe systemand the
workloads,the sameshareof the service's capacitydoes
not always result in the sameperformance;e.g., a 10%
sharefor someclient may result in a averagelatency of
100msat onepoint in time andin 250msa few seconds
later. Thus,shareshave to beadjusteddynamicallyto en-
force the workload performanceobjectives. The on-line
optimizationproblemthatneedsto besolvedhereis to set



thesharesof thedifferentcompetingworkloadssothatthe
differencebetweenactualmeasurementsandperformance
goalsis minimizedoverall workloads(possiblyconsider-
ing prioritiesamongworkloads).

Accordingto the terminologyof theprevioussection,the
3-tier serviceincluding the scheduleris our system;the
workloadsharesaretheactuatorsu(t) andtheperformance
measurements(latency or throughput)of theworkloadsare
y(t); theperformancegoalsfor theworkloadsarecaptured
by yref (t). However, whenusedin tandemwith the con-
troller, theschedulercouldnot betunedto meetthework-
load performancegoals in the serviceoperatingundera
typical workload. The closed-loopsystemoften became
unstableandwouldnotconvergeto theperformancegoals.

While investigatingthe reasonsof this behavior, we ob-
servedthatactuation(settingworkloadshares)by thecon-
troller would often have no effect in the system. As a
result,thecontrollerwould try moreaggressive actuation
which often led to oscillations. Going throughthe prop-
ertiesof Section2, we realizedthatC.5 (minimumphase)
wasviolated. WFQ schedulersdispatchrequestsfor pro-
cessingin ascendingorderof tagsassignedto therequests
uponarrival at the scheduler;the tagsre�ect the relative
shareof eachworkload. However, whenthe sharesvary
dynamically, the tagsof queuedrequestsarenot affected.
Thus,dependingon thenumberof queuedrequestsin the
scheduler, it may take arbitrarily long for the new shares
to bere�ected on dispatchingrates.In otherwords,there
is no way to compensatefor previousactuations.For the
samereasons,propertiesC.3 andC.4 (known boundson
delayandorder)arenot satis�ed either. Oneway to ad-
dressthis problemis by increasingthe samplingperiod.
However, thiswouldnotwork in generalbecausethenum-
ber of queuedrequestswith old tagsdependson actual
workload characteristicsand is not necessarilybounded.
So,instead,we lookedinto modifying thesystem.In par-
ticular, we modi�ed thebasicWFQ algorithmto recalcu-
latethetagsof queuedrequestsevery time shareschange.
Thus, controller actuationsare re�ected immediatelyon
requestdispatching.After thismodi�cation, propertiesC.3
– C.5aresatis�edandd0 = 1, n = 1 for a samplingperiod
of 1 second.

Another, minorproblemwith theschedulerwasdueto the
inherentlinear dependency of any singleshare(actuator)
to theotherN � 1 shares:its valueis 100%minusthesum
of theothers.As a result,propertyC.6 wasviolated. We
addressedthisproblemby simplykeepingonly N� 1 actu-
ators.Theschedulerderivedthevalueof theNth actuator
from thatof theothers.

The systemabidesby all otherproperties.Monotonicity
(C.1)maynotholdfor afew samplingintervals,but it does
hold on averagein thelong term. Moreover, we haveseen
that,with anestimationperiodof around1 second,anon-
line RLS estimatoris able to tracethe systemdynamics
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Figure3: UsinganSTRto controlworkloadsharesin WFQand
C-WFQ.The graphdepictsoneof theworkloadsin the system.
WFQ resultsin anunstablesystemthatmissesworkloadgoals.

with locally linear models(C.2). The noiselevel in the
measurementsfor the3-tierserviceis atmost2%andthus
we chosea modelupdatethresholdof 4%. PropertyC.7
(zeromeans)is easilysatis�edby usinga moving average
to calculateon-line a constantfactor which is then sub-
tractedfrom themeasurementvalues.Similarly, we usea
moving averageto estimatea normalizationratio for the
measurements(C.8,valuemagnitudes).

Figure3 illustratestheperformanceof thesystemwith the
conventional (WFQ) and the modi�ed (C-WFQ) sched-
ulers.Thesitehostedonthesystemis aversionof theJava
PetStore[8]. Theworkloadappliedto it mimicsreal-world
userbehavior, e.g., browsing, searchingand purchasing,
including the correspondingtime scalesandprobabilities
theseoccur with. The fact that WFQ is not controllable
resultsin oscillationsin thesystemandsubstantialdevia-
tionsfrom theperformancegoals.

3.2 Trading off power and performance

In this case,the objective is to tradeoff power consump-
tion andperformancetargets(both capturedin y(t)) in a
datacenterby controlling thenumberof bladesdedicated
to a workload (capturedin u(k)). The on-line optimiza-
tion aimsat reducingthe overall differencebetweeny(t)
andthegoalsfor performanceandpowerconsumption.In
thecaseof power, thegoal is zeroconsumption,i.e.,min-
imization of the absolutevalue. All thedatausedfor the
discussionherearetakenfrom Bianchiniet al. [3].

Clearly, increasingthenumberof bladesmonotonicallyin-
creasesconsumedpoweranddeliveredperformance(C.1).
Whena new bladeis added,thereis a spike beforepower
consumptionsettlesto a new (higher) level. This sug-
geststhat it would be hard to satisfyC.2 (accuratemod-
els). However, otherthanthis transientspike, therelation
betweenpowerandthenumberof blades,andbetweenper-
formanceandthenumberof bladesis steadywith anerror
of lessthan5%. In orderto abideby C.2, we canget rid
off the initial spike in one of two ways: 1) by ignoring
thosepower measurements,usinga highersampleperiod,



e.g.,of several seconds;2) by automaticallyfactoringin
thisspike in themodelestimationby usingahighermodel
order(n in C.4)with asampleperiodof justafew seconds.
Thevalueof d0 (C.3)dependson thesamplingperiodand
on whethernew bladeshave to be booted(higherd0) or
arestand-by(lowerd0). C.5(minimumphase)is satis�ed,
astheeffectsof new settings(numberof blades)override
previousones.C.7andC.8canalsobetrivially satis�edby
usinga moving average,asdescribedin Section2. Things
area little moresubtlewith C.6 (linear independence).In
certainoperatingranges,power andperformancedepend
linearlyoneachother. In thosecases,thecontrollershould
consideronly oneof thesemeasurementsasy(k) to satisfy
C.6.

4 Conclusion

Designing closed-loopsystemsinvolves two key chal-
lenges.First, rigorouscontrollerdesignis a hardproblem
thathasbeenanactive researchareafor decades.There-
sulting theoryandmethodologyarenot alwaysapproach-
able by the systemscommunity. However, certainman-
agementproblemsin computersystemscanbeformulated
so thatdesignersmay useautomatedapproachesfor con-
troller designor even useoff-the-shelfcontrollers. Such
problemsincludemeetingperformancegoals[10], maxi-
mizing the utility of services,andimproving energy ef�-
ciency [4]. It is anopenissuehow otherproblems,suchas
securityor dependabilityobjectives,canbe formalizedas
dynamiccontrolproblems.

Thus,for a rangeof managementproblems,controllerde-
sign canbe considereda solved problemfor the systems
community. We shouldinsteadbe focusingon a second
challengethatis closerto our skill set.Thatis, how to de-
sign systemsthat areamenableto dynamiccontrol. This
paperdiscussesacanonicalsetof properties,derivedfrom
control theory, thatany systemshouldabideby to becon-
trollable by a standardadaptive controller. Checkingfor
thesepropertiesis not alwaysan intuitive process.Even
worse,enforcingthemrequiresdomain-speci�cexpertise,
aswesaw with thetwo examplesin Section3. Developing
a systematicapproachfor building controllablesystemsis
anopenproblemthatdeservesfurtherattention.
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