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Abstract

Methodsfor automaticallymanagingtheperformanceof
computingservicesmustestimatea performancemodelof
that service. Thispaperexplorespropertiesthat are neces-
sary for performancemodelestimationof black-boxcom-
puter systemswhenusedtogether with adaptivefeedback
loops. It showsthat the standard methodof least-squares
estimationoftengivesrise to modelsthat make thecontrol
loop performthe oppositeaction of what is desired. This
produceslarge oscillationsandbadtracking performance.
Thepaperevaluateswhatcombinationof input andoutput
data providesmodelswith the bestpropertiesfor the con-
trol loop. Plus,it proposesthreeextensionsto thecontroller
that makesit performwell, evenwhenthemodelestimated
wouldhavedegradedperformance.

Our proposedtechniquesareevaluatedwith anadaptive
controller that provides latency targets for workloadson
black-boxcomputerservicesundera varietyof conditions.
Thetechniquesareevaluatedontwosystems:a three-tiere-
commercesiteanda webserver. Experimentalresultsshow
that our bestestimationapproach improvesthe ability of
thecontroller to meetthelatencygoalssigni�cantly. Previ-
ouslyoscillatingworkloadlatenciesarewith our techniques
smootharoundthelatencytargets.

1 Intr oduction

Theincreasingcostsassociatedwith managingcomputer
systemshavespurreda lot of interestin automaticallyman-
agingsystemwith little or no humanintervention. Exam-
plesof this includes,managingtheenergy consumptionof
servers[4, 14], automaticallymaximizingtheutility of data
centers[22], and meetingperformancegoals in �le sys-
tems [15, 16], 3-tier e-commercesites [13, 16], disk ar-
rays[3, 18, 23], databases[19] andwebservers[1, 20].

For a solutionto a speci�c managementproblemto be

applicableto asmany systemsaspossibleit shouldbenon-
intrusive. The reasonfor this is that mostcomputingsys-
temshavenonativesupportfor automaticmanagement,and
in thegeneralcase,cannotbemodi�ed easilyto do sodue
to proprietarysourcesand/orthecomplexity of themodi�-
cations.We refer to sucha systemasa black-boxsystem.
It hasa numberof adjustableactuators(e.g.,perworkload
CPU shareor throughputper workload) that will change
a numberof measurements(e.g., latency, availability and
throughput).Any managementsolutionfor ablack-boxsys-
tem hasto be able to discover a relationshipbetweenthe
actuatorsandthemeasurements,andthenbeableto setthe
actuatorssothethemanagementgoalsareachieved.

Onetechniquethathassuccessfullysolvedmanagement
problemsof black-box systemsis control-theoreticfeed-
back loops [8, 9]. Thesemethodscan deal with poor
knowledge of the system,changesin the systemor the
workloads,andotherdisturbances.Classicalnon-adaptive
control-theoreticmethodsareusuallynot adequatefor two
reasons. First, for many systemsit is not even possi-
ble to usenon-adaptive control asthe systemchangestoo
much[13, 15, 16]. For example,the performanceexperi-
enceby a client of a three-tiere-commercesitedependson
many things: what tier a requestis served from, if it was
servedfrom thediskor thememorycacheof thattier, what
otherclientsare in the system,andso on. Second,to be
applicableto morethanonespeci�c systemcon�guration,
it is unreasonableto requirea lot of tuningfor eachsystem
change. Thus, we will focuson adaptive controllersthat
automaticallytunethemselveswhile thesystemis running.

Self-tuning regulators(STR) [2] are one of the most
commonlyusedandwell studiedadaptivecontrollers.They
consistof two parts:anestimatoranda control law, which
are usually invoked at every sampleperiod. The most
commonlyusedestimatorin STRis recursive least-squares
(RLS) [10]. Thepurposeof thisestimatoris to dynamically
estimatea modelof thesystemrelatingthemeasuredmet-
rics with theactuation.Thecontrol law will then,basedon
this model, set the actuatorssuchthat the desiredperfor-
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manceis achieved. Theability of thecontrollerto achieve
the performancegoals is explicitly tied to how well the
modelrepresentsthesystemat thatinstant.

This papershows that standardRLS doesnot provide
goodcontrolperformancefor STRsusedin black-boxsys-
tems,andproposesandevaluatesa numberof extensions
of RLS that provide good control performancefor STRs.
Morespeci�cally, weevaluatewhatmeasurementandactu-
ation combinationsprovidesthe bestmodels,andwe pro-
posethreemethodsof dealingwith poor modelssuchthat
they do not decreasecontrollerperformance.Thesethree
methodsare: (1) to remembera goodmodelandusethat
onewhena poormodelis produced,(2) to modify thepoor
modelsuchthat it becomesgood,and(3) to run multiple
estimatorsandpick thebestmodeloutof all of them.

We have evaluatedthe proposedextensionsusing an
adaptive controller that provideslatency targetsfor work-
loadson black-boxcomputerservicesundera variety of
conditions[16]. Theevaluationis performedbothanalyti-
cally andexperimentallyontwo realsystems:a three-tiered
e-commercesiteandawebserver. Theresultsshow thatour
bestproposedmethodofferssuperiorcontrolperformance,
comparedto the baselineof standardRLS without any of
our techniques.This bestmethodusesanaf�ne functionof
throughput,andit modi�es themodelsit detectsarepoor.

2 Background and Problem

Throughoutthis paperwe usea black-boxcomputing
systemexecutingworkloads,asdepictedin Figure1. The
computingsystemhasa numberof controlparametersthat
affect thesystem.Thesecontrolsarecalledactuators. We
measuretheeffect theseactuatorshaveon thesystemusing
themeasurementsthatthesystemexports.If thecomputing
systemdoesnotexport suitableactuatorsor measurements,
wecaninterposethe�o w of requestswith ascheduler[12],
allowing usto control(actuate)the�o w into thesystemand
measuretheperformanceat thescheduler. A systemmight
haveactuatorsandmeasurementsfrom eitherthescheduler
or theblack-boxsystem,or from bothof thetwo parts.

Themethodsweproposeareapplicableto any combina-
tion of actuatorsandmeasurements,aslongastheexpected
relationshipbetweenthemis monotonic.Examplesof this
include: controlling thepercentageof CPUresourceseach
workloadgetsandmeasuringperformancein termsof trans-
feredbits/s;changingtheamountredundancy andmeasur-
ing thedependability;andadjustingCPUfrequency to meet
powerconsumptiontargets.

The adaptive controllerusedin this paperis thewidely
usedself-tuningregulator (STR) depictedin Figure 2. It
consistsof two parts:anestimatoranda control law. In or-
derto explainwhy thestandardestimatordoesnot perform
well andwhatkind of problemsit cangivethecontrolloop,
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Figure 2. The self­tuning regulator studied.

we�rst describetheestimatorin Section2.1andthecontrol
law in somedetail in Section2.2.

2.1 RecursiveLeast­SquaresEstimation

Recursive least-squares(RLS) [10] is one of the most
widely usedestimationalgorithm in adaptive controllers,
due to its robustnessagainstnoise, its good convergence
speedandprovedconvergencepropertiesthatcanbeusedto
provethestability of thewholecontrol loop. Our proposed
methodsarealsovalid for otherversionsof least-squares,
suchasextendedleast-squares,total least-squares,thepro-
jection algorithm, the stochasticapproximationalgorithm
and least-meansquares.It is applicableto any technique
estimatingamodelon thesameform asRLS.

In order to explain least-squaresestimationwe have to
introducesomenotation. Let u(k) = [u1(k) : : :uM(k)]T be
the vector of the M actuatorsettingduring samplingin-
terval k, and let y(k) = [y1(k) : : : yN(k)]T be the vectorof
the performancemeasurementsof the N workloads,mea-
suredat thebeginningof interval k. Thesymbolshavebeen
collectedin Table 1 for easyreference. The relationship
betweenu(k) andy(k) canbe describedby the following
multiple-input-multiple-output (MIMO) model:

y(k) =
n

å
i= 0

Aiy(k� i � 1) + Biu(k� i � 1) (1)

whereAi andBi arethemodelparameters.Note thatAi 2
RN� N, B j 2 RN� M, 0< i � n, 0 � j < n, wheren is theorder



Symbol Meaning

y(k) Performancemeasurementsat timek.
u(k) Actuatorsettingsat time k.
Ai Modelparametersin front of y.
Bi Modelparametersin front of u.

X(k) Modelparametermatrixat time k.
f (k) Regressionvectorat time k.

yref (k) Desiredperformanceat time k.
T(k) Throughputat timek.
TS(k) Total throughputat time k.
L(k) Latency at time k.
S(k) Sharesettingat timek.

Table 1. Frequentl y used symbols.

of themodel.This linearmodelwaschosenfor tractability
aswe know that the relationshipwill indeed,in all but the
mosttrivial cases,benonlinear. However, it will bea good
local approximationof thenonlinearfunction,andthis will
often be goodenoughfor the controlleras it usuallyonly
makessmallchangesto theactuatorsettings.

For notationalconvenience,werewrite thesystemmodel
in thefollowing form, whichweusein therestof thepaper:

y(k+ 1) = X(k)f (k) (2)

where

X(k) = [B0 : : : Bn� 1 A0 : : : An� 1]
f (k) = [uT (k) : : : uT (k � n+ 1) yT (k) : : : yT (k � n+ 1)]T

whereX(k) is called the parametermatrix andf (k) is re-
ferredto astheregressionvector.

RLS is thende�ned by thefollowing equations:

X̂(k+ 1) = X̂(k) +
e(k+ 1)f T (k)P(k� 1)
l + f T(k)P(k� 1)f (k)

(3)

e(k+ 1) = y(k+ 1) � X̂(k)f (k) (4)

P(k) =
P(k� 1)

l
�

P(k� 1)f (k)f T (k)P(k� 1)
l (1+ f T(k)P(k� 1)f (k))

(5)

whereX̂(k) is theestimateof thetruevalueof X(k), e(k) 2
RN� 1 is the estimationerror vector, P(k) 2 RNMn� NMn is
the covariancematrix and l is the forgetting factor (0 <
l � 1). A high l meansthat RLS remembersa lot of old
datawhenit computesthe new model. Conversely, a low
l meansthat it largely ignoresprevious modelsand only
focusesonproducingamodelfrom thelastfew samples.

Theintuition behindtheseequationsis quitesimple.(4)
computesthe error betweenthe latest performancemea-
surementsand the performanceprediction of the model
X̂(k)f (k). We refer to this asthe rls error. The modelpa-
rametersarethenadjustedin (3) accordingto the rls error
and anotherfactor dependenton the covariancematrix P
computedin (5). P containsthe covariancesbetweenall

the measurementsandthe actuators.The model X̂ is then
usedby the control law describednext to setthe actuators
correctly.

2.2 Control Law

The only way RLS de�nes an error in the model is
throughtherls error. In thissection,wewill show thateven
if a modelhasno rls error, it still might give rise to unac-
ceptablecontrollerperformance.To beableto explainwhy
this is thecaseandwhatotherpropertyotherthanrls error
the model needto have, we needto explain a baremini-
mumself-tuningregulator(STR).While thisbasicSTRhas
a numberof drawbacks,it servesthepurposeof explaining
theproblemwith aslittle aspossibleof control-theoreticde-
tails. All otherdirectSTRshavethisproblem,theequations
arejust moreelaborate.

Assumefor notationalconveniencethattheorderof our
systemmodelis one.Themodel(1) is then:

y(k) = A0y(k� 1) + B0u(k� 1) (6)

To turn this model into a controller, we observe that a
controlleris afunctionthatreturnsu(k). If weshift equation
(6) onestepaheadin time andsolve for u(k), we get:

u(k) = B� 1
0 (y(k+ 1) � A0y(k)) (7)

If this equationis to beusedto calculatetheactuationset-
ting u(k), theny(k+ 1) representsthedesiredperformance
to bemeasuredat thenext samplepointat timek+ 1, i.e., it
is yref (k). Thus,the�nal controllaw is:

u(k) = B� 1
0 (yref (k) � A0y(k)) (8)

This is a simpleSTRfor themodelgivenby (6).
To illustratethepoint thatamodelwith zerorls errorcan

still causethecontrollerto underperform,considera black-
box computingsystemwherethe actuatoris the shareof
CPUwegiveto eachworkload,andtheperformancemetric
we careaboutis latency. For this system,considertwo es-
timatorsthatproducethesetwo modelswith only oneinput
andoneoutput:

X1(k) = [� 0:2 0:6]

X2(k) = [0:2 0:4]

If y(k � 1) = y(k) = 4 and u(k � 1) = 2 i.e., f (k � 1) =
[2 4]T , thenX1(k)f (k � 1) = X2(k)f (k � 1) andbothhave
the samerls error. Considernow what happenswhenwe
usethesetwo modelsthatareequivalentin theleast-squares
sense,in thecontrollaw (8) whenyref (k) = 1. For model1,
theactuatorsettingwould beu1(k) = 1

� 0:2(1� 0:6� 4) = 7.
Model 1 doeswhatwe would expect. Whenthecontroller



observesa latency that is higherthandesiredit shouldin-
creasethe CPU shareof the workloadthat its latency will
go down. But with model 2, it doesthe completeoppo-
site of what is desired,as u2(k) = 1

0:2(1 � 0:4 � 4) = � 3.
It decreasestheCPU shareso that the latency is increased
and the latency target is missedeven more. If the model
wasconstant,the controllerusingmodel2 would eventu-
ally reachthelatency goal.But with anadaptivecontroller,
themodelchanges,so this badbehavior might go on for a
muchlongertime. Wewill show in theexperimentalsection
that this happensfrequentlyandgivesrise to performance
degradations.

In theexampleabove,B0 is negativewhenthecontroller
works and positive when it doesnot work. The physical
meaningof B0 in (6) should re�ect the fact that if more
shareis given to a workload,the latency shouldgo down,
and conversely, if lessis given the latency shouldgo up.
For that to be true,B0 hasto negative. To illustratewhy it
is moreimportantfor B0 to have the correctsign thanany
othermodelparameter, considerthiscontrollaw derivedus-
ing a secondordermodel.

u(k) = B� 1
0 (yref (k) � A0y(k) � A1y(k� 1) � B1u(k� 1))

(9)
If oneof A0, A1 or B1 hasthe incorrectsign, theotherpa-
rametersmight correct for this and the whole expression
within theparenthesiscomesout with theright sign. How-
ever, if B0 hasthewrongsign thereis no singleparameter
that cancompensatefor this, unlessthe whole expression
within the parenthesiscomesout with thewrong sign too.
Thehighertheorder, themorecritical it is thatB0 hasthe
right sign,comparedto theall theothermodelparameters.

Whenthemodelhasmorethanoneinputandoneoutput,
B0 is a matrix. Thediagonalsof this matrix shouldthenbe
negativeasan increasein CPUshareof a workloadshould
resultin lower latency. Eachentryin theanti-diagonalcap-
turesthe effect increasingthe shareof one workload has
on the latency of oneotherworkload. Theseshouldthen
bepositive or zero. Positive if the two workloadscompete
for someresourcein thesystemasincreasingthe shareof
onewould decreaseit for theother, andzeroif they do not
competefor a resource1. A correctB0 would thenfor the
combinationof aCPUshareactuatorandlatency astheper-
formancemeasurement,look like this:

0

B
B
B
@

< 0 � 0 � � � � 0
� 0 < 0 � � � � 0

...
...

...
...

� 0 � 0 � � � < 0

1

C
C
C
A

(10)

1It is actuallypossiblefor the anti-diagonalentriesto be negative as
increasingtheamountof resourcesfor oneworkloadmightpositively help
another. This might occurif oneworkloadloadsdatainto a cachethatthe
otherworkloadthenreads.However, wehavenotbeenableto observe this
onoursystems.

Otheractuatorandperformancemeasurementcombina-
tion would have other rules on what a correctB0 is. For
exampleif the performancemeasurementwas throughput
insteadof latency, the diagonalsof (10) would be > 0,
ashigherCPU sharemeanshigher throughput. The anti-
diagonalswould thenbe� 0.

3 Solutions

In this section,we proposetwo typesof solutions,both
aimed at improving modelsand thus the control perfor-
mance.First in Section3.1, we look at what combination
andarithmeticmanipulationof actuatorsandmeasurements
producesthebestmodelswhenconsideringtherls errorand
theerrorto B0. Second,weproposeanumberof techniques
thatcanalleviatetheimpactof a B0 with incorrectsignsin
Section3.2.

3.1 PossibleInput Vectors

As an examplein this sectionwe will usethemeasure-
mentsandactuatorswe usein theevaluationin Section4.
The techniquespresentedin this sectioncanbe usedwith
otheractuatorsandmeasurementsas long as the relation-
shipis monotonic.Actuatorscanbegroupedinto two main
types: ratios andabsoluteactuators.Our examplesystem
usesa ratio actuatornamelytheshare(S(k)) of thenumber
of requeststhat is submittedto the systemon a per work-
loadbasis.However, it is alsopossibleto maptheabsolute
throughput(T(k)) to the real physicalactuator, by just di-
viding eachindividualworkload'sthroughputwith thetotal
throughputfrom all theworkloads.We thenhave two actu-
atorswecanuse,S(k) andT(k). In thesystem,wecanmea-
surelatency (L(k)) andweareinterestedin meetinglatency
goals. y(k) shouldthenbe setto L(k) aswe areinterested
in predictingandcontrolling latency. Thequestionis then,
whatshouldwe thenput in f (k) to getanestimationthatis
asgoodaspossible?

Therearesomerulesof thumbto think aboutwhenmak-
ing this decision. First, the fewer the variables,the faster
RLS will generallyconverge. To leave out critical vari-
ablesis not goodeither, for obvious reasons.Second,we
donot includevariablesthatareheavily dependenton each
otherasthecovariancematrixP will becomerankde�cient.
At that point, strangeresultsmight occurdueto very low
or high numbersbeingproducedcoupledwith the limited
�oating point accuracy of CPUs. Models can sometimes
becomerandomwhenthisoccurs.

For notationalconvenience,letV� 1(k) signify arow vec-
tor with the lastentry removedfrom theoriginal vectorV,
andVS(k) signify thesumoff all theelementsin row vec-
tor V. The mostobvious choiceof f (k) would be to just
enterthesharepercentagesS(k). However, asSS(k) = 100,



Short-hand f (k) Comments

Ratio (R) ST
� 1(k) Fewer variables,but a nonlinearratio.

Throughput(T) TT (k) Providesabsolutenumbers.
RatioAffine (RA) [ST

� 1(k) 1] As Sharebut af�ne.
ThroughputAffine (TA) [TT (k) 1] As Throughputbut af�ne.

ThroughputSum(TS) [TT
� 1(k) TS(k)] Addssumsto Throughputfor scaling.

ThroughputSumAffine(TSA) [TT
� 1(k) TS(k) 1] Af�ne functionplussumfor Throughput.

Table 2. Various ways of forming f (k) and some comments.

enteringall the entriesin S(k) doesnot provide any extra
information. Instead,we drop the last entry of S(k) and
useS� 1(k). The goodthing aboutthis choiceis that f (k)
hasfew variables. One drawback is that the shareratios
hide theabsolutethroughputof thesystem,which alsoaf-
fectslatency. Whenthecapacityof thesystemchanges,this
shortcomingresultsin poortracking.This choiceof f (k) is
calledRatio. It, andall othersdescribedbelow, havebeen
tabulatedin Table2.

The secondchoiceis to usethe throughputT(k). This
correspondsto the shareratio prior to normalizationby
the summedinputs and thereforehasa more constantre-
lationshiprelative to latency. We refer to this choiceas
Throughput. Even if the total capacityof the system
changes,this modelwill be good. However, it would still
notbea goodapproximationif theservicetime of theindi-
vidual requestschanges.

A numberof tricks usedin other�elds to improve esti-
mation,thatwecoulduseto extendthelist of possiblef (k).
Themodelswehaveproposedsofararenotaf�ne, i.e.,they
all start from the origin. This is a drawbackwhen using
shareratiosor throughputsto modellatency. No share,or
closeto no share,for oneworkloadwill not meanzerola-
tency to thatworkload. Oneway of dealingwith this is to
extendf (k) by anadditionalinputdimensionthatis always
constant[21], say1. Themodelequationswill thenbecome:

y(k) =
n

å
i= 0

(Aiy(k� i � 1) + Biu(k� i � 1)) + C� 1 (11)

where C 2 RN� 1 can take on any value estimatedby
RLS. Allowing af�ne functionsproducestwo new possi-
ble ways to form f (k) referredto asRatioAffine and
ThroughputAffineasshown in Table2.

A secondtrick usedin imageprocessing[6] is to add
the sum of the throughputsto f (k). When the through-
put is changing,having this extra dimensiongivesa way
for leastsquaresto approximatelyscaletheeffectsexpected
from T(k). It is analogousto thescalingthatyou do to get
a ratio, but insteadof beinga division that RLS doesnot
haveaccessto (andwhich introducesanon-uniformrescal-
ing on its input vectors),it canbeusedto estimatea linear
approximationto the normalizedratio. Adding this to the

Short-hand Description

None Do nothingandhopefor thebest.
RememberRemembera goodmodelfrom thepastanduse

thatoneif B0 is bad.
Modify Modify themodelsothatB0 becomesgood.
RunAll Estimatemodelsfrom all estimatorsall thetime

andusethemodelthatis thebest.

Table 3. Our three techniques of dealing with
a B0 with incorrect signs plus the baseline .

sharesonly createsrankde�ciencies,sothey havenotbeen
included. Instead,we endup with two morepossiblef (k)
calledThroughputSumandThroughputSumAffine
thatareshown in Table2.

3.2 Dealing with an Incorr ectB0

As we will seein theexperimentalsection,noneof the
input datapermutationsabovegetsrid of erroneousB0 ma-
trices.Therefore,in thissectionwewill presentthreemeth-
odsto alleviateor completelyremove theeffectsof B0 er-
rors.Themethodsarepresentedin Table3.

TheRemembermethodalwayssavesthe latestknown
goodmodel that hada correctlysignedB0. Whena new
model is estimatedwith a B0 sign error, it usesthe last
known goodmodelinsteadof the new model. It keepson
usingthelastknowngoodmodeluntil thenew modelrecov-
ersandgetsa correctlysignedB0. While simple,thedraw-
backof this methodis that themodelmight never recover,
andin thatcasewe will useanoutdatedmodelforever that
mightnotat all representthesystemany more.

The Modify methodtries to tackle this problem by
forcefully modifyingthemodelwhenaB0 erroris detected.
Let B0 beamatrixwith aB0 errorandlet B0+ B̃ beamatrix
thatdoesnot have a B0 error. B̃ is chosenso thatan entry
with thewrongsigngetsthevalue0.001if it shouldbepos-
itive and-0.001if it shouldbenegative. We did not chose
thevalue0 asit mightgiveriseto divisionsby zeroandsin-
gularmatrices.If we wereto modify B0 alonein this way,
themodelwouldsuddenlypredictcompletelydifferentu(k)



valuesthanbeforeandhave an rls error. This might actu-
ally make the controllerperformmuchworsethanbefore.
Therefore,we needto modify thewholemodelsuchthat it
predictsthe samemodel locally with the modi�ed B0 + B̃
matrixasit did beforewith only B0.

Let K be the predictedoutputof the unmodi�ed model
without the termsBi and Ai for i > 0, that can safely be
ignoredfor ourpurpose.Thentheunmodi�ed modelis:

K = A0y(k) + B0u(k) (12)

Thentheproblemcanbespeci�edas:

K = (A0 + Ã)y(k) + (B0 + B̃)u(k)

= Ay0(k) + Ãy(k) + B0u(k) + B̃u(k) (13)

Using(12), this is equivalentto

Ãy(k) + B̃u(k) = 0 , Ãy(k) = � B̃u(k) (14)

Thisequationhasmultiplesolutionsas� B̃u(k) isarow vec-
tor andÃ is amatrix. Onepossiblesolutionis to setÃ to the
following:

Ã =

0

B
B
B
@

� V1=y1(k) 0 � � � 0
0 � V2=y2(k) � � � 0
...

...
...

...
0 0 � � � � VN=yN(k)

1

C
C
C
A

(15)
whereVi is row i of B̃u(k) andyi(k) is row i of y(k). Note
that this modi�ed modelwill only be the sameas the un-
modi�ed onelocally aroundf (k).

ThelastmethodRunAllrunssix estimatorsin parallel.
Onefor eachsinglepossiblef (k) in Table2. Out of those
six models,we will thepick themodelthathasno B0 sign
errorsandthathasthelowestrls error. If thereis no model
with a correctlysignedB0, we pick the onewith the least
amountof B0 error. The intuition behindthis is thathope-
fully at leastone of the estimatorswill always producea
goodmodelthatwe canuse,andwe believe thata goodB0
is moreimportantthana perfectrls error. Many otherways
to pick the model to useexists, e.g., forming a weighted
sumof thetwo errorsandthepick theonewith thelowest.
We chosethe former onefor its simplicity andits lack of
tunableparameters.

4 Experimental Results

In thissectionwepresenttheexperimentalmethodology
andtheresults.In summary, theresultsshow that:

� StandardRLS estimationdoesnot work for theblack-
boxsystemsexamined.

� Thereis no single regressionvector that consistently
producesgood results. This is highly dependenton
workloadandsystem.

� TheModifymethodof mitigatingB0 errorsworksthe
bestandmanagesto quickly correctany errorsin B0,
andimprovebothrls errorandcontrollerperformance.

� The combination of inputting individual workload
throughputstogetherwith a constantinput parameter
(ThroughputAffine) combinedwith theModify
techniqueconsistentlyprovidesthebestcontrollerper-
formance.

4.1 Experimental Methodology

Theexperimentalevaluationis performedon two differ-
ent systems.First, we usea three-tiere-commercesystem
thatconsistsof threecomponents:awebserver, anapplica-
tion serverandadatabase.Client requestsarriveat theweb
server. Unlessthey arefor staticcontent,they areforwarded
to theapplicationserver, which createsa dynamicpageby
accessingthedatabase.Thegeneratedpageis thensentto
theclient.

The web, application,and databaseservers are hosted
on separateserver blades,eachwith two 1 GHz Pentium
III processors,2 GB of RAM, one46 GB 15 krpm SCSI
Ultra160 disk, and two 100 Mbps Ethernetcards. The
webserver is Apacheversion2.0.48with aBEA WebLogic
plug-in. Theapplicationserver is BEA WebLogic7.0 SP4
overJava SDK version1.3.1from Sun.Thedatabaseclient
andserverareOracle9iR2. All threetiersrun on Windows
2000Server SP4. The site hostedon the 3-tier systemis
a versionof the Java PetStore[11] that hasbeentunedin
orderto supporta largenumberof concurrentusers.

The workload applied mimics real-world user behav-
ior [5], e.g.,browsing,searchingandpurchasingbehaviors
includingtheir respective time scalesandprobabilities.For
theexperimentshere,we emulate75 userspartitionedinto
two classes.Eachclassis consideredto beone“workload”.
Thecontrol interval for boththecontrollerandall themea-
surementsis 1 s.

As a secondexperimentalsetup,we usetheweb server
in theabovesetupwith only staticcontentof size64K. The
client accessesaregeneratedby httperf andhasa Pois-
sonarrival process.Thesamplinginterval is also1 s for the
webserversetup.

In order to be able to control the performanceof the
black-boxsystemsabove,we have usedanapproachbased
on interposingafair-queuingscheduler[12] on thepathbe-
tweenthe systemand its clients,as depictedin Figure1.
Theschedulerenforcesacon�gurableshareof thesystem's
capacitythat eachworkload receives. The only available



measurementsfrom theoutsideis the latency andthrough-
put eachworkloadreceives. We will focuson latency asit
is harderto estimatedueto its nonlineardependency on the
share. The orderof the modeland the controller is set to
two, asit hasprovento bea goodapproximationof thetwo
systemsexamined.

4.2 Estimation Results

In thissection,weevaluatewhatregressionvectormakes
thebestpredictionsof future latencies.To make the com-
parisonasfair aspossible,the estimationis performedon
two setsof measurementdatathathasbeenpreviouslygath-
eredfrom the two systems. Eachset consistsof 14,400
samplesfrom a 4 hour run. The data was gatheredby
picking a uniformly randomnumberi 2 [30;70] at begin-
ning of eachsampleinterval andthensettingthesharesto
u(k) = [i 100� i]T . This is white noiseinput andprovides
the estimatorwith values(and frequencies)from all over
the interval. The reasonthat the interval is not larger than
[30;70] is that there is no good linear approximationbe-
tweenshareand latency for intervals larger than that. In
Section4.3, we will seethat when an STR is put on top
of the estimator, the estimatorperformancewill often be
degradedasthecontrollerwill make surethatonly certain
valuesof thesharesandlatenciesareseenby theestimator
asit aimsfor aspeci�c latency goalthatusuallycorresponds
to a smallsubsetof sharevalues.

Theregressionvectorsareevaluatedusingtwo metrics:
rls errorandB0 error. RLSerroris theerroraccordingto re-
cursiveleast-squaresandtellsushow well thecurrentmodel
predictsthenext y(k) vector. It is de�ned as

ERLS(k) =
å N

i= 1 jyi(k) � X̂i(k � 1)f (k � 1)j
N

(16)

whereX̂i(k) is row i of X̂(k). The B0 error, on the other
hand,will tell ushow wrongthesignsof B0 are.If thereare
any entrieswith wrong signs,the metric will have a value
greaterthanzero.Thegreatertheimpactof thewrongsigns
to thecontrolleroutputu(k), thehighertheB0 error. A B0
with no sign errorshasa B0 error of zero. It is formally
de�ned as

EB0(k) =
å N

j= 1å M
i= 1 jb j i(k)ui (k)j

N
(17)

whereeachentryof b(k) 2 RN� M is zeroif thecorrespond-
ing entry in B0 hasthecorrectsignor thevalueof thecor-
respondingB0 entryif thatentryhasthewrongsign.

The top two graphsin Figure3 show themeanandthe
standarddeviationof therls errorasafunctionof theforget-
ting factor(l ) for thesix waysof formingf (k) for thethree-
tier system. From the graph,we canseethat Ratio and
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Figure 3. The mean and standar d deviation of
the RLS error and the B0 error for the three­tier
system.

RatioAffine hasa worserls error thanthe onesbased
on throughputmeasurementsthataremoreor lessoverlap-
ping in thegraph.However, theerrorsarewithin onestan-
darddeviationof themean,sowecannotsaywith certainty
that thereis a statisticallysigni�cant differencein rls error.
Figure4 plots the rls errorasa functionof time for two of
the input vectors,showing that therls error indeedvariesa
lot over timewith noclearwinner.

The bottom two graphsof Figure 3 show the B0 er-
ror of the regressionvectorsas a function of the forget-
ting factor (l ). Note, that the graphis logarithmic, thus
any point not found on the graphhasa B0 error of zero.
The results in terms of B0 error are much clearer than
those given by rls error. From the graph we can see
that for l � 0:97, RatioAffine , Throughputand
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Figure 4. RLS and B0 error as a function of
time for the three­tier system when l = 0:95.

ThroughputAffineareclearlybetterthantherest,with
no B0 error at all. A l = 1 alsogivesno B0 error, but that
model is probablyuseless,as it will never changeafter a
while andbeunresponsiveto changesin thesystem.Look-
ing at theB0 errorasa functionof time in Figure4, we can
seethat the B0 errorsoccur in bursts. In between,B0 has
correctsigns.

To seehow theseresultschangefor othersystems,con-
sider Figure 5. For the web-server, RatioAffine is
clearlythebestchoiceasit providesthelowestrls errorand
hasno B0 error. We have run experimentswith a number
of otherworkloadson top of the three-tiersystem,where
we variedtheratio of CPUintensive contentto morelight-
weight contentand the rate at which this changedduring
the execution. We also changedthe distribution of docu-
mentsizesfor thewebserver andchangedtheinterval that
is usedto draw randomsharevalue. (The resultsfrom all
theseexperimentsarenot shown in thepaperdueto space
considerations.)By looking at theseexperimentsand the
onesshown here,thereis noclearmethodthatis betterthan
theother. If oneis thebestfor oneworkload,it is theworst
for another. But aswill beshown in thenext section,there
is a combinationof regressionvectorandB0 methodthat
consistentlyoutperformsall theotherapproaches.

4.3 Controller Results

To beableto studyhow theresultsof theprevioussec-
tion hold andhow theB0 methodswork, we evaluatethem
within a self-tuningregulator. The STR used[16] is de-
signedusingthebasicprinciplesof Section2.2. However,
it containsmoreadditionsin order to improve the perfor-
manceof thecontrol loop. Theseadditionsareamongoth-
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Figure 5. The mean and standar d deviation of
the RLS error and B0 error for the web server.

ers,to dealwith actuatorconstraints,maximizesystemus-
agewhile meetingthelatency goals,handledrasticchanges
in thesystem,andimprovestability. Thedetailsof thecon-
troller is outsidethescopeof thispaperandcanbefoundin
Karlssonetal. [16]. In orderto getaconcisemetriconhow
well thecontrollermeetsits latency targetwede�ne control
error as:

Ectrl =
å N

j= 1å K
i= 1 jyref ; j (i) � y j (i)j

KN
(18)

whereK is the numberof samplesduring the execution.
This is the meanabsolutedeviation from the performance
referencethroughoutthe executionand amongall work-
loads.We will focuson theresultsfrom thethree-tiersys-
tem,astheresultsfrom theweb-server producedthesame
conclusions.
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Figure 6. How the contr oller manages to track
the latenc y reference with time and how that
ability degrades when there is a B0 error. The
B0 error method is Noneand Throughputis
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To seethatB0 errorsreducetheperformanceof thecon-
trol loop, considerFigure 6, plotting the requestlatency
and the B0 error as a function of time. The systemuses
Throughputfor the RLS estimationandNonefor cor-
rectingtheB0 errors.Therls erroris smallduringthewhole
time interval. From the graph,we can seethat B0 errors
have a largenegative impacton theability of thecontroller
to meetthe latency target. Whenthereis a B0 error, the la-
tency is up to 6 timesashigh astargeted.Whenthereis no
B0 error, thecontrollermanagesto track the latency target
well. Note, that theestimatoreventuallyrecoversfrom the
B0 error.

Table4 showsstatisticsfrom thevariousruns.Themet-
rics arethe meansacrossthe whole 4 h execution. All of
theregressionvectorssuffersfrom B0 errors.Therearetwo
mainobservationsto take away. First, thatthecontrolerror
is a functionof boththerls errorandtheB0 error. If at least
oneof themis high, thecontrolerroralsotendsto behigh.
Second,thatThroughputSumseemsto bebetterthanthe
otherswhenthereis noB0 method.

Let us try to decreasetheerrorsof theestimatedmodel
andthusimprove thecontrolperformance,by studyingthe
Remembermethod.Figure7 shows thelatency andB0 er-
ror asa functionof timefor anillustrative timeperiodof an
executionusing ThroughputAffineand Remember.
At aroundtime 50 s, thereis a suddenchangein the sys-
tem performanceandthe modelestimatedsuddenlystarts
to haveB0 errors.As soonasthis is observed,thecontroller
will start to usethe latestgoodmodelwithout a B0 error.
However, the estimatedmodelnever recoversfrom the B0
errorandtheold modelis usedfor therestof theexecution.
The key point to notehereis that as the systemchanges,
themodelusedwill notaswe areusinganold modelwith-
out a B0 error. The negative impactof this canbe seenin

Method None
Input vector R RA T TA TS TSA

rls error 118 88.1 50.8 90.6 27.5 39.5
B0 error 37.8 88.4 47.6 25.4 69.6 67.4
control error 61.2 41.4 45.3 55.4 29.8 86.4

Method Remember
Input vector R RA T TA TS TSA

rls error est. 134 60.5 6.86 7.40 12.0 40.8
rls error used 319 127 73.0 75.3 75.2 143
B0 error est. 31.4 92.2 63.0 118.3 219 484
B0 error used 2.34 2.70 0.52 0.38 0.35 0.34
control error 133 31.2 14.4 18.3 14.8 38.5

Method Modify
Input vector R RA T TA TS TSA

rls error 72.0 36.5 13.4 8.79 11.4 13.4
B0 error est. 4.77 4.37 8.98 6.29 6.43 5.05
B0 error used 0 0 0 0 0 0
control error 44.1 23.3 14.7 12.0 14.1 16.4

Method RunAll
Input vector ALL

rls error used 22.3
B0 error used 15.4
control error 19.3

Table 4. Overall error statistics for all the input
vector and B0 error methods. The “est. ” rows
are for the model produced by the estimator
and “used” rows are for the model used by
the contr ol law.

the latency slowly diverging from thegoalastime goesby
andtheperformancecharacteristicsof thesystemchanges.
Rememberonly workswell whenthereareshortburstsof
B0 errors,notwhenthey lastfor a long time.

Looking at the compoundedresultsfor Rememberin
Table4, themethoddoesimprove thecontrolperformance
of all input vectorsexceptRatio. While this methodde-
creasestheB0 error, it doessoat thecostof an increasein
therls errorof theusedmodel,ascanbeseenin Table4.

The main drawbackof Rememberwasthat the model
usedin the controllermight get a high rls error if the es-
timatedmodelmost of the time hasa B0 error. Modify
on the other hand, will try to use the estimatorto get a
low rls error and modify that model so that B0 has the
correct signs. Figure 8 shows the latency and B0 error
of ThroughputAffinefor an illustrative time period.
With thismethod,B0 errorsarequickly correctandhavelit-
tle impacton the control performance.As canbe seenin
Table4, Modifyoffersthe leastrls erroraswell asB0 er-
ror, andthusoffers the bestcontrol performanceof all the
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methods.Theonly exceptionto is Throughputthatsuf-
fersasmalldegradationcomparedtoRemember. Modify
reducesthecontrolerrorby up to 11 timescomparedto the
previousmethods.

The resultsfrom the RunAllmethodare tabulatedin
Table4. Comparedto the othertechniques,RunAllper-
formsaswell asRememberwith thebestregressionvec-
tors, but not aswell asModifywith a throughputbased
regressionvector. We also tried RunAll togetherwith
Modify, but the improvementcomparedto Modifyand
ThroughputAffinewassmall. As the computational
burdenof RunAll is six timesthatof just having a single
regressionvector, thebestchoiceis to gowith Modify.

To concludethe resultsof this section,the overall best
methodis to useThroughputAffinewith Modify.

5 RelatedWork

Therearea few examplesof self-tuningregulatorsused
to control computersystems. Lu et al. [17] estimatesa
model betweencachesize and the hit ratio a workload
receives. Triage [15] estimatesa model betweenthe to-
tal numberof requestssentto the systemandthe latency.
Karlssonet al. [16] estimatesa modelbetweensharesand
bothlatency andthroughput.Noneof theseapproachescon-
siderB0 errorsor evaluatesdifferentwaysof estimatingthe
performancemodels. All of them could probablybene�t
from thetechniquespresentedin this paper.

Therearealsoa numberof adaptive controllersthatuse
ad-hocestimationtechniquesthatarenotpartof theestima-
tion literature. For example,thecontrol law andestimator
of Yaksha[13] couldprobablybene�t from our techniques.

While RLS is the most widely usedestimationtech-
nique for STR, thereare othersincluding extendedleast-
squares(ELS), total least-squares(TLS), thegradientesti-
mator, the projectionalgorithm,the stochasticapproxima-
tion algorithmandleast-meansquares(see	Astrometal. [2]
for detailson all of thesemethods).All, with theexception
of ELS and TLS, are computationallymore ef�cient but
generallydo not provide asgoodestimatesasRLS. How-
ever, our techniquesareapplicableto all theabove estima-
torstoo,without any modi�cations. In fact,our techniques
areapplicableto any estimatorusingthesamemodelused
in this paper.

Someof the techniqueswe have employed have been
successfullyusedin other �elds. The trick of including
scalingseparately, asin theThroughputSummethodhas
beenusedfor handlingperspectiveprojectionin imagesand
video[6]. To includeaconstantasinputto least-squareshas
beenusedin many �elds, for examplein theoff-line estima-
tion of streamingmediaserverperformance[7], in orderto
getaf�ne functions.Theuseof multipleconcurrentestima-
tors is not uncommonin adaptive control theory [2]. But
it hasbeenusedin orderto lessentheimpactof covariance
windup,noterrorsin thesignsof B0.

6 Conclusions

This paperis concernedwith dynamicallyestimatinga
performancemodelof ablack-boxcomputersystemusinga
least-squaresestimatorthatprovidesa self-tuningregulator
with goodcontrolperformance.Weshow thatregularleast-
squaresdoesnot producemodelsthat leadto goodcontrol
performance.This paperidenti�es that thesignsof theB0
model parametermatrix is critical to good controllerper-
formance,aswell astheleast-squaresminimizedmodeler-
ror. To alleviatethissituation,we proposeandevaluatetwo
setsof techniques.First,weexaminewhatcombinationand
arithmeticmanipulationof measurementsandactuatorsthat



providethebestmodels.Second,weproposethreemethods
that can mitigate the effectsof an incorrectB0 parameter
producedby theestimator, andprovide thecontrollerwith
betterperformanceunderthosecircumstances.

The techniquesareevaluatedwith a self-tuningregula-
tor that provides latency targets for workloadson black-
box systems.The experimentalevaluationwasconducted
on two systems:a three-tiere-commercesite and a web
server. Theresultsshow thattheoverallbestcontrollerper-
formanceis achievedby estimatingthelatency asanaf�ne
functionof throughputcoupledwith thetechniqueof mod-
ifying modelswith B0 errors. This combinationresultsin
up to 11 timesaveragelower errorbetweenthedesiredla-
tency andthelatency theworkloadsreceive. Previouslyos-
cillating workloadlatenciesarewith our techniquesmooth
aroundthelatency targets.
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