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Abstract

Powerperformanceoptimizationis a relativelynew problem
area particularly in the contet of serverclustes. Power

aware requestdistribution is a methodof scheduling ser

vicerequestamongserves in a clustersothat enegy con-
sumptionis minimized while maintaininga particular level
of performance Eneigy efciency is obtainedby powering-
downsomeserves whenthe desied quality of servicecan
be metwith fewer serves. We havefoundthatit is critical

to take into accountthe systenandworkloadfactors during
boththe designand the evaluationof sud requestdistribu-
tion stchemes.We identify the key systenand workloadfac-
tors thatimpactsud policiesandtheir effectivenesin sav-
ing enegy. WWe measue a webclusterrunning an industry-
standad commecial webworkloadto demonstatethat un-
derstandingthis system-workloadontet is critical to per

formingvalid evaluationsandevenfor improvingtheenegy-
savingschemes.

1 Intr oduction

Enegy ef ciency for senershasrecentlybecomeanimpor-
tantconcernfor technical,ervironmental,and nancial rea-
sons[1]. Both products[2, 3, 4] andresearcH5, 6, 7] are
beginning to addresshe problemof reducingenegy con-
sumptionin seners. Enegy conserationpoliciesfor sener
clustersusevariationsin workloadto consere enegy by re-
ducingresourceconsumptiorwhenthe load is low. When
usingsuchpolicies,boththesystemandworkloadcharacter
isticsaffecttheenegy savingsthatcanbeobtained Previous
researcthasnot consideredhesecharacteristicin detail. In
this paper we presenta systematicstudy of the systemand
workload characteristicghat affect the designand evalua-
tion of requestistribution schemesargetingenegy savings
in senerclusters.

With the growing trendof dynamiccontentwebssites,we
employ PowerAware RequestDistribution (PARD) at the
load-balancingront-endof a clusterservingdynamicweb
workloads.Eneigy managemeris performedfor the sener
tier which producesthe dynamic content. The static (im-
age)serviceandthe databasdack-endare hostedon sepa-

rate senersthatare not enegy-managed.We generateour
experimentalworkloadsfrom theindustry-standard PC-W
benchmarl8] and apply tracesfrom real site logs to pro-
ducevaryingloadpro les. This allows usto capturethe dy-
namicworkloadbehaior from TPC-Wwhile usingrealistic
loadvariationsto testthe effectivenes®f enegy-conserving
schemesWe useacustom-huilt, enegy-ef cient senerclus-
terin our evaluationgo examineandvalidateour theories.
In this paper we identify the following key systemand
workload factorsthat most signi cantly affect enegy ef-
cieng.. The primary systemfactorsarethe clusterunit and
its capacity startupdelay shutdavn delay andtheability (or
lack thereof)to migrate connectionsdetweenseners. The
primary workload factorsare the load pro le with a spe-
ci ¢ shapeandpeak,the rate of changein load in relation
to the currentload, andthe workload unit. Togetherthese
factorsmake up the system-workloadontet. We shaw the
interactionbetweenthesefactorsand how a given system-
workload context affects the designand performanceof a
PARD schemeOur key contritutionsareasfollows:
We identify thekey factorsin thesystem-verkloadcon-
text thatimpactenegy saving policies. We shov how
to usethe knowledgeof thesefactorsto derive better
enegy estimategor PARD policies.
We provide a novel methodfor generatingworkloads
which meetthe needfor industry-standartéenchmarks
aswell astheloadvariationrequiredfor enegy-sasing
studies.
We analyzethe enegy savings for a setof PARD poli-
ciesusingour on-of modelwith the system-verkload
context. We verify themwith enegy measurementsn
arealclusterwith dynamicwebworkloads.

All the PARD schemesve considersave enegy by turn-
ing off senersthatareidle. In asurwy of idle sener power,
Chaseetal. [5] foundthatcorventionalsenersusedat least
60% of their peakpower whenat idle (with the IA-32 pro-
cessorcalling HALT in the idle loop of the operatingsys-
tem). In fact, all but one systemusedover 74% of their
peakpower at idle. This idle power consumptioris dueto
componentghat are not power-managedike memoryand
sometimesglisksandinef ciencies of power supplies.Thus,



power-managemenby just voltage-scalingorocessorwill

miss saving signi cant enegy whenthe systemis idle. In
our studies,we turn-off senersto obtainthe maximumen-
ergy savings atidle. Someoperatingsystemshave a hiber
nationmodethatusesvery little power. This couldbe more
enegy-efcient thanfull rebootsof theseneraftershortdu-
rationidle periods. We do not evaluatethis in our studyas
our infrastructuredoesnot supportthis feature.

In our studies,we have chosento useweb workloadsin
which all characteristic§maximumload, maximumrate of
changen load, etc.) areknown a priori. We assumea well-
provisionedclusterthatoperatesiuringnormalusagecondi-
tionswithout unexpectedoadincreasesRealclusterscould
experienceoverloaddueto equipmentailuresor unexpected
load spurts. Here, we focus on the impactof the system-
workloadcontext on requestdistribution techniquesthe de-
sign of requestdistribution schemeso handle unplanned
loadis beyondthe scopeof this paper

The organizationof the paperis asfollows. In section2,
we presentherelatedwork from previousstudies.In section
3wede ne thesystem-vorkloadcontext anddescribéts im-
portancan understandinghe resultsof enegy optimization
studies. Section4 describesour basicrequestdistribution
stratgy, our systemervironmentand the workloadsused.
We presenburexperimentatesultsandanalysidn sectiorb.
Finally, we concludethe paperandpresensomeof ourideas
for futurework in section6.

2 RelatedWork

Enegy managemenpolicies that dynamically resize the
clusterin responsdo workloadvariationarejust beginning
to be studied. Pinheiroet al. aggrejatethe demandsnade
on CPU, network, anddiskin the clusterandusethis to esti-
matethe numberof senersto keeppowered-or{7]. Thesys-
temadministratotunesthesystenmby settinganelapsedime
(thetime to wait betweernrecon gurationsto let the system
settle)anda degradationpercent. Chaseet al. estimatethe
impactof clusterresourceavailability on workloadthrough-
putusingeconomiaheory[5]. They suggesthataboundon

clusterenegy savings canbe estimatedy the variability in

the workload. In our work, we examinethe interactionbe-
tweenworkloadvariability, systemfactors,PARD stratgies
andenegy consumptionElnozahyetal. [6] have studiedthe
relationshipbetweerpoliciesthatusedynamicvoltagescal-
ing andthosethat turn senerscompletelyoff. They found
that a policy that both resizedthe clusterand dynamically
varied the voltage (and frequeng) of the seners achieved
thatbestenegy savings. However, asimplepolicy thatturns
off senerswhennotrequiredis foundquitecompetitive with

themorecomple policies.

In contrastto theseprevious studies,our study doesnot
focus on nding the optimal enegy managemenpolicy.
Someof theseprior studiedack rigorousexplanationof their
experimentaketupandresultswhich makescomparisorbe-

tweenthe studiesdif cult. For example,it is oftennotclear
if the peakof the workload hasbeencorrectlysizedfor the
numberof senersin the cluster In this paper we provide
a framework for doing suchexperimentsand list the criti-
cal systemand workload parameterghat are necessaryo
put the studiesin context. We validate our framework by
measuringenegy and performanceon a real cluster An-
otherpoint of differentiationis thatwe arethe only studyto
usea transaction-orientedieb workloadthatis basedon an
industry-standarbenchmark TPC-W We describéhow we
scaleour workloadswhich usethe time-varying load from
two realwebsites.In addition,our experimentsaredoneon
aclusterof bladesenersthathave beendesignedor enegy-
ef ciency.

While resizing clustersto save enegy is a hew areaof
researchtherehave beenmary previous studieson resizing
the resource®f a singlesener to save enegy while main-
taining a performancegoal. Someexamplesof thesestud-
iesincludeadjustingthe performancef the processousing
voltagescaling[9] [10], resizingqueuesn the microproces-
sor[11], resizingthe cacheby powering-davn unusedcache
lines[12] [13], and putting idle memorybanksinto a low-
power mode[14.

Enegy and performanceoptimizationsin web seners
have beenwidely studied.Bohreretal. [1] reporton the op-
portunity to usevoltage-scalingprocessorsn web seners.
Elnozahyet al. [15] use requestbatchingas a methodto
improve enegy-efciency during low-intensity workloads
thatwould otherwisepreventsenersfrom beingturnedoff.
Locality-Aware RequesDistribution [16] wasinitially con-
ceivedof asawayto improve performancef websenersby
selectinga web sener that hasthe requestcachedn mem-
ory (insteadof on disk). Althoughenegy managemenwas
not thefocusof thatstudy it is likely thatfetchinga cached
copy of thedocumentvill save enegy aswell. Oceand17]
is asystemmanagingane-husinescomputingutility. It dy-
namicallyassignsenersfrom acommonpoolto to multiple
customersn responséo changingworkloadto meetquality
of serviceconstraints.It would be straight-forvard to aug-
mentthe sener assignmentvith PARD-like policiesto re-
duceenepgy consumptionwheneer customeraunderutilize
theirallocatedseners.

3 The System-Workload Context

The problem of power-aware requestdistribution can be
characterizeésminimizing clusterresourcautilization for a
particularworkload, while meetinggiven quality-of-service
(QoS) constraints. Our focusis on thoseresourcesvhose
consumptioraffectsthe variableenepy in the system.The
differentdimensionf theproblem-spacare:

theenegy consumed

the QoS
thesystemcharacteristics
theworkloadcharacteristics



Every point in this four-dimensionalspacehasan asso-
ciatedimplication for the enegy consumedy the cluster
the performanceprovided, clusterdesigndecisions andthe
natureof workloadsthat canbe serviced. The systemand
workloadcharacteristictpgetherde ne thespaceof opera-
tion for the trade-ofs betweenenegy savings andQoS.We
call this the system-workloadontect. Studiesthatreporten-
ergy savingsandQoSwithout de ning the system-verkload
contet cangive only anincompleteand potentiallyinaccu-
ratepictureof thevalueof a PARD scheme.

Furthermorewhile enegy and QoS arethe measure®f
interestto request-distribtion stratgyies,theindirectimpact
of the systemandworkloadon both enegy andQoSmalkes
understandingheir rolescrucialto boththe designandeval-
uationof enegy-saving requestistribution schemesin this
sectionwe identify the critical system-verkloadfactorsthat
impacttheef cacy of PARD schemes.

3.1 The On-Off Model

We useasimpleOn-Of modelfor estimatinghevariableen-
ergy consumptiorof the cluster We assumehatthe power
of aclusterresourcdin ourcaseaserner)is equalto its peak
powerwhenit is on andzerowhenit is off. Thisassumption
lets us computethe enegy savings for ary durationbased
on just the averagenumberof resourceshat areactive dur-
ing thatperiod. For our PARD schemesin which complete
senersareturnedon or off, this is a valid assumption.We
believe that resourcesvith more power statesthan just on
andoff canbeconsideredismultiple unitswith differenton-
level enegy consumptiorand canbe studiedwith the same
model. Resourcesvith a hugevariationin the on-level en-
ergy consumptioni.e. with adynamicenegy rangethatis a
signi cant fraction of the off-to-peakenegy change would
needto be approximatedvith multiple resourceunits each
correspondingo a small rangein the enegy variation, to
work underthis model.
We de ne theutilizationratio as

average activeresources 1

total resources @

A utilization ratio of 1 correspondgo a systemthat al-

waysrunsat peakcapacitywhile a utilization ratio of O cor-

respondgo a systenthatis completelyidle. Thefractionof
enegy savedis:

util iz ation ratio =

energy saved= 1 util ization ratio (2)

Though,this modelis simple,we will seethatit is quite
effective in predictingthe enegy consumptiorprovidedwe
understandhe implicationsof the system-verkload context
on the fraction of resourcesuisedand, thus, on the enegy
consumptiorof thesystem.

3.2 KeySystemCharacteristics

Following arethe key systemcharacteristicshat affect the
impactof PARD schemes:

Cluster unit: It is the smallestunit of resourcethat canbe
added/remeedto increase/decreasmegy consumptiorof
the cluster Its enegy costandperformancearekey to ary
PARD scheme.Smallerthe sizeof the clusterunit (in terms
of its enepgy cost),the ner theadjustmentshatcanbemade
for power-performancdrade-ofs. In this paper we assume
theclusterunit is asinglesener.

Immunity to overload: The capacityof the clusterunit is
the maximumload seenby ary clusterunit after which its
performancéecomesinacceptablyow. As PARD schemes
vary the resourcecommittedto a service,overloadsitua-
tions canoccurevenwhenthefull clusterresourcesresuf-
cient to handletheincreasedoad. Thus,it is vital to know
the capacityof a clusterunit to both detectand avoid over
load which is importantboth for designand evaluation of
PARD schemesln this paper we measureapacityin terms
of thenumberof active client connectiongo theclusterunit.
Systemenergy consumption: In additionto theenegy con-
sumedby a clusterunit, the baseenegy consumptiorof the
system(minimumsystencon guration)andthepeakenegy
consumptiomeedto be speci ed to establishthe variabil-
ity of systemenegy which would bethedomainfor PARD-
basedenegy conseration.

Systemsupport for PARD schemeimplementations and
their cost: Thefollowing are someimportantsystemcapa-
bilities thataffectthedesignandimpactof PARD schemes.

Ability to turn on cluster units: The startupdelayis the
time to bring a clusterunit online- includestime to power it

up, boottheOSandstartservicesand,if signi cant, thecost
of bringing it to a certainperformancdevel (say pre-load
datainto cache/memory)Givenacertainminimumrequired
QoS thestartupdelayaffectsthenumberof clusterunitsthat
needto berunningto handlespikesin load.

Ability to turn off cluster units: The shutdowndelaycor-
respondso the periodbetweerremoving a clusterunit from
serviceand actually turning it off. During this period the
clusterunit would continueto consumeenegy while provid-
ing no service.Larger shutdavn delays(combinedwith the
startupdelays)could limit the ability of PARD to reactto
smallerandlesspredictablechangesn load.

Independenceof cluster units: Whenclusterunitsturnon
andoff, thelessimpactthey have ontheotherrunningcluster
units, thelesscomplex andmore e xible the PARD schemes
canbe. For example,|if all datais placedonaremotele sys-
tem (for example,NFS le systems}henary clusterunit's
ability to servicerequestss independendf thestatusof other
clusterunits. On the otherhand,if datais partitionedbe-
tweenlocal disks, clustersunits cannotbe shut off without
cuttingoff accesdo theirlocal dataor beforere-partitioning
thelocal data.

Ability to migrate sewice requests The ability to transfer
or terminatea request/connectioo a clusterunit couldalso
impactthe designandeffect of PARD schemesTheimpact



of this is closelyrelatedto the durationof servicefor each
request/connectionf thedurationof therequesis long and
the systemdoesnot provide theability to migratetheservice
to anotherclusterunit, thenthe servicingclusterunit needs
to be keptonline for the full durationof the requestor the
connectioraslong asthereis actity onit.

3.3 KeyWorkload Characteristics

Following arethe key workloadcharacteristicthataffectthe
impactof the PARD schemes:

Workload unit: Analogousto the clusterunit, theworkload
unit is the minimal schedulableservicerequest. Often, the
requestanhave very differentimpacton the senerloadde-
pendingonthespeci c parametersf therequestcurrentre-
sourceconsumptiorof the sener, andotherfactors. While
this makesdeterminingtheimpactof eachrequesguite dif-
cult, it isimportantto have agoodunderstandingf thecost
for arequestat leastof the averagecost. In this paper we
usea singleclient connectiorasthe basicworkloadunit.
Load Ratio: We de ne loadratio for theworkloadas

averageload
peakload 3)

Loadratio of 1 correspond$o aworkloadwith a x ed,con-
stantloadaffording little scopefor PARD-basedenegy sav-
ings. Giventheinstantaneoukad anda requiredminimum
quality of servicefor theworkload,thereis a certainminimal
numberof clusterunits(resourcesphatneedio becommitted
to thatservice. If we assumen linearrelationbetweenoad
and resourceutilization (usually valid underregular opera-
tion conditions) for aworkloadscaledo thesystencapacity
theloadratiowould correspondo theminimal utilizationra-
tio for the system.With enegy consumptiorproportionalto
resourcesised theloadratio providesa usefulupperbound
off1 loadratiogfortheenegy savings.

Rate of changein load in relation to the current load:
Given a certainQoS constraintthe currentload determines
the amountof resourcesequiredto sene it. Any increase
in load hasto be metwith the sameresourcesntil new re-
sourcesanbe broughtonline. Hence givena certaindelay
in bringingup a new sener, the maximumrateof changean
load that canbe toleratedis alsodeterminecby the current
load. Corversely both the load pro le (load versustime)
andthe rate of changeof the load pro le (rateversustime
andload)arerequiredto characterizaworkloadfor enegy-
savingsstudies.

3.4 Interplay of System-Workload Characteristics

loadratio =

In thissectionweillustratetheinteractionf theparameters
andcharacteristicglenti ed in the previoussectionandtheir
impacton enegy consumptionFirst, we shav theimpactof
theworkloadcharacteristicendthe clusterunit capacityon
themaximumachiezableenegy savzings. Next, we shav the
impactof the startupandshutdavn delays.

— — A

— — A .

Figure2: Differentworkloads,samepeak

Figuresl and2 depictworkloads(load vs time) derived
from thelogs of a day's actvity attwo web sites. Figurel
shaws the effect of scalingthe sameworkload by differ-
entfactors. The systemconsistsof 8 senerseachcapable
of sustainingl50 connectiongworkload unit = 1 connec-
tion, andcapacityC = 150connectionsattherequiredQoS
for a total capacityof 1200 concurrentconnections. The
curve Financial120Qcorrespondso the workload scaledto
the peakwhile Financial800is the sameworkload scaled
to 800connectionsM(Financial1200andM(Financial800)
correspondo the numberof active senersrequiredto sene
the workloadat ary giveninstant. The maximumexpected
enegy savingsis f1  util ization ratiog, which is 0.51
for Financial1l200and0.67 for Financial800.We getf 1
loadratiog numbersf 0.57and0.73for Financial120Gnd
Financial800respectiely which are quite closeto the en-
ergy estimatesrom the utilization ratios. We also seethat
Financial800hasa larger estimatecenegy savings thanFi-
nancial120Ghaving onecould getoptimistic savingswhen
the evaluationworkloadis not scaledto the capacityof the
cluster

Figure 2 illustratesthe usefulnesof the load ratio with
two differentworkloadpro les bothscaledto 1200connec-
tionsatpeak.Theenegy savingscomputedrom theloadra-
tios for Financial120GandOlympics1200are0.57and0.36,



Figure3: Effectof StartupDelay

which aremarginally higherthanthe savingscomputedrom
the utilization ratios- 0.51 and 0.33. The examplesillus-
tratethatenegy savingsvarieswith boththe peakandshape
of theload curve. They alsoillustratethatthe loadratio can
provide agoodupperboundonthemaximumenegy savings
whengivenjust the knowledgeof the workload.

Next we examinetheeffectof thesystendelaysonenegy
savings. Let D representhe startupdelay; N, the number
of pawered-onmachinesC, the capacityof eachmachine;
L, the instantaneoutad on the system;and, S, the rate of
change/slop®f the load on the system. Then,to meetthe
QoS constraint,we needthe following relationto be main-
tainedbetweertheabove quantities:

L+SD N C (4)

For a systemwith speci ¢ machinecapacityC, at ary
givenload (L and S), a highervalue of D implies a higher
valuefor N i.e. a higherstartupdelayrequiresmore active

machinesin general)eadingto higherenegy consumption.

For agivenloadprole, L (i.e. L andSwill be known for
all instantsof time), one cancomputethe minimal N; such
thattheaboveinequalityis satis edfor all timet. Thiscurve
wouldthencorrespondo theminimumenegy curvesfor the
givenloadpro le andsystemparameter® andC. Figure3
shavs N¢ curvesfor differentstartupdelaysfor the Finan-
cial1200pro le from gure 1.

While theeffectof startupdelayonenegy consumptioris
indirectthroughits effectontheQoSconstrain{whichis met
by never having morethanC connectiongper machine)the
shutdavn delayhasa moredirecteffect. At any giventime
t, if N machinesareactive andJ of themcanbe shutdavn, a
shutdavn delayof D impliesthattherewill beexcessenegy
consumptiomproportionakoJ D for thisparticularinstance
of the shutdavn delay Figure 4 shaws the N curvesfor
differentshutdavn delaysfor the Financial120Qro le from
gure 1.

4 Experimental Platform

In this sectionwe describegheervironmentin whichwe ran
our experiments.The threemajor component®f this ervi-

Fatd

Figure4: Effectof Shutdavn Delay

ronmentare the SuperDenseSener that hostthe web site,
the requestistribution mechanismandour modi ed TPC-
W workload.

4.1 System- SuperDenseServers

OurexperimentsaredoneonaprototypeSuperDenseSener
(SDS)clusterthathasbeendesignedor enegy-ef cient web
serving[18]. In apreviousstudywe foundthatthe SDSclus-
ter usedhalf the enegy of a corventionall.2GHzPentium
[l XeonIntel rack sener while providing similar peakper
formance.Measuringenegy-saing softwaretechniqueon
hardwarethatis inef cient maytendto magnify the bene t
of the software technique. Therefore,we have chosenthe
SDSclusterasthe platformfor this study

The cluster prototype consistsof 8 custom-ilt low-
enepgy serverblades a Ziatechmanajementblade anda
Zynx network switch blade All of the bladesplug into a
CompactPCI[19] chassisthat in turn suppliespower and
cooling. Eachbladehasa 500 Mhz Intel Pentiumlll proces-
sorwith a256K L2 cache 256 MB of DDR-266SDRAM, a
USB port, two 100 Mb/secEthernetconnectionsanda Sili-
con IntegratedSystems35 chipsetthat combineshe func-
tion of both north andsouthbridgesonto a single chip. We
only usel 100 Mb/s Ethernetconnectionon eachsener in
this study Unlike similar designg2, 3, 4], our senerblades
do notcontainadiskor KVM connectiongKeyboard,video
andmouse). In addition,thereis no graphicsco-processor
Eliminating theseitemsreduceghe enegy consumptiorof
the blade. An H8 8-bit microcontrolleron eachsener blade
provides statusand managemenfunctions, including the
ability to power on/off all deviceson the sener (besideghe
H8 itself).

Dueto amanufcturingerror, our prototypesener blades
do not properly receive interruptsfrom external deviceson
the PCl bus. This problemwasovercomeby modifying the
Linux kernelandnetwork device driverto poll for interrupts.
However, this could potentiallyreducethe gap betweernthe
enegy consumptionof an idle bladeandthat of a heavily
loadedblade. In our runs, a blades power consumption



variesbetweerl3.3W to 14.8W dependingn activity.

The managemenbladeincludesa 20 GB laptop disk.
Thisdisk providesthesystenimagefor thesener bladesvia
NFS. The managemenblade can power-on and power-off
thesenerbladesby sendingcommandso the H8 microcon-
trollersviathel2C network acrosgshebackplaneTheswitch
bladetakesa 2 Gb/sconnectiorfrom outsidethe clusterand
distributesit over the CompactPCbackplaneto the sener
bladesat 100Mb/s.

The sener bladesuse DHCP to boot and download a
Linux kernelfrom the managemenblade. Sinceeachblade
has known, static hardware, the kernelis con gured with
the right network driver and no other device drivers. This
removes boot-time delaysdue to device probing. Booting
takes 20 secondsand startingup web servicestakesan ad-
ditional 10 seconds.Sincethe bladeis disklessandhasno
non-wolatile stateit canbe shutdavn andpowered-of in un-
der1 second.

Enegy is measureddy attachingsenseresistorson the
power plug for the chassisso that every componenin the
systemis accountedor, exceptthefanswhich usea separate
externalpower supply A Nationallnstrumentslataacquisi-
tion boardin a stand-alond>C systemmeasureshe current
andvoltagefrom thewall powerat10K samplegersecond,
corvertsthis to enegy, andaddsit to the countof total en-
ergy usedduring the experiment. The time-stampednegy
countsaresentto auserlevel daemonPard, which alsocon-
trols the request-distribtion infrastructurethat is discussed
next.

4.2 RequestDistribution Infrastructur e

Thetwo primary tasksof ary power-awarerequestistribu-
tion strateyy areto distributeincomingrequestamongactive
senersandsetthe power-stateof eachsener.
Requestdistrib ution is performedusingthe Linux Vir-
tual Sener[20] (LVS) software. LVS is runin Direct Rout-
ing modewhich modi es the IP headersf the reply pack-
etsso that seners canresponddirectly to the clients with-
out sendingpaclets back throughthe load-balancer Since
theload-balanceonly seeshe shortclient requestsits net-
work load is reduced. LVS supportsmary policiesto dis-
tribute the connections.We usea modi cation of the Least
ConnectiongLC) Policy thatwe call LeastActive Connec-
tions (LAC). LC balanceghe load betweensenersusinga
weightedformulafor loadinvolving thenumberof actve and
inactive connectionsvith a higherweightfor active connec-
tions. It directsnew incomingconnectiongo the senerwith
the lowestvaluefor this formula. LAC usesjust the active
connectiongor makingthis decisionfor two reasons(1) An
active connectionhassigni cantly greaterload thananin-
active connectiomandeven moreso for dynamicworkloads
that we use,and (2) LVS doesnot seeseners closeinac-
tive connectionssothey remainin theLVS connection$able
(till they timeout)causingncorrectestimatedor theloadon

Shutdown delay . . . ... Startup delay

Figure5: Sener statetransitiondiagram

the seners. Additional minor modi cations helpin remov-
ing ary remainingtemporaryimbalancesn connectiongand
load)betweerseners. Themodi ed LAC triesto ensurehat
all active senersseethe samenumberof active connections.
At ary instantthesenerwith theleastloadrecevesthe new
incomingconnection.

Managing server power-states with our PARD algo-
rithmsis doneby auserlevel daemonPard, which alsoruns
ontheload-balancerLVS hasbeenmodi ed to interactwith
it. Besidesmanagingoower, Pard alsocollectsenegy mea-
surementsiesourcaisagestatisticsaandoperationalnforma-
tion from the sener machinesand other supportmachines.
This datais correlatedand loggedto producedatafor our
studies.Pardobtainsinformationfrom LVS thatincludesthe
numberof connectionn eachseners. It usesthis infor-
mation and an internal algorithmto decideon the number
of senersto be kept powered-on. If the numberof seners
needsto be increasedit startsup the necessarnumberof
additionalseners (sendsthe appropriatesignalto the man-
agementbladeto wake up seners, boot them, start sener
daemonsetc.), waits until they arereadyto sere incoming
connectionandthendirectsLVS to begin schedulingcon-
nectionsto them. If the numberof senersneedsto bere-
duced,Pard selectssenersto pover-down anddirectsLVS
to stopusingthem.Onceall theconnection®ntheseseners
have closed, Pard directsthe managemenbladeto power
themoff.

Figure5 shavsthestatetransitiondiagramfor senersun-
der Pard's control. Pard initially placesa senerin the Off
state. When Pard activatesa sener, it movesit to Wakeup
Thesenerremainsn Wakeupuntil its bootsequencé com-
pleteandall senerdaemonsecessarjor servicingrequests
arerunning. Pard monitorsthe progressof the startupof
senerdaemonsletectingvhenthey areactuallyreadyto ser
vicerequestsAt thispoint, Pardmovesthesenerto the Busy
stateandsignalsLVS to startusingthe sener for incoming
connectionsThe Startupdelay, discussedn the earliersec-
tion correspondso thetime betweena sener's startupuntil
it movesto the Busystate. WhenPard decideghata sener
shouldbeturnedoff, it placesthe senerin the Standbystate



anddirectsLVS notto useit. LVS will notsendary new con-
nectiongto thatsener anymore. Pard thenwaits until all the
existing connectionn the sener close. Thenthe seneris
movedto the Retire state.Any requiredshutdavn processes
arecompletedn the Retire phaseandthenPard signalsthe
sener to switch off. The Shutdowndelay, discussegrevi-
ously, correspondgo the time betweena sener's Standby
phaseandwhenits switchedoff.

Thebasicalgorithmto determinethe requirednumberof
seners is called Simple Threshold(ST). Pard obtainsthe
load (in termsof the numberof connectionspt ary instant,
L, from LVS andfeedsthis valueto ST. ST usesa simple
thresholdparametefT to determinethe numberof seners
necessargsgivenin Equation5.

Nt = Lt =T (5)

As mentionedbefore,the capacityC of senersis mea-
suredin termsof the numberof active connectiongor a par
ticular workload. C is determinedas the maximumnum-
berof sustainabl@ctive connection®nasinglesenerwhile
meetinghe QoSconstraint.Thus,to meetthe QoSconstraint
no senershouldbeservingmorethanC connectionsSince,
LAC distributestheloadevenlyamongtheactive senersthis
amountgo theaverageloadpersener notexceedingC con-
nections. For a given startupdelay D, this placesa lower
boundonthenumberof senersrequiredto be powered-orat
timet, N¢, asoutlinedin Equation6. Here,Ct;t +D represents
themaximumvalueof theloadfromt tot + D.

N¢ Ct;t +p=C (6)

Givenfull knowledgeof the systemandworkload,there-
sponsibilityfor enforcingthe QoS constraintscomesdown
to choosingthe appropriatevaluefor the thresholdparame-
ter, T

Cir+p=C
T =

L=T (7)
mtin(Lt:(l’_\t;t +D :C))

For agivenpro le ahigherstartupdelaythencouldim-
ply alower thresholdo maintainthe sameQoS.This canbe
illustratedby a simple example. Considey a workload pro-

le with aportionwherethe loadis increasingat the rate of
10 connections/second@lso considertwo startupdelaysl10
secondsand 20 seconds.At time t, if the loadis 100 con-
nections,at t+10 it would be 200 connectionsand at t+20
it would be 300 connections.Let C for the systembe 100
connections. Then at least2 seners needto be powered-
on at t for a 10 seconddelay and 3 senersfor a 20 sec-
ondstartupdelay asotherwisetheloadontheactive seners
would exceedl100connectionsThisthenrequiresT to be50
((Ly = 100=2) for the10secondlelayand33((L; = 100=3)
for the20 secondlelay

4.3 Workload - Modi ed TPC-W

We usethe speci cationsfor the e-commercebenchmark,
TPC-W/8], to build our workload. This providesa dynamic
web workload that has characteristicerti ed as realistic,
by the TransactionProcessing?erformanceCouncil. TPC-
W modelsanonlineretailbookstore. Thespeci cationgives
threedifferentworkloads- browsing,shoppingandordering
- which have differentratios of browsing (read)to ordering
(write) interactionsWe usethe shoppingworkload,whichis
deemedo bethe mostrepresentatie workloadby the coun-
cil, in all our experiments.Detailson the performancechar
acteristicsof TPC-W canbe found in a paperby Amza et
al. [21].

We implementall threetiersfor the TPC-Warchitecture.
Thedatabaséaclkendconsistof MySQL [22] with our own
implementatiorof queryresultcachingto scaleit up. We use
Apachg[23] for ourwebsenerwith thePHP[24] modulefor
dynamic contentgenerationncluding communicationwith
the databaséaclend. We scalethe web sener tier by using
PHPscriptcachingfrom AlternatePHP Cache[25]. We use
a separatenachinewith the Tux websener[26] for serving
theimagesrequiredin TPC-W The site usersare emulated
by clientprogramsunningonseparatenachinesvhichopen
a connectiorperemulateduserto the web sener machines.
We usethe SuperDenseSener (sectiond.1) for runningour
Apachewebsenerswith thePHPmodule.Ourmachinecon-

guration for theexperimentds shaovn in table 1.

TPC-Wis a peakperformancéenchmarkwherefor the
speci ¢ scaleof implementationthe metricof importancds
the maximumachieved site throughput(in Web Interactions
per Secondor WIPS) while meetingthe 90%-ile response
time restrictions.We usethis asour QoSconstraint.For an
enegy-saingsorientedstudywherethefocusis onresource
minimizationwhendemandhasbeenlowered,benchmarks
that placepeakdemandhroughouthe measuremenrneriod
areuselessTo addresghisissue we useavaryingload pro-

le ontop of the TPC-Wworkload. Eachclient programis
fed avaryingloadpro le thatconsistsof the numberof em-
ulatedsite usersfor eachtime interval for the courseof the
run. The clientsmaintainthe numberof connectiongo the
site accordingto this pro le, therebygeneratinga varying
load to the site for the durationof the run. This approach
generatesneaningfulandinterestingworkloadsfor our ex-
perimentsthat have both realisticdynamiccontentrequests
andloadthatvariesovertime. Interestedeadersancontact
the authorsfor more detailsandfor the pro les usedin our
experiments.

We usetheweblogsfor onedayfrom two differentweb
sites- a major nancial organizationand the 1998 Winter
Olympics - to generateour load pro les. The 24 hour log
is compressedo a 30 minutepro le. Requestsecevedin
each48 minuteinterval in the original log are countedfor
1 minutein the compressegro le. The load pro le thus



Tablel: MachineArrangemenfor Experiments

Role Con guration Software

Databas&ener | IBM xSeries330- 2 1.26GHzPentiumlll, 4G SDRAM | MySQLv 3.23.49a

Web Sener 8 SDSblades Apachev 1.3.23with PHP4.1.2
ImageSener IBM xSeries330- 2 1.26GHz Pentiumlll, 4G SDRAM | Tuxv 2.2

Clients 2 IBM xSeries330: using1.26GHzPentiumlll C Clientprogram

Table2: Parametervaluesusedacrosexperiments

Parameter Symbol | Value
Capacityof onesener C 140connections
Total numberof seners - 8

StartupDelay D 30seconds
Shutdavn Delay - 0

obtainedis thenscaledto whatever peaknumberof connec-
tionsis requiredfor aparticularrun. Thus,if the peakof the
compressegro le is 1000requestandthe peakfor therun
desiredis 1200 connectionsgachpoint on the compressed
pro le would be multiplied by 1.2to obtainthedesiredoad
pro le. Figure2 shonsthetwo loadpro le curvesscaledo a
peakof 1200connectionsWewill referto thetwo workloads
throughoutherestof the paperasFinancialandOlympics.

4.4 System-Workload Parameters

The clusterunit for our experimentsis an SDS blade. We
useatotal of 8 bladesin our experiments.The non-\ariable,
baseenegy of our systemis 87 Watts. This is the enegy
for the systemmanagementlade,network switchbladeand
the power inef ciencies in the power supplyfor the chassis.
A fully con gured chassissimilar to the onewe usewould
accommodat@4 blades,thereby amortizingthis costover
amuchlargernumberof blades.An active bladeconsumes
betweenl3.3Wto 14.8Wdependingn load. In therestof
the paper all enegy gures are for the variableenengy in
the systemwhich is over andabove this x ed cost. Thisis
the enegy whoseconseration is addressedy the PARD
enegy-saing schemes.

The parametewraluesfor our experimentsarein table 2.
The capacity C, determinedas140 connectionss the num-
ber of connectionsn a sener for its peak TPC-W through-
put, while meetingthe 90%-ile responsetime thresholds
givenin the TPC-W speci cations. The startupdelay of a
sener bladetypically variesbetween?0 to 30 seconds.To
have repeatablexperimentswe setPardto wait 30 seconds
after sener startupbeforeit signalsLVS to begin usingthe
sener. Senershave essentiallyno shutdavn delay As soon
asParddetectghata sener haszeroactive connectionsthe
seneris movedfrom Standbyto Retire afterwhichit powers
off in lessthana second Our setupdoesnot have the ability

to migrateconnectiongrom onesenerto anotheinbetween
requestgdiscussedn section3.2). So,evenwhenPard de-
cidesthatasenershouldbeturnedoff, thesenerwouldcon-
tinueto servicerequest®nits existingconnectionsvhile it is
in the standbystate.With TPC-W (with a maximumsession
time of anhour),connectiongouldremainactivefor upto an
hourin standbycausinganinordinatedelayin shuttingdown
the sener. We addresshis by having the client use non-
persistentonnectionsi.e. the clientsusea new connection
for every dynamiccontentrequestfrom SDS. This reduces
our peakthroughputa bit (from just abose 150 connections
to 140 connections)put resultsin a betterervironmentfor
power-awaresener studies.

5 Experimentsand Analysis

In this section,we discussthe performanceof differentre-
questdistribution schemesndtheenepgy savingsmeasured.
Firstwe examinetheperformancef SimpleThreshold ST).
Then,we considertwo additionalschemeswith potentially
larger enegy savings: (a) Spareseners and (b) History-
based. Their description,analytical evaluationand experi-
mentalveri cation areprovidedtogetherin this section.

5.1 Simple ThresholdResults

In the ST approachthethresholdT is computedrom Equa-
tion 7 asthehighestvaluethatwould meetthe QoSconstraint
of having at mostC connectiongersener at ary time dur-
ing therun. Any highervaluefor T will resultin failure to
meettheQoSconstrainindalowervaluewill resultin lower
enegy savings. Thus, understandinghe system-verkload
contet capturedin Equation? is the key to obtainingthe
best possibleenegy savings for ST. The thresholdvalues
determinedn this fashionare 100 for Financialand 89 for
Olympics. An online variationof ST could adjustT asload
knowledgebecomesncrementallyavailable- the detailsare
outsidethe scopeof this paper

Figures6 and 7 shav the numberof active bladesand
the enegy consumptiorfor Financial(areaunderthe power
curveshavn in the gure), respectiely, for the ST approach
outlinedin sectior4.2. Therequiredcurvein gure 6 shows
the minimum numberof bladesrequiredto servicethe load
at ary time without violating the QoS restraint(hnumberof
connectiongerbladecannotexceed140). The activecurve
shaws the expectednumber of bladesrunning under ST



Figure6: Predictedseners(Financial)

Figure7: Enegy consumptior(Financial)

(from 5). Theaveragenumberof bladesactive is 4.76indi-

catinga40%savingsin bladeenegy, asopposedo the51%
savingsindicatedby therequired curve. Figure7 shavs the
actualenegy consumptiorfor boththe ST Pardschemeand
whenrunningthe workload againstall 8 sener blades(No

Pard curwe). Dividing the areaof the Pard curve by thearea
of theNo Pard curve we get36.7%astheactualenegy sav-

ings- very closeto 40%indicatedby the averagenumberof

active blades.

Figures 8 and 9 shav the correspondingdetails for
Olympics. Therequired machinescurve indicatesthat 32%
of enegy canbe saved, however, 7.2 bladesareactive under
ST on the average(implying 10% savings). The actualen-
ergy savings (ratio of the areaof the Pard curve to the area
of theNo Pard curve)is 7.1%.

The discrepang betweenthe measuredavings and the
estimatedsavings (from active curwve) is becausanachines
that are determinedas not requiredby PARD (not counted
asactivein the estimation)cannotbe switchedoff till all ac-
tive requestn their connectionhave beensened andthe
connectionglosed. They remainin the standbystatefor a
while (longerwith dynamiccontentresponsespefore go-
ing to retire andthenoff (refer gure 5). Our enegy mod-
elsdo not accountfor this extra enegy consumption.Some
additionaldiscrepang alsoarisesfrom the on-of modelas-
suminga x edenegy consumptiorfor anactive bladewhile
actualenegy consumptiorvariesalittle with load.

-~ e

Figure8: Predictedseners(Olympics)

Figure9: Enegy consumptior{Olympics)

5.2 NewPARD Schemes

Theperformancef SimpleThresholdralls shortof themax-
imum achievableenegy savings. Here,we useour knowl-
edgeof the system-verkload contet to designnew PARD
schemewith betterenegy savings. For eachapproachwe
comparethe estimatedor enegy sasings using our model
andthe system-vorkloadcontext with actualmeasurements
on our experimentaplatform.

5.2.1 Spare Serwvers

In orderto handlespikes, the only mechanismin ST is to
have alow enoughthresholdsuchthatenoughsenerswould
berunningwhena spike occursto handleit while maintain-
ing therequiredQoS.However, this resultsin excessseners
runningevenwhenspikesdo not occur, therebywastingen-
engy. If wehave sparesenersthatarealwaysactiveto handle
spikesin load,we shouldbeableto increaseheloadthresh-
old usedfor signalingthe startof a new sener potentially
saving eneny.

Equation8 shaws the relationshipbetweenthe load (L ;)
at time t, the peakload in the interval D secondsfrom t
(I'_\m +p ), the numberof spareseners (S), andthe thresh-
old setting(Ts) with sparesenersthatneedsto be honored
to meetour QoS constraint. It is a variationof Equation7
in the context of spareseners. It statesthat the total num-
bersenersattimet (including the spareseners)shouldbe



Table3: SpareSener Performance

Financial Olympics
Spares 0 1 2 3 4 5 6 0 1 3 5 6
T(S) 100 | 125 | 155 | 194 | 258 | 388 | 776 89 | 119 | 179 | 241 | 358 | 482 | 965

Savings (%) 36.7] 325] 295725171 1897 13.8

7.5 71 1118]16.1] 17.7] 12.0] 10.7] 8.6

Predicted%) 40.0] 36.0| 326 | 27.3| 21.0| 155

85 || 10.0] 1421 19.8] 19.8| 149 12.3

Shostandby (%) | 39.7 [ 36.1] 327 27.1] 21.0] 155

865 10.1] 143] 20.9| 19.9] 149 124

Son (%) 3856

344131112641 20.2] 149

e
w o o

8.3 81 | 130] 17.0| 188 | 13.1| 11.6

enoughto keepthe maximumload persenerin theinterval
fromt tot + D from exceedingC. For agivenloadpro le,

we canseefrom Equation8 thatasS increased's canalso
increase.

Ciy+p=C <= SX+ Li=Ts;for all time t (8)

Naverage = ( (Lt=Ts+ S))=Run Time (9)
t

Equation9 shovstheaveragenumberof senerswhenus-
ing spareseners. Basedon the load pro le, increasingthe
spareseners, S, canhave a bene cial or detrimentaleffect
ontheenegy consumption A detrimentaleffectis possible
becauseone may not be ableto raise Ts enough(alsode-
pendenbntheload)to compensatéor theenegy consumed
by thespareseners.Usingtheconstrainexpressedn Equa-
tion 8, theloadpro le, thevaluefor thestartupdelayD (30s),
andthe valuefor the capacityC (140 connections)we can
computeN ay er age for ary valueof Sfor boththeworkloads.
Table3 shavs the Ts andenegy savings, Savingsfor both
theworkloads.

We seethat Financialdoesnot bene t from having spare
senersatall, while Olympicsdoesbestwith 3 spareseners.
The Predictedrow correspondso the estimatecenegy sav-
ings computedasfl Nayerage=89. While the actualen-
ergy savings is closeto Predictedit is still a little less. A
signi cant portion of this differenceis dueto someof the
senerscontinuingto remainin the standbystatebecausef
active connectiongvenafter PARD determineghey arenot
neededTherow Sy, shavsthesavings'estimated'from the
actualnumberof senersonduringtherun. Spostandoy Shows
the savings 'estimated' by countingthe standbysenersas
off. The differencein the two numbersgivesa measureof
the errorintroducedis the predictionbecausef senersre-
mainingin standbytill actvity cease®n their connections.
ThedifferencebetweerS,, andSavingss largely dueto the
variationin enegy consumptiordependingntheamountof
activity onasener- theon-of modelassumea x edenegy
consumptiorfor abusysener irrespectve of actiity.

The bene tsfor Olympicsfrom sparesenersis because
theloadis high enoughmostof the time thatthe numberof
required senersis higherthanthe numberof spareseners.
Thus, the increaseof Nayerage dueto S in equation9 is
negligible. For ST, the steepslopein the beginning of the

Olympicspro le requiresa low thresholdto ensurethat av-

erageload doesnot exceedC. Using sparesenersfor this

segmentof theworkloadallows thethresholdto besetmuch
higher, resultingin signi cant savings during the restof the
load pro le. Thus,sparesenerscanbe found morebene -

cial thanST whenthe averagdoadis high, andtheload has
occasionasteepspikesthatrequireit to have alow threshold
in theabsencef spareseners.

5.2.2 History-basedSchemes

The ideaof history-basedchemess that one could be fa-
miliar with the generalcharacteristicof the load at a site
and could potentiallymodify ST to incorporatethis knowl-
edgeand comecloserto achieving the maximum possible
enegy savings. In this section,we considerthreelevels of
suchinformationbasedon expectedspikesin the workload.
The rst approachassumegust the knowledgeof the max-
imum spike (Smax ) encounteredvith the load. The second
approachassumeshe knowledgeof the maximumspike en-
counteredor eachsystencon gurationavailable:thiscorre-
spondgo thenumberof senersrequiredfor eachload point.
Therationalebehindhaving this knowledgeis the capacityto
handlespikesincreasesvith the numberof active senersin
thecluster At ary pointin theworkload,theadditionalload
thatcanbehandledsN C L, whereL istheload. The
higher, thevalueof N, thegreaterthe spike thatcanbetoler-
ated.Hence,associating valueof N for eachspike (Sy ) in
theload could helpin betterplanningfor startingadditional
seners. Thethird approactassumesve have perfectknowl-
edgeof theworkload:theincreasen loadis known atevery
pointin time. We will referto the threeapproachesdy the
knowledgewe have for eachof them,asSmax , Sy, andS;.

The relationshipbetweenthe knowledge available and
the prediction stratgyy for the numberof seners required
is shavn in the equationsl0to 12. N; is the numberof
powered-onseners(active plusthosejustturned-onjattime
tandL; is theloadattimet. Usingtheseequationsandthe
valuesfor D (30s)andC (140connectionsjor our platform,
we cancomputethe numberof senersrequiredat ary time
t for eachof thetwo workloads.Figures10and11 show the
numberof active senersfor eachscheme.

Nt = (Lt + Smax D):C (10)



Figurel11l: History-basedchemegOlympics)

Nt =
Nt =

(Lt+ Sy D)=C (11)
(Li+ S D)=C=[Ly+p=C  (12)

Fromtheseequationswe cancomputethe averagenum-
ber of senersactive for the schemeSnax , Sn , andS;, for
Financialas 5.53, 4.68, and 4.07 respectiely. They cor-
respondto potentialenegy savings of 30.8%,41.5%, and
49.2%respectiely. Eventhe schemewith the bestknowl-
edge,S; falls about2% short of the maximumachievable
savings(from therequiredcurve for Financialin section5.1)
becausary extra senersfor the future needto be startedD
secondgstartupdelay)earlierandconsumehat muchextra
enegy. For Olympics,thepotentialenegy savingsfor Spax ,
Sk, andS; canbe similarly computedo be 11.9%,29.5%,
and30.4%,respectiely.

Figures12 and 13 showv the actualenegy consumption
measuredon our platform for S;, the best history-based
schemefor the Financialand Olympics, respectiely. They
are given in contrastto the ST schemeand the no Pard
scheme. The actualenegy saved by S; for Financialand
Olympicscomparedo not usingPardare45.6%and26.1%
which arequite closeto the predictedsavings of 49.2%and
30.4%, respectrely. Exploiting additional knowledge of
thesystem-verkloadcontext bringssigni cant improvement
over the original ST schemewhich sared 36.7%and 7.1%
for FinancialandOlympics,respectiely. Thesmalldiscrep-
ancieshetweernthe predictedand actualsavings arelargely
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Figurel2: Enegy usingS(t) (Financial)
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Figure13: Enegy usingS(t) (Olympics)

dueto thetime a sener spendsn the standbystatebetween
the busyandretire statesanddueto the x ed active enegy
costassumptiorfor the estimates.

6 Conclusions

Paver-awarerequesdistribution attemptgto provide signif-
icantenegy savingsin sener clustersby matchingresource
utilization to the loadimposedon the seners. The problem
domainspansfour dimensions enegy, quality of service,
systemcharacteristiceandworkload characteristicsWe es-
tablishtheinteractionbetweerthe system-verkloadcharac-
teristicsandenegy savings,for thepower-awarerequestis-
tribution problem.We identify thekey characteristicor the
systemand workload that in uence the impact of enegy-
saving schemesWe shawv analyticallytherole of thesechar
acteristicsand speci ¢ system-vorkload parameter®n the
maximumachiezableenegy savings. Our work shaws that
knowing the system-varkload context is critical to under
standingthevalueof ary enegy-saving proposals.

We verify our conclusionswith actualenegy measure-
mentson our prototypefor enegy-conservingsener clus-
ters.To doso,we developaneffective methodfor generating
workloadsfrom acommerciabenchmarKspeci cally using
TPC-W)andreal-world senerlogs. This addressetheneed
for two essentiacharacteristicén workloadsfor this prob-
lem domain: (a) commercial/well-acceptedorkloads,and



(b) real-world variationsin loadpro le.

We shaw that our model along with the properunder
standingof the system-varkload contect can be effectively
usedto analyzenot just our basic enegy-conservingap-
proach(Simple Threshold- ST) but othersolutionstoo: (a)
SpareSeners, which is a variation of the ST schemeand
(b) History-basedschemeswhich usethe knowledgeabout
the load pro le to save additionalenegy. Our experimen-
tal studiesverify our analyticalconclusiondor boththe new
classe®f solutions.

In this study our goal was to understandthe role of
the system-vorkload context on enegy-saving schemedor
sener clusters. In future work, we would like to address
workloadsthatarenotconnection-orientedusingtheappro-
priateload metricin placeof connectionsnight sufce. We
planto studythe effect of the system-verkload context on
thetrade-ofs betweerenegy-sasingsandQoS.We arealso
interestedn developingrobustonlinealgorithmsfor enegy-
savings which would utilize the importantsystem-varkload
factorsweidenti ed in this paper
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