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Abstract

Methodsfor automaticallymanaying theperformancenf
computingservicesmustestimatea performancemodelof
that service Thispaperexplorespropertiesthat are neces-
sary for performancemodelestimationof black-box com-
puter systemavhenusedtogether with adaptivefeedbak
loops. It showsthat the standad methodof least-squags
estimationoftengivesrise to modelsthat male the control
loop performthe oppositeaction of whatis desied. This
producedarge oscillationsand bad tracking performance
Thepaperevaluateswhat combinationof input and output
data providesmodelswith the bestpropertiesfor the con-
trol loop. Plus,it proposeghreeextensiongo thecontmoller
that malesit performwell, evenwhenthe modelestimated
wouldhavedegradedperformance

Our proposededniquesare evaluatedwith an adaptive
contoller that provides latencytargets for workloadson
black-boxcomputerservicesundera variety of conditions.
Thetechniquesare evaluatedontwo systemsathree-tiere-
commecesiteanda webserver Experimentalesultsshow
that our bestestimationapproach improvesthe ability of
thecontwoller to meetthe latencygoalssigni cantly. Previ-
ouslyoscillatingworkloadlatenciesare with our techniques
smootharoundthelatencytargets.

1 Intr oduction

Theincreasingcostsassociatedvith managingcomputer
systemsave spurredalot of interestin automaticallyman-
aging systemwith little or no humanintervention. Exam-
plesof this includes,managinghe enegy consumptiorof
seners[4, 14], automaticallymaximizingthe utility of data
centers[22], and meetingperformancegoalsin le sys-
tems[15, 16|, 3-tier e-commercesites[13, 16|, disk ar
rays[3, 18, 23], databasefl 9] andwebseners[1, 20].

For a solutionto a speci ¢ managemenproblemto be

applicableto asmary systemsaspossiblet shouldbe non-
intrusive. The reasonfor this is that mostcomputingsys-
temshave no native supportfor automatiananagemengnd
in the generalcase cannotbe modi ed easilyto do sodue
to proprietarysourcesand/orthe compleity of the modi -
cations. We referto sucha systemasa black-boxsystem.
It hasa numberof adjustableactuatorge.g.,perworkload
CPU shareor throughputper workload) that will change
a numberof measurementge.g., lateng, availability and
throughput) Any managemergolutionfor ablack-boxsys-
tem hasto be ableto discover a relationshipbetweenthe
actuatorandthe measurementgndthenbeableto setthe
actuatorsothethe managemergoalsareachieved.
Onetechniquehathassuccessfullysolvedmanagement
problemsof black-box systemsis control-theoreticfeed-
back loops [8, 9]. Thesemethodscan deal with poor
knowledge of the system,changesin the systemor the
workloads,and otherdisturbancesClassicalnon-adaptre
control-theoretianethodsare usually not adequatdor two
reasons. First, for mary systemsit is not even possi-
ble to usenon-adaptre control asthe systemchangesoo
much[13, 15, 16]. For example,the performancesxperi-
enceby aclient of athree-tiere-commerceite dependsn
mary things: whattier a requestis serned from, if it was
senedfrom the disk or the memorycacheof thattier, what
otherclientsarein the system,andsoon. Second,to be
applicableto morethanone speci ¢ systemcon guration,
it is unreasonabl& requirealot of tuning for eachsystem
change. Thus, we will focuson adaptie controllersthat
automaticallytunethemseleswhile the systemis running.
Self-tuning regulators (STR) [2] are one of the most
commonlyusedandwell studiedadaptie controllers.They
consistof two parts: an estimatoranda controllaw, which
are usually invoked at every sampleperiod. The most
commonlyusedestimatorin STRis recursye least-squares
(RLS)[10]. Thepurposeof thisestimatoiis to dynamically
estimatea modelof the systemrelatingthe measureanet-
rics with the actuation.The controllaw will then,basedon
this model, setthe actuatorssuchthat the desiredperfor



manceis achieved. The ability of the controllerto achieve
the performancegoalsis explicitly tied to how well the
modelrepresentthe systemat thatinstant.

This papershaws that standardRLS doesnot provide
goodcontrol performancdor STRsusedin black-boxsys-
tems, and proposesand evaluatesa numberof extensions
of RLS that provide good control performancdor STRs.
More speci cally, we evaluatewhatmeasuremerandactu-
ation combinationgprovidesthe bestmodels,andwe pro-
posethreemethodsof dealingwith poor modelssuchthat
they do not decreaseontroller performance.Thesethree
methodsare: (1) to remembera good modeland usethat
onewhenapoormodelis produced(2) to modify the poor
modelsuchthat it becomegyood, and(3) to run multiple
estimatorsandpick thebestmodelout of all of them.

We have evaluatedthe proposedextensionsusing an
adaptve controllerthat provideslateng tamgetsfor work-
loads on black-box computerservicesunder a variety of
conditions[16]. The evaluationis performedboth analyti-
cally andexperimentallyontwo realsystemsathree-tiered
e-commercasiteandawebsener. Theresultsshow thatour
bestproposednethodoffers superiorcontrol performance,
comparedo the baselineof standardRLS without ary of
our techniquesThis bestmethodusesanaf ne functionof
throughputandit modi es themodelsit detectsarepoor.

2 Background and Problem

Throughoutthis paperwe usea black-box computing
systemexecutingworkloads,asdepictedin Figurel. The
computingsystemhasa numberof control parametershat
affect the system. Thesecontrolsare called actuators We
measurdhe effecttheseactuatordrave onthe systemusing
themeasurementhatthe systemexports.If thecomputing
systemdoesnot export suitableactuatorsor measurements,
we caninterposehe o w of requestsvith aschedulef12],
allowing usto control(actuatethe o w into thesystemand
measurghe performancet the schedulerA systemmight
have actuatorandmeasurementsom eitherthe scheduler
or theblack-boxsystempr from bothof thetwo parts.

Themethodswve proposeareapplicableto ary combina-
tion of actuatorsandmeasurementsslong astheexpected
relationshipbetweernthemis monotonic. Examplesof this
include: controlling the percentag®f CPU resourcegach
workloadgetsandmeasuringperformancén termsof trans-
feredbits/s; changingthe amountredundang andmeasur
ing thedependabilityandadjustingCPUfrequeng to meet
pawer consumptiortargets.

The adaptve controllerusedin this paperis the widely
usedself-tuningregulator (STR) depictedin Figure 2. It
consistf two parts:anestimatoranda controllaw. In or-
derto explainwhy the standardestimatordoesnot perform
well andwhatkind of problemst cangivethecontrolloop,
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Figure 1. General architecture of the black-
box systems studied in this paper.
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Figure 2. The self-tuning regulator studied.

we rst describagheestimatoiin Section2.1andthecontrol
law in somedetailin Section2.2.

2.1 Recursive Least-SquaresEstimation

Recursie least-square$RLS) [10] is one of the most
widely usedestimationalgorithmin adaptve controllers,
due to its robustnessagainstnoise, its good corvergence
speedandprovedcornvergencepropertiegshatcanbeusedio
prove the stability of thewhole controlloop. Our proposed
methodsare alsovalid for otherversionsof least-squares,
suchasextendedeast-squaredoptal least-squareghe pro-
jection algorithm, the stochasticapproximationalgorithm
and least-mearsquares.lt is applicableto ary technique
estimatinga modelonthesameform asRLS.

In orderto explain least-squaresstimationwe have to
introducesomenotation. Let u(k) = [uy(kK):::um(K)]" be
the vector of the M actuatorsetting during samplingin-
terval k, andlet y(k) = [y1(k):::yn(K)]" be the vector of
the performanceneasurementsf the N workloads,mea-
suredatthebeginningof intenval k. Thesymbolshave been
collectedin Table 1 for easyreference. The relationship
betweenu(k) andy(k) canbe describedby the following
multiple-input-multiple-outpu(MIMO) model:

y=8AYKk | DrBuk | ) (D)
i=0

whereA; andB; arethe modelparametersNote thatA; 2
RN N'Bj2RN M 0<i n,0 j<n,wherenistheorder




|| Symbol | Meaning |
y(K) Performanceneasurementsttime k.
u(k) Actuatorsettingsattime k.

A Model parameterén front of y.

B; Model parameterén front of u.
X(K) Model parametematrix attimek.
f(K) Regressionvectorattime k.

Vref (K) | Desiredperformancettimek.

T(K) Throughputattimek.
Ts(k) Total throughputattime k.
L(k) Lateny attimek.

S(K) Sharesettingattime k.

Table 1. Frequentl y used symbols.

of themodel. This linear modelwaschoserfor tractability
aswe know thatthe relationshipwill indeed,in all but the
mosttrivial casespe nonlinear However, it will beagood
local approximatiorof the nonlinearfunction,andthis will
often be good enoughfor the controllerasit usually only
malkessmallchangego theactuatorsettings.

For notationakcorvenienceye rewrite thesystenmodel
in thefollowing form, whichwe usein therestof the paper:

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

X(K)=1[Bo ::: Bn 1 Ag i1 An 1]
f(K=[u"(k) :::u"(k n+D)y"(k) :::y"(k n+ DT
whereX (k) is calledthe parametematrix andf (k) is re-

ferredto asthe regressionvector.
RLSis thende ned by thefollowing equations:

ek+ DFT(KP(k 1)

XkrD = XO+ 5 ri0pk Dm0 @)
ek+1) = yk+1) XKf(K 4)
pio = PO D PO DIGTTOOPK D)

| L(1+ fT(P(k 1)f (k)"

whereX (K) is the estimateof thetruevalueof X(k), e(k) 2
RN 1 is the estimationerror vector P(k) 2 RNMn NMn jg
the covariancematrix and| is the forgetting factor (0 <
I 1). A highl meansthat RLS remembers lot of old
datawhenit computeghe newv model. Corversely a low
| meansthatit largely ignoresprevious modelsand only
focuseon producinga modelfrom thelastfew samples.
Theintuition behindtheseequationgs quite simple. (4)
computesthe error betweenthe latest performancemea-
surementsand the performanceprediction of the model
X(K)f (k). We referto this asthe rls error. The modelpa-
rametersarethenadjustedn (3) accordingto the rls error
and anotherfactor dependenbn the covariancematrix P
computedin (5). P containsthe covarianceshetweenall

the measurementandthe actuators.The model X is then
usedby the controllaw describecdhext to setthe actuators
correctly

2.2 Control Law

The only way RLS de nes an error in the model is
throughtherls error. In this sectionwe will showv thateven
if amodelhasnorls error, it still might give rise to unac-
ceptablecontrollerperformanceTo be ableto explainwhy
thisis the caseandwhatotherpropertyotherthanrls error
the model needto have, we needto explain a bare mini-
mumself-tuningregulator(STR).While thisbasicSTRhas
anumberof drawvbacks,it senesthe purposeof explaining
theproblemwith aslittle aspossibleof control-theoretiae-
tails. All otherdirectSTRshavethis problem theequations
arejustmoreelaborate.

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

y(K) = Aoy(k 1)+ Bou(k 1) (6)

To turn this modelinto a controller we obsere that a
controlleris afunctionthatreturnsu(k). If we shiftequation
(6) onestepaheadn time andsolwe for u(k), we get:

u(k) = By H(y(k+ 1) Aoy(K)) @)

If this equationis to be usedto calculatethe actuationset-
ting u(k), theny(k+ 1) representshe desiredperformance
to bemeasureatthenext samplepointattimek+ 1,i.e.,it
iS Yref (K). Thus,the nal controllaw is:

u(k) = By (yrer (k) Aoy(K) ®)

Thisis asimpleSTRfor themodelgivenby (6).

Toillustratethe pointthatamodelwith zerorls errorcan
still causethe controllerto underperformgonsidera black-
box computingsystemwherethe actuatoris the shareof
CPUwe giveto eachworkload,andthe performancenetric
we careaboutis lateng. For this system considertwo es-
timatorsthat producethesetwo modelswith only oneinput
andoneoutput:

X1(K)
Xo(K)

[ 0:2 0:6]
[0:2 0:4]

If y(k 1) =y(k)=4anduk 1)=2ie,f(k 1) =
[2 4T, thenXy(K)f (k 1) = Xa(k)f (k 1) andbothhave
the samerls error. Considernow what happensvhenwe
usethesetwo modelsthatareequivalentin theleast-squares
sensein thecontrollaw (8) whenyet (k) = 1. For modell,
theactuatorsettingwould beuy (k) = —35(1 0:6 4) = 7.
Model 1 doeswhatwe would expect. Whenthe controller



obsenesa lateng thatis higherthandesiredit shouldin-
creasethe CPU shareof the workloadthat its lateng/ will
go down. But with model 2, it doesthe completeoppo-
site of what is desired,as ux(k) = le(l 04 4= 3.
It decreasethe CPU sharesothatthe lateng is increased
andthe lateng targetis missedeven more. If the model
was constant,the controller using model 2 would eventu-
ally reachthelateng goal. But with anadaptve controller,
the modelchangesso this badbehaior might go on for a
muchlongertime. Wewill shaw in theexperimentakection
thatthis happendrequentlyandgivesrise to performance
degradations.

In theexampleabove, By is negative whenthe controller
works and positive whenit doesnot work. The physical
meaningof By in (6) shouldre ect the fact thatif more
shareis givento a workload, the latengy shouldgo down,
and corversely if lessis given the lateng shouldgo up.
For thatto betrue, By hasto negative. To illustratewhy it
is moreimportantfor By to have the correctsignthanary
othermodelparameterconsidethis controllaw derivedus-
ing asecondrdermodel.

u(K) = By '(Yrer()  Aoy(k) Ary(k 1) Buu(k 1))
©)
If oneof Ag, A1 or By hastheincorrectsign, the otherpa-
rametersmight correctfor this and the whole expression
within the parenthesisomesout with the right sign. How-
ever, if By hasthewrongsignthereis no singleparameter
that can compensatdor this, unlessthe whole expression
within the parenthesigomesout with the wrong signtoo.
The higherthe order, the morecritical it is that By hasthe
right sign,comparedo theall theothermodelparameters.
Whenthe modelhasmorethanoneinputandoneoutput,
By is a matrix. The diagonalsof this matrix shouldthenbe
negative asanincreasan CPU shareof a workloadshould
resultin lower lateng. Eachentryin theanti-diagonatap-
turesthe effect increasingthe shareof one workload has
on the lateny of one otherworkload. Theseshouldthen
be positive or zero. Positive if the two workloadscompete
for someresourcen the systemasincreasingthe shareof
onewould decreasdt for the other, andzeroif they do not
competefor a resourcé. A correctBy would thenfor the
combinatiorof a CPUshareactuatorandlatengy astheper
formancemeasurementook lik e this:

1
<0 0 0

% 0 <0 0§
. . . (10)

0 0 <0

11t is actually possiblefor the anti-diagonalentriesto be negative as
increasinghe amountof resource$or oneworkloadmight positively help
another This mightoccurif oneworkloadloadsdatainto a cachethatthe
otherworkloadthenreads.However, we have notbeenableto obsenre this
onoursystems.

Otheractuatorandperformancaneasuremercombina-
tion would have otherruleson what a correctBg is. For
exampleif the performancemeasurementvasthroughput
insteadof lateng, the diagonalsof (10) would be > 0,
as higher CPU sharemeanshigher throughput. The anti-
diagonalsvouldthenbe 0.

3 Solutions

In this section,we proposetwo typesof solutions,both
aimed at improving modelsand thus the control perfor
mance. Firstin Section3.1, we look at what combination
andarithmeticmanipulatiorof actuatorandmeasurements
produceshebestmodelswhenconsideringherls errorand
theerrorto By. Secondye proposea numberof techniques
thatcanalleviatetheimpactof a By with incorrectsignsin
Section3.2.

3.1 Possiblelnput Vectors

As anexamplein this sectionwe will usethe measure-
mentsandactuatorave usein the evaluationin Section4.
The techniquegresentedn this sectioncanbe usedwith
otheractuatorsand measurementaslong asthe relation-
shipis monotonic.Actuatorscanbe groupednto two main
types: ratios and absoluteactuators.Our examplesystem
usesaratio actuatomamelythe share(S(k)) of the number
of requestghatis submittedto the systemon a per work-
loadbasis.However, it is alsopossibleto mapthe absolute
throughput(T (k)) to the real physicalactuator by just di-
viding eachindividual workload's throughputwith thetotal
throughputrom all theworkloads.We thenhave two actu-
atorswe canuse, k) andT (k). In thesystemwe canmea-
surelateng (L(k)) andwe areinterestedn meetinglatencg
goals. y(k) shouldthenbe setto L(k) aswe areinterested
in predictingandcontrollinglateng. The questionis then,
whatshouldwe thenputin f (k) to getanestimatiorthatis
asgoodaspossible?

Therearesomerulesof thumbto think aboutwhenmak-
ing this decision. First, the fewer the variables the faster
RLS will generallycorverge. To leave out critical vari-
ablesis not good either, for obvious reasons.Secondwe
donotincludevariableshatareheaily dependentneach
otherasthecovariancematrix P will becomeaankde cient.
At that point, strangeresultsmight occurdueto very low
or high numbersbeing producedcoupledwith the limited

oating point accuray of CPUs. Models can sometimes
becomeandomwhenthis occurs.

For notationalcorvenienceletV 1(Kk) signify arow vec-
tor with the lastentry removed from the original vectorV,
andVs(k) signify the sumoff all the elementsn row vec-
tor V. The mostobvious choiceof f (k) would be to just
enterthe sharepercentage$§(k). However, asSs(k) = 100,



l Short-hand (k) | Comments |
Ratio (R) S', (k) Fewer variablesput anonlinearratio.
Throughput(T) TT(K Providesabsolutenumbers.
RatioAffine (RA) [ST,(k 1] As Shareout afne.
ThroughputAffine (TA) 7K 1 As Throughpubut afne.
ThroughputSuii'S) [TT(k) Ts(K] | Addssumsto Throughputor scaling.
ThroughputSUmATINETSA) | [TT,(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 ary extra
information. Instead,we drop the last entry of S(k) and
useS 1(k). The goodthing aboutthis choiceis thatf (k)

hasfew variables. One drawbackis that the shareratios
hide the absolutethroughputof the system which alsoaf-

fectslatengy. Whenthe capacityof thesystenchangesthis
shortcomingesultsin poortracking. This choiceof f (k) is
calledRatio. It, andall othersdescribedelow, have been
tabulatedin Table2.

The secondchoiceis to usethe throughputT (k). This
correspondgo the shareratio prior to normalizationby
the summedinputs and thereforehasa more constantre-
lationshiprelative to lateng. We refer to this choiceas
Throughput Evenif the total capacityof the system
changesthis modelwill be good. However, it would still
notbe a goodapproximatiorif the servicetime of theindi-
vidual requestzhanges.

A numberof tricks usedin other elds to improve esti-
mation,thatwe coulduseto extendthelist of possiblef (k).
Themodelswe have proposedofararenotafne, i.e.,they
all startfrom the origin. This is a dravback when using
shareratiosor throughputgo modellateng. No share,or
closeto no share for oneworkloadwill not meanzerola-
teng to thatworkload. Oneway of dealingwith this is to
extendf (k) by anadditionalinputdimensiorthatis always
constanf21], sayl. Themodelequationsvill thenbecome:

Y(k):Eoin(AqY(k i D+Butk i 1)+C1 (11)
i=0

where C 2 RN 1 can take on ary value estimatedby
RLS. Allowing afne functionsproducestwo new possi-
ble waysto form f (k) referredto as RatioAffine and
ThroughputAffineasshavn in Table2.

A secondtrick usedin image processing6] is to add
the sum of the throughputsto f (k). When the through-
put is changing,having this extra dimensiongives a way
for leastsquareso approximatelyscalethe effectsexpected
from T (k). It is analogougo the scalingthatyou do to get
a ratio, but insteadof beinga division that RLS doesnot
have accesdo (andwhichintroducesa non-uniformrescal-
ing onits input vectors),it canbe usedto estimatea linear
approximationto the normalizedratio. Adding this to the

[ Short-hand | Description |

None Do nothingandhopefor the best.
RemembeRemembera goodmodelfrom the pastanduse
thatoneif By is bad.

Modify themodelsothatBy becomegood.
Estimatemodelsfrom all estimatorsll thetime
andusethe modelthatis the best.

Modity
RunAll

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

shareonly creategankde ciencies,sothey have notbeen
included. Instead we endup with two more possiblef (k)
calledThroughputSumdThroughputSumAffine

thatareshown in Table2.
3.2 Dealingwith an Incorr ectBy

As we will seein the experimentalsection,noneof the
input datapermutationgbove getsrid of erroneous3y ma-
trices. Thereforejn this sectiorwe will presenthreemeth-
odsto alleviate or completelyremove the effectsof By er
rors. Themethodsarepresentedh Table3.

The Rememb@gthodalways savesthe latestknown
good modelthat had a correctly signedBp. Whena new
model is estimatedwith a By sign error, it usesthe last
known good modelinsteadof the new model. It keepson
usingthelastknown goodmodeluntil thenew modelrecor-
ersandgetsa correctlysignedBg. While simple,the draw-
backof this methodis thatthe modelmight never recover,
andin thatcasewe will useanoutdatednodelforeverthat
might not atall representhe systemary more.

The Modify methodtries to tackle this problem by
forcefully modifying themodelwhena By erroris detected.
Let B beamatrixwith aBg errorandlet By + B beamatrix
thatdoesnot have a By error. B is choserso thatan entry
with thewrongsigngetsthevalue0.001if it shouldbe pos-
itive and-0.001if it shouldbe negative. We did not chose
thevalueO asit mightgiveriseto divisionsby zeroandsin-
gularmatrices.If we wereto modify By alonein this way,
themodelwould suddenlypredictcompletelydifferentu(k)



valuesthanbeforeandhave anrls error. This might actu-
ally make the controllerperform muchworsethan before.
Thereforewe needto modify the whole modelsuchthatit
predictsthe samemodellocally with the modi ed By + B
matrix asit did beforewith only By.

Let K be the predictedoutputof the unmodi ed model
without the termsB; and A; for i > 0, that can safely be
ignoredfor our purpose Thentheunmodi ed modelis:

K= Agy(K) + Bou(k) 12)

Thenthe problemcanbespeci edas:

K (Ao+ A)y(K) + (Bo+ B)u(k)

Ayo(K) + Ay(K) + Bou(k) + Bu(k)  (13)

Using(12),thisis equivalentto

Ay(K)+ Bu(k) = 0, Ay(k)= Bu(k) (14)
Thisequatiorhasmultiple solutionsas Bu(k) isarow vec-
tor andA is amatrix. Onepossiblesolutionis to setA to the
following:

Vi) 0 o
. 0 Vo=yo(K) 0 g
A= . .
0 0 i=yn(K)
(15)

whereV; is row i of Bu(k) andy;(k) is row i of y(k). Note
that this modi ed modelwill only be the sameasthe un-
modi ed onelocally aroundf (k).

ThelastmethodRUNAIllrunssix estimatorsn parallel.
Onefor eachsingle possiblef (k) in Table2. Out of those
six models,we will the pick the modelthathasno By sign
errorsandthathasthelowestrls error. If thereis no model
with a correctly signedBg, we pick the onewith the least
amountof By error. The intuition behindthis is thathope-
fully at leastone of the estimatorswill always producea
goodmodelthatwe canuse,andwe believe thata goodBg
is moreimportantthana perfectrls error. Many otherways
to pick the modelto useexists, e.g., forming a weighted
sumof thetwo errorsandthe pick the onewith the lowest.
We chosethe former onefor its simplicity andits lack of
tunableparameters.

4 Experimental Results

In this sectionwe presenthe experimentalmethodology
andtheresults.In summarytheresultsshow that:

StandardRLS estimationdoesnot work for the black-
box systemsexamined.

Thereis no single regressionvectorthat consistently
producesgood results. This is highly dependenbn
workloadandsystem.

TheModifymethodof mitigatingBo errorsworksthe
bestandmanagego quickly correctary errorsin B,
andimprovebothrls errorandcontrollerperformance.

The combination of inputting individual workload
throughputgsogetherwith a constantinput parameter
(ThroughputAffing combinedwith the Modify
techniqueconsistentlyprovidesthebestcontrollerper
formance.

4.1 Experimental Methodology

The experimentalkvaluationis performedon two differ-
entsystems.First, we usea three-tiere-commercesystem
thatconsistof threecomponentsawebsener, anapplica-
tion senerandadatabaseClientrequestarrive attheweb
sener. Unlessthey arefor staticcontentthey areforwarded
to the applicationsener, which createsa dynamicpageby
accessindghe databaseThe generategageis thensentto
theclient.

The web, application,and databaseseners are hosted
on separatesener blades,eachwith two 1 GHz Pentium
lIl processors?2 GB of RAM, one 46 GB 15 krpm SCSI
Ultra160 disk, and two 100 Mbps Ethernetcards. The
webseneris Apacheversion2.0.48with aBEA WebLogic
plug-in. The applicationseneris BEA WeblLogic7.0 SP4
overJava SDK versionl.3.1from Sun.The databaselient
andsener areOracle9iR2. All threetiersrunon Windows
2000 Sener SP4. The site hostedon the 3-tier systemis
a versionof the Java PetStorg11] that hasbeentunedin
orderto supporta large numberof concurrenusers.

The workload applied mimics real-world user beha-
ior [5], e.g.,browsing, searchingand purchasingpehaiors
includingtheir respectie time scalesandprobabilities.For
the experimentshere,we emulate75 userspartitionedinto
two classesEachclassis consideredo beone“workload”.
Thecontrolinterval for boththe controllerandall the mea-
surementss 1s.

As a secondexperimentalsetup,we usethe web sener
in theabove setupwith only staticcontentof size64K. The
clientaccessearegeneratedy httperf andhasa Pois-
sonarrival processThesamplingintenal is alsol sfor the
websenersetup.

In orderto be able to control the performanceof the
black-boxsystemsabove, we have usedan approactbased
oninterposingafair-queuingschedulef12] onthepathbe-
tweenthe systemandits clients, as depictedin Figure 1.
Thescheduleenforcesacon gurableshareof thesystems
capacitythat eachworkload receves. The only available



measurementisom the outsideis the lateng andthrough-
put eachworkloadreceves. We will focuson lateng asit

is harderto estimatedueto its nonlineardependengon the
share. The order of the modelandthe controlleris setto

two, asit hasprovento bea goodapproximatiorof thetwo

systemsexamined.

4.2 Estimation Results

In thissectionwe evaluatewhatregressiorvectormakes
the bestpredictionsof future latencies.To make the com-
parisonasfair as possible the estimationis performedon
two setsof measuremerdatathathasbeenpreviously gath-
eredfrom the two systems. Eachset consistsof 14,400
samplesfrom a 4 hour run. The datawas gatheredby
picking a uniformly randomnumberi 2 [30;70] at begin-
ning of eachsampleinterval andthensettingthe sharego
u(k) = [i 100 i]". Thisis white noiseinput andprovides
the estimatorwith values(and frequencies)rom all over
theinterval. Thereasornthattheinterval is not largerthan
[30;70] is that thereis no good linear approximationbe-
tweenshareand lateng for intervals larger thanthat. In
Section4.3, we will seethatwhenan STRis put on top
of the estimator the estimatorperformancewill often be
degradedasthe controllerwill make surethatonly certain
valuesof the sharesandlatenciesareseenby the estimator
asit aimsfor aspeci c lateng goalthatusuallycorresponds
to asmallsubsebf sharevalues.

The regressionvectorsare evaluatedusingtwo metrics:
rls errorandBg error. RLS erroristheerroraccordingo re-
cursiveleast-squareandtellsushow well thecurrentmodel
predictsthe next y(k) vector It is de ned as

alLaivi(k Xk Df(k 1)

ErLgK) = N

(16)

whereX;(k) is row i of X(k). The By error, on the other
handwill tell ushow wrongthesignsof By are.If thereare
ary entrieswith wrong signs,the metricwill have a value
greatethanzero. Thegreatetheimpactof thewrongsigns
to the controlleroutputu(k), the higherthe By error. A Bg
with no sign errorshasa By error of zero. It is formally
de nedas

2 N a M H
&i-14iz1bji(Kui(K)]
Ego(k) = 2= 1NJI :

(17)

whereeachentryof b(k) 2 RN M is zeroif thecorrespond-
ing entryin By hasthe correctsignor the valueof the cor-
respondindBp entryif thatentryhasthewrongsign.

The top two graphsin Figure 3 shav the meanandthe
standardleviationof 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 Bg error for the three-tier
system.

RatioAffine hasaworserls error thanthe onesbased
on throughputmeasurementhatare moreor lessoverlap-
ping in the graph. However, the errorsarewithin onestan-
darddeviation of themean sowe cannotsaywith certainty
thatthereis a statisticallysigni cant differencein rls error.

Figure4 plotstherls errorasa function of time for two of

theinput vectors,shaving thattherls errorindeedvariesa

lot overtime with no clearwinner.

The bottom two graphsof Figure 3 shov the By er
ror of the regressionvectorsas a function of the forget-
ting factor (1 ). Note, that the graphis logarithmic, thus
ary point not found on the graphhasa By error of zero.
The resultsin terms of By error are much clearerthan
those given by rls error.  From the graph we can see
that for | 0:97, RatioAffine , Throughputand
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Figure 4. RLS and Bg error as a function of
time for the three-tier system when | = 0:95.

ThroughputAffineareclearlybetterthantherest,with
no By erroratall. Al = 1 alsogivesno By error, but that
modelis probablyuselessasit will never changeafter a
while andbe unresponsie to changesn the system.Look-
ing atthe By errorasa functionof timein Figure4, we can
seethatthe By errorsoccurin bursts. In betweenBg has
correctsigns.

To seehow theseresultschangefor othersystemscon-
sider Figure 5. For the web-serer, RatioAffine is
clearlythebestchoiceasit providesthelowestrls errorand
hasno By error. We have run experimentswith a number
of otherworkloadson top of the three-tiersystem,where
we variedtheratio of CPU intensive contentto morelight-
weight contentand the rate at which this changedduring
the execution. We also changedhe distribution of docu-
mentsizesfor theweb sener andchangedhe interval that
is usedto drawv randomsharevalue. (The resultsfrom all
theseexperimentsare not shavn in the paperdueto space
considerations.)By looking at theseexperimentsand the
onesshown here thereis no clearmethodthatis betterthan
theother If oneis thebestfor oneworkload,it is theworst
for another But aswill be shavn in the next section there
is a combinationof regressionvectorand By methodthat
consistentlyoutperformsall the otherapproaches.

4.3 Controller Results

To be ableto studyhow the resultsof the previous sec-
tion hold andhow the Bg methodswork, we evaluatethem
within a self-tuningregulator The STR used[16] is de-
signedusingthe basicprinciplesof Section2.2. However,
it containsmore additionsin orderto improve the perfor
manceof the controlloop. Theseadditionsareamongoth-
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Figure 5. The mean and standar d deviation of
the RLS error and Bg error for the web server.

ers,to dealwith actuatorconstraintsmaximizesystemus-
agewhile meetingthelateny goals,handledrasticchanges
in the systemandimprove stability. Thedetailsof thecon-
troller is outsidethe scopeof this paperandcanbefoundin
Karlssonetal. [16]. In orderto geta concisemetricon how
well thecontrollermeetdts lateng targetwe de ne control
erroras:

é'j\l: 1Az 1dYret;j (D) yj(i)j

KN

whereK is the numberof samplesduring the execution.
This is the meanabsolutedeviation from the performance
referencethroughoutthe executionand amongall work-
loads. We will focuson theresultsfrom the three-tiersys-
tem, asthe resultsfrom the web-serer producedhe same
conclusions.

Earl = (18)
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Figure 6. How the contr oller manages to track
the latency reference with time and how that
ability degrades when there is a By error. The
Bo error method is Nonend Throughputs
used for u(k).

To seethatBy errorsreducethe performancef the con-
trol loop, considerFigure 6, plotting the requestlateng
andthe By error as a function of time. The systemuses
Throughputor the RLS estimationand NoNne&or cor-
rectingtheBg errors.Therls erroris smallduringthewhole
time interval. From the graph,we can seethat By errors
have a large negative impacton the ability of the controller
to meetthe lateng target. Whenthereis a By error, thela-
teng is up to 6 timesashigh astargeted.Whenthereis no
By error, the controllermanagedo track the lateng tamget
well. Note,thatthe estimatoreventuallyrecoversfrom the
By error.

Table4 shows statisticsfrom the variousruns. The met-
rics arethe meansacrossthe whole 4 h execution. All of
theregressiorvectorssuffersfrom By errors. Therearetwo
mainobsenationsto take away. First, thatthe controlerror
is afunctionof boththerls errorandthe By error. If atleast
oneof themis high, the control erroralsotendsto be high.
Secondthat ThroughputSusemso bebetterthanthe
otherswhenthereis no Bo method.

Let ustry to decreasehe errorsof the estimatednodel
andthusimprove the control performanceby studyingthe
Remembeéthod.Figure7 shavs thelateng andBg er-
ror asafunctionof time for anillustrative time periodof an

executionusing ThroughputAffineand Remember

At aroundtime 50 s, thereis a suddenchangein the sys-
tem performanceand the model estimatedsuddenlystarts
to have Bg errors.As soonasthisis obsered,thecontroller
will startto usethe latestgood modelwithout a By error.
However, the estimatednodel never recoversfrom the Bg
errorandthe old modelis usedfor therestof theexecution.
The key point to note hereis that asthe systemchanges,
themodelusedwill notaswe areusinganold modelwith-
outa Bg error. The nggative 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
B error 378|884 | 476 | 25.4| 69.6 | 67.4
controlerror | 61.2 | 41.4 | 453 | 55.4 | 29.8 | 86.4

Method Remember
Inputvector R|IJRA|] T | TA [ TS [TSA

rls error est. 134 | 60.5| 6.86| 7.40 | 12.0| 40.8
rlserrorused | 319 | 127 | 73.0 | 75.3 | 75.2 | 143
Bperrorest. | 31.4| 92.2 | 63.0 | 118.3| 219 | 484
Bperrorused | 2.34| 270 | 0.52| 0.38 | 0.35| 0.34
control error 133 | 31.2| 144 | 18.3 | 14.8| 38.5

Method Modity
Input vector R[IRA|] T |TA [ TS |TSA
rls error 72.0| 36.5| 134 | 879 | 11.4| 134

Bg error est. 477 | 437 | 8.98 | 6.29 | 6.43 | 5.05
Bg error used 0 0 0 0 0 0
controlerror | 44.1| 23.3| 14.7| 120| 14.1| 16.4

Method RunAll
Inputvector ALL
rls error used 22.3
Bg error used 15.4
control error 19.3

Table 4. Overall error statistics for all the input
vector and Bg 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.

thelateng slowly diverging from the goal astime goesby
andthe performancecharacteristicef the systemchanges.
Remembety workswell whenthereareshortburstsof
By errors,notwhenthey lastfor alongtime.

Looking at the compoundedesultsfor Remembiar
Table4, the methoddoesimprove the control performance
of all input vectorsexceptRatio. While this methodde-
creaseshe By error, it doesso at the costof anincreasean
therls errorof theusedmodel,ascanbe seenin Table4.

The main dravbackof Remembes that the model
usedin the controller might get a high rls errorif the es-
timatedmodel most of the time hasa By error Modify
on the other hand, will try to usethe estimatorto get a
low rls error and modify that model so that By hasthe
correctsigns. Figure 8 shaws the latengy and By error
of ThroughputAffinefor anillustrative time period.
With this method By errorsarequickly correctandhave lit-
tle impacton the control performance.As canbe seenin
Table4, Modify offersthe leastrls erroraswell asBy er-
ror, andthus offers the bestcontrol performanceof all the
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Figure 8.How the contr oller manages to track
the latency reference with time and how By
errors are quickly corrected. The Bg error
method is Modify.

methods.The only exceptionto is Throughputhatsuf-
fersasmalldegradatiorcomparedo Remembéfodify
reduceghecontrolerrorby upto 11 timescomparedo the
previousmethods.

The resultsfrom the RUNAIll methodare takulatedin
Table4. Comparedo the othertechniquesRUNAIl per
forms aswell asRemembeih the bestregressionvec-
tors, but not aswell asModify with a throughputbased
regressionvector We also tried RUNAIl togetherwith
Modify, but the improvementcomparedo Modify and
ThroughputAffinewas small. As the computational
burdenof RunAllis six timesthatof just having a single
regressionvector, the bestchoiceis to gowith Modify.

To concludethe resultsof this se_ction,the overa}ll best
methodis to use ThroughputAffinewith Modify.

5 RelatedWork

Therearea few examplesof self-tuningregulatorsused
to control computersystems. Lu et al. [17] estimatesa
model betweencachesize and the hit ratio a workload
receves. Triage [15] estimatesa model betweenthe to-
tal numberof requestssentto the systemandthe lateng.
Karlssonet al. [16] estimatesa modelbetweensharesand
bothlatengy andthroughputNoneof theseapproacheson-
siderBy errorsor evaluatedifferentwaysof estimatingthe
performancamodels. All of them could probablybene t
from thetechniquegpresentedh this paper

Therearealsoa numberof adaptve controllersthatuse
ad-hocestimatiortechniqueshatarenotpartof theestima-
tion literature. For example,the control law andestimator
of Yakshg13] couldprobablybene t from ourtechniques.

While RLS is the most widely used estimationtech-
nigue for STR, thereare othersincluding extendedleast-
squaregELS), total least-squareéTLS), the gradientesti-
mator, the projectionalgorithm,the stochasticapproxima-
tion algorithmandleast-mearsquaregseeAstrometal. [2]
for detailson all of thesemethods) All, with the exception
of ELS and TLS, are computationallymore ef cient but
generallydo not provide asgood estimatesas RLS. How-
ever, our techniquesreapplicableto all the above estima-
torstoo, without any modi cations. In fact,our techniques
areapplicableto ary estimatorusingthe samemodelused
in this paper

Someof the techniqueswe have employed have been
successfullyusedin other elds. The trick of including
scalingseparatelyasin the ThroughputSungthodhas
beenusedfor handlingperspectie projectionin imagesand
video[6]. Toincludeaconstantsinputto least-squarelsas
beenusedin mary elds, for examplein theoff-line estima-
tion of streamingmediasener performancd7], in orderto
getaf ne functions.Theuseof multiple concurrenestima-
torsis not uncommonin adaptve control theory[2]. But
it hasbeenusedin orderto lessertheimpactof covariance
windup,noterrorsin the signsof Bg.

6 Conclusions

This paperis concernedvith dynamicallyestimatinga
performancenodelof ablack-boxcomputersysterusinga
least-squaresstimatorthat providesa self-tuningregulator
with goodcontrolperformanceWe shaw thatregularleast-
squaregloesnot producemodelsthatleadto goodcontrol
performance.This paperidenti es thatthe signsof the By
model parametematrix is critical to good controller per
formanceaswell astheleast-squaresiinimizedmodeler-
ror. To alleviatethis situation,we proposeandevaluatetwo
setsof techniquesFirst, we examinewhatcombinatiorand
arithmeticmanipulatiorof measurementsndactuatorghat



providethebestmodels.Secondyve proposghreemethods
that can mitigate the effects of anincorrectBg parameter
producedby the estimatoy and provide the controllerwith
betterperformancainderthosecircumstances.

The techniquesare evaluatedwith a self-tuningregula-
tor that provides lateng targetsfor workloadson black-
box systems. The experimentalevaluationwas conducted
on two systems: a three-tiere-commercesite and a web
sener. Theresultsshawv thatthe overall bestcontrollerper
formanceis achieved by estimatingthe lateng asanaf ne
function of throughputcoupledwith the techniqueof mod-
ifying modelswith By errors. This combinationresultsin
up to 11 timesaveragelower error betweenrnthe desiredla-
teng/ andthelateng theworkloadsreceie. Previously os-
cillating workloadlatenciesarewith our techniquesmooth
aroundthelateng targets.
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