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Abstract

Power-performanceoptimizationis a relativelynew problem
area particularly in the context of serverclusters. Power-
aware requestdistribution is a methodof scheduling ser-
vicerequestsamongservers in a clustersothat energy con-
sumptionis minimized,while maintaininga particular level
of performance. Energy ef�ciency is obtainedby powering-
downsomeservers whenthe desired quality of servicecan
be metwith fewer servers. We havefoundthat it is critical
to take into accountthesystemandworkloadfactors during
both thedesignand theevaluationof such requestdistribu-
tion schemes.We identify thekey systemandworkloadfac-
tors that impactsuch policiesandtheir effectivenessin sav-
ing energy. We measure a webclusterrunningan industry-
standard commercial webworkloadto demonstratethat un-
derstandingthis system-workloadcontext is critical to per-
formingvalidevaluationsandevenfor improvingtheenergy-
savingschemes.

1 Intr oduction

Energy ef�ciency for servershasrecentlybecomeanimpor-
tantconcernfor technical,environmental,and�nancial rea-
sons[1]. Both products[2, 3, 4] andresearch[5, 6, 7] are
beginning to addressthe problemof reducingenergy con-
sumptionin servers.Energy conservationpoliciesfor server
clustersusevariationsin workloadto conserveenergy by re-
ducingresourceconsumptionwhenthe load is low. When
usingsuchpolicies,boththesystemandworkloadcharacter-
isticsaffecttheenergysavingsthatcanbeobtained.Previous
researchhasnotconsideredthesecharacteristicsin detail. In
this paper, we presenta systematicstudyof thesystemand
workload characteristicsthat affect the designand evalua-
tion of requestdistributionschemestargetingenergy savings
in serverclusters.

With thegrowing trendof dynamiccontentwebsites,we
employ Power-Aware RequestDistribution (PARD) at the
load-balancingfront-endof a clusterservingdynamicweb
workloads.Energy managementis performedfor theserver
tier which producesthe dynamiccontent. The static (im-
age)serviceandthe databaseback-endarehostedon sepa-

rateserversthat arenot energy-managed.We generateour
experimentalworkloadsfrom the industry-standardTPC-W
benchmark[8] andapply tracesfrom real site logs to pro-
ducevaryingloadpro�les. This allowsusto capturethedy-
namicworkloadbehavior from TPC-Wwhile usingrealistic
loadvariationsto testtheeffectivenessof energy-conserving
schemes.Weuseacustom-built, energy-ef�cient serverclus-
ter in our evaluationsto examineandvalidateour theories.

In this paper, we identify the following key systemand
workload factorsthat most signi�cantly affect energy ef�-
ciency. The primary systemfactorsaretheclusterunit and
its capacity, startupdelay, shutdown delay, andtheability (or
lack thereof)to migrateconnectionsbetweenservers. The
primary workload factorsare the load pro�le with a spe-
ci�c shapeandpeak,the rateof changein load in relation
to the currentload, andthe workloadunit. Together, these
factorsmake up thesystem-workloadcontext. We show the
interactionbetweenthesefactorsandhow a given system-
workload context affects the designand performanceof a
PARD scheme.Ourkey contributionsareasfollows:

� Weidentify thekey factorsin thesystem-workloadcon-
text that impactenergy saving policies. We show how
to usethe knowledgeof thesefactorsto derive better
energy estimatesfor PARD policies.

� We provide a novel methodfor generatingworkloads
which meettheneedfor industry-standardbenchmarks
aswell astheloadvariationrequiredfor energy-saving
studies.

� We analyzetheenergy savings for a setof PARD poli-
ciesusingour on-off modelwith the system-workload
context. We verify themwith energy measurementson
arealclusterwith dynamicwebworkloads.

All thePARD schemeswe considersave energy by turn-
ing off serversthatareidle. In a survey of idle serverpower,
Chaseet al. [5] foundthatconventionalserversusedat 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 consumptionis dueto
componentsthat are not power-managedlike memoryand
sometimesdisksandinef�ciencies of power supplies.Thus,



power-managementby just voltage-scalingprocessorswill
misssaving signi�cant energy whenthe systemis idle. In
our studies,we turn-off serversto obtainthe maximumen-
ergy savings at idle. Someoperatingsystemshave a hiber-
nationmodethatusesvery little power. This couldbemore
energy-ef�cient thanfull rebootsof theserveraftershortdu-
ration idle periods. We do not evaluatethis in our studyas
our infrastructuredoesnot supportthis feature.

In our studies,we have chosento useweb workloadsin
which all characteristics(maximumload,maximumrateof
changein load,etc.) areknown a priori. We assumea well-
provisionedclusterthatoperatesduringnormalusagecondi-
tionswithout unexpectedloadincreases.Realclusterscould
experienceoverloaddueto equipmentfailuresor unexpected
load spurts. Here, we focus on the impact of the system-
workloadcontext on requestdistribution techniques;thede-
sign of requestdistribution schemesto handleunplanned
loadis beyondthescopeof thispaper.

Theorganizationof thepaperis asfollows. In section2,
wepresenttherelatedwork from previousstudies.In section
3 wede�ne thesystem-workloadcontext anddescribeits im-
portancein understandingtheresultsof energy optimization
studies. Section4 describesour basicrequestdistribution
strategy, our systemenvironmentand the workloadsused.
Wepresentourexperimentalresultsandanalysisin section5.
Finally, weconcludethepaperandpresentsomeof our ideas
for futurework in section6.

2 RelatedWork

Energy managementpolicies that dynamically resize the
clusterin responseto workloadvariationarejust beginning
to be studied. Pinheiroet al. aggregatethe demandsmade
onCPU,network, anddisk in theclusterandusethis to esti-
matethenumberof serversto keeppowered-on[7]. Thesys-
temadministratortunesthesystemby settinganelapsedtime
(the time to wait betweenrecon�gurationsto let thesystem
settle)anda degradationpercent.Chaseet al. estimatethe
impactof clusterresourceavailability on workloadthrough-
putusingeconomictheory[5]. They suggestthataboundon
clusterenergy savingscanbeestimatedby thevariability in
the workload. In our work, we examinethe interactionbe-
tweenworkloadvariability, systemfactors,PARD strategies
andenergyconsumption.Elnozahyetal. [6] havestudiedthe
relationshipbetweenpoliciesthatusedynamicvoltagescal-
ing andthosethat turn serverscompletelyoff. They found
that a policy that both resizedthe clusterand dynamically
varied the voltage(and frequency) of the servers achieved
thatbestenergy savings.However, asimplepolicy thatturns
off serverswhennotrequiredis foundquitecompetitivewith
themorecomplex policies.

In contrastto theseprevious studies,our studydoesnot
focus on �nding the optimal energy managementpolicy.
Someof theseprior studieslackrigorousexplanationof their
experimentalsetupandresultswhich makescomparisonbe-

tweenthestudiesdif�cult. For example,it is oftennot clear
if thepeakof theworkloadhasbeencorrectlysizedfor the
numberof servers in the cluster. In this paper, we provide
a framework for doing suchexperimentsand list the criti-
cal systemand workload parametersthat are necessaryto
put the studiesin context. We validateour framework by
measuringenergy and performanceon a real cluster. An-
otherpoint of differentiationis thatwe aretheonly studyto
usea transaction-orientedwebworkloadthat is basedon an
industry-standardbenchmark- TPC-W. Wedescribehow we
scaleour workloadswhich usethe time-varying load from
two realwebsites.In addition,our experimentsaredoneon
aclusterof bladeserversthathavebeendesignedfor energy-
ef�ciency.

While resizingclustersto save energy is a new areaof
research,therehave beenmany previousstudieson resizing
the resourcesof a singleserver to save energy while main-
taining a performancegoal. Someexamplesof thesestud-
ies includeadjustingtheperformanceof theprocessorusing
voltagescaling[9] [10], resizingqueuesin themicroproces-
sor[11], resizingthecacheby powering-downunusedcache
lines [12] [13], andputting idle memorybanksinto a low-
powermode[14].

Energy and performanceoptimizationsin web servers
have beenwidely studied.Bohreret al. [1] reporton theop-
portunity to usevoltage-scalingprocessorsin web servers.
Elnozahyet al. [15] use requestbatchingas a methodto
improve energy-ef�ciency during low-intensity workloads
thatwould otherwisepreventserversfrom beingturnedoff.
Locality-AwareRequestDistribution [16] wasinitially con-
ceivedof asawayto improveperformanceof webserversby
selectinga web server that hasthe requestcachedin mem-
ory (insteadof on disk). Althoughenergy managementwas
not thefocusof thatstudy, it is likely that fetchinga cached
copy of thedocumentwill save energy aswell. Oceano[17]
is a systemmanagingane-businesscomputingutility. It dy-
namicallyassignsserversfrom acommonpool to to multiple
customersin responseto changingworkloadto meetquality
of serviceconstraints.It would be straight-forward to aug-
ment the server assignmentwith PARD-like policies to re-
duceenergy consumptionwhenever customersunderutilize
their allocatedservers.

3 The System-Workload Context

The problem of power-aware requestdistribution can be
characterizedasminimizingclusterresourceutilization for a
particularworkload,while meetinggivenquality-of-service
(QoS) constraints. Our focus is on thoseresourceswhose
consumptionaffectsthevariableenergy in thesystem.The
differentdimensionsof theproblem-spaceare:

� theenergy consumed
� theQoS
� thesystemcharacteristics
� theworkloadcharacteristics



Every point in this four-dimensionalspacehasan asso-
ciatedimplication for the energy consumedby the cluster,
theperformanceprovided,clusterdesigndecisions,andthe
natureof workloadsthat canbe serviced. The systemand
workloadcharacteristics,together, de�ne thespaceof opera-
tion for thetrade-offs betweenenergy savingsandQoS.We
call this thesystem-workloadcontext. Studiesthatreporten-
ergy savingsandQoSwithoutde�ning thesystem-workload
context cangive only an incompleteandpotentiallyinaccu-
ratepictureof thevalueof a PARD scheme.

Furthermore,while energy andQoSarethe measuresof
interestto request-distributionstrategies,theindirect impact
of thesystemandworkloadon bothenergy andQoSmakes
understandingtheir rolescrucialto boththedesignandeval-
uationof energy-saving requestdistributionschemes.In this
section,we identify thecritical system-workloadfactorsthat
impacttheef�cacy of PARD schemes.

3.1 The On-Off Model

WeuseasimpleOn-Off modelfor estimatingthevariableen-
ergy consumptionof thecluster. We assumethat thepower
of aclusterresource(in ourcase,aserver)is equalto its peak
powerwhenit is onandzerowhenit is off. Thisassumption
lets us computethe energy savings for any durationbased
on just theaveragenumberof resourcesthatareactive dur-
ing thatperiod. For our PARD schemes,in which complete
serversareturnedon or off, this is a valid assumption.We
believe that resourceswith more power statesthan just on
andoff canbeconsideredasmultipleunitswith differenton-
level energy consumptionandcanbestudiedwith thesame
model. Resourceswith a hugevariationin the on-level en-
ergy consumption,i.e. with adynamicenergy rangethatis a
signi�cant fractionof theoff-to-peakenergy change,would
needto be approximatedwith multiple resourceunits each
correspondingto a small rangein the energy variation, to
work underthis model.

We de�ne theutilization ratio as

util iz ation ratio =
average active resources

total r esources
(1)

A utilization ratio of 1 correspondsto a systemthat al-
waysrunsat peakcapacitywhile a utilization ratio of 0 cor-
respondsto a systemthat is completelyidle. Thefractionof
energy savedis:

energy saved = 1 � util iz ation ratio (2)

Though,this modelis simple,we will seethat it is quite
effective in predictingtheenergy consumptionprovidedwe
understandthe implicationsof thesystem-workloadcontext
on the fraction of resourcesusedand, thus, on the energy
consumptionof thesystem.

3.2 KeySystemCharacteristics

Following are the key systemcharacteristicsthat affect the
impactof PARD schemes:

Cluster unit: It is thesmallestunit of resourcethat canbe
added/removedto increase/decreaseenergy consumptionof
the cluster. Its energy costandperformancearekey to any
PARD scheme.Smallerthesizeof theclusterunit (in terms
of its energycost),the�ner theadjustmentsthatcanbemade
for power-performancetrade-offs. In this paper, we assume
theclusterunit is asingleserver.
Immunity to overload: The capacityof the clusterunit is
the maximumload seenby any clusterunit after which its
performancebecomesunacceptablylow. As PARD schemes
vary the resourcescommittedto a service,overloadsitua-
tionscanoccurevenwhenthefull clusterresourcesaresuf-
�cient to handletheincreasedload. Thus,it is vital to know
the capacityof a clusterunit to both detectandavoid over-
load which is importantboth for designand evaluationof
PARD schemes.In this paper, we measurecapacityin terms
of thenumberof activeclient connectionsto theclusterunit.
Systemenergy consumption: In additionto theenergycon-
sumedby a clusterunit, thebaseenergy consumptionof the
system(minimumsystemcon�guration)andthepeakenergy
consumptionneedto be speci�ed to establishthe variabil-
ity of systemenergy which would bethedomainfor PARD-
basedenergy conservation.
Systemsupport for PARD schemeimplementations and
their cost: The following aresomeimportantsystemcapa-
bilities thataffect thedesignandimpactof PARD schemes.

Ability to tur n on cluster units: The startupdelay is the
time to bring a clusterunit online- includestime to power it
up,boottheOSandstartservices,and,if signi�cant, thecost
of bringing it to a certainperformancelevel (say, pre-load
datainto cache/memory).Givenacertainminimumrequired
QoS,thestartupdelayaffectsthenumberof clusterunitsthat
needto berunningto handlespikesin load.

Ability to tur n off cluster units: The shutdowndelaycor-
respondsto theperiodbetweenremoving a clusterunit from
serviceand actually turning it off. During this period the
clusterunit wouldcontinueto consumeenergy while provid-
ing no service.Largershutdown delays(combinedwith the
startupdelays)could limit the ability of PARD to reactto
smallerandlesspredictablechangesin load.

Independenceof cluster units: Whenclusterunits turn on
andoff, thelessimpactthey haveontheotherrunningcluster
units,thelesscomplex andmore�e xible thePARD schemes
canbe.For example,if all datais placedonaremote�le sys-
tem (for example,NFS �le systems)thenany clusterunit's
ability toservicerequestsis independentof thestatusof other
clusterunits. On the other hand,if datais partitionedbe-
tweenlocal disks,clustersunits cannotbe shutoff without
cuttingoff accessto their localdataor beforere-partitioning
thelocaldata.

Ability to migrate service requests: Theability to transfer
or terminatea request/connectionto aclusterunit couldalso
impactthedesignandeffect of PARD schemes.Theimpact



of this is closelyrelatedto the durationof servicefor each
request/connection.If thedurationof therequestis long and
thesystemdoesnotprovidetheability to migratetheservice
to anotherclusterunit, thenthe servicingclusterunit needs
to be kept online for the full durationof the requestor the
connectionaslongasthereis activity on it.

3.3 KeyWorkload Characteristics

Following arethekey workloadcharacteristicsthataffectthe
impactof thePARD schemes:
Workload unit : Analogousto theclusterunit, theworkload
unit is the minimal schedulableservicerequest.Often, the
requestcanhaveverydifferentimpacton theserver loadde-
pendingon thespeci�c parametersof therequest,currentre-
sourceconsumptionof the server, andotherfactors. While
this makesdeterminingtheimpactof eachrequestquitedif-
�cult, it is importantto haveagoodunderstandingof thecost
for a request,at leastof the averagecost. In this paper, we
usea singleclient connectionasthebasicworkloadunit.
Load Ratio: We de�ne load ratio for theworkloadas

loadratio =
average load

peak load
(3)

Loadratio of 1 correspondsto a workloadwith a �x ed,con-
stantloadaffording little scopefor PARD-basedenergy sav-
ings. Giventhe instantaneousloadanda requiredminimum
qualityof servicefor theworkload,thereis acertainminimal
numberof clusterunits(resources)thatneedto becommitted
to thatservice. If we assumea linear relationbetweenload
andresourceutilization (usuallyvalid underregular opera-
tion conditions),for aworkloadscaledto thesystemcapacity
theloadratiowouldcorrespondto theminimalutilizationra-
tio for thesystem.With energy consumptionproportionalto
resourcesused,theloadratio providesa usefulupperbound
of f 1 � loadratiog for theenergy savings.
Rate of changein load in relation to the curr ent load:
Given a certainQoSconstraintthe currentload determines
the amountof resourcesrequiredto serve it. Any increase
in load hasto be metwith thesameresourcesuntil new re-
sourcescanbebroughtonline. Hence,givena certaindelay
in bringingup a new server, themaximumrateof changein
load that canbe toleratedis alsodeterminedby the current
load. Conversely, both the load pro�le (load versustime)
andthe rateof changeof the load pro�le (rateversustime
andload)arerequiredto characterizeaworkloadfor energy-
savingsstudies.

3.4 Inter play of System-Workload Characteristics

In thissection,weillustratetheinteractionsof theparameters
andcharacteristicsidenti�ed in theprevioussectionandtheir
impactonenergy consumption.First,weshow theimpactof
theworkloadcharacteristicsandtheclusterunit capacityon
themaximumachievableenergy savings.Next, we show the
impactof thestartupandshutdown delays.
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Figure1: Sameworkload,differentscales
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Figure2: Differentworkloads,samepeak

Figures1 and2 depictworkloads(load vs time) derived
from the logs of a day's activity at two web sites. Figure1
shows the effect of scaling the sameworkload by differ-
ent factors. The systemconsistsof 8 serverseachcapable
of sustaining150 connections(workloadunit = 1 connec-
tion, andcapacityC = 150connections)at therequiredQoS
for a total capacityof 1200 concurrentconnections. The
curve Financial1200correspondsto the workloadscaledto
the peak while Financial800is the sameworkload scaled
to 800connections.M(Financial1200)andM(Financial800)
correspondto thenumberof active serversrequiredto serve
the workloadat any given instant. The maximumexpected
energy savings is f 1 � util iz ation ratiog, which is 0.51
for Financial1200and0.67 for Financial800.We get f 1 �
loadratiog numbersof 0.57and0.73for Financial1200and
Financial800,respectively which arequite closeto the en-
ergy estimatesfrom the utilization ratios. We alsoseethat
Financial800hasa largerestimatedenergy savings thanFi-
nancial1200showing onecouldgetoptimisticsavingswhen
the evaluationworkloadis not scaledto the capacityof the
cluster.

Figure2 illustratesthe usefulnessof the load ratio with
two differentworkloadpro�les bothscaledto 1200connec-
tionsatpeak.Theenergysavingscomputedfrom theloadra-
tios for Financial1200andOlympics1200are0.57and0.36,
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Figure3: Effectof StartupDelay

whicharemarginally higherthanthesavingscomputedfrom
the utilization ratios - 0.51 and 0.33. The examplesillus-
tratethatenergy savingsvarieswith boththepeakandshape
of theloadcurve. They alsoillustratethat theloadratio can
provideagoodupperboundonthemaximumenergysavings
whengivenjust theknowledgeof theworkload.

Next weexaminetheeffectof thesystemdelaysonenergy
savings. Let D representthe startupdelay; N, the number
of powered-onmachines;C, the capacityof eachmachine;
L, the instantaneousload on the system;and,S, the rateof
change/slopeof the load on the system. Then, to meetthe
QoSconstraint,we needthe following relationto be main-
tainedbetweentheabovequantities:

L + SD � N � C (4)
For a systemwith speci�c machinecapacityC, at any

given load (L andS), a highervalueof D implies a higher
valuefor N i.e. a higherstartupdelayrequiresmoreactive
machines,in general,leadingto higherenergy consumption.
For a given loadpro�le, L t (i.e. L andS will be known for
all instantsof time), onecancomputetheminimal N t such
thattheaboveinequalityis satis�edfor all timet. Thiscurve
wouldthencorrespondto theminimumenergycurvesfor the
givenloadpro�le andsystemparametersD andC. Figure3
shows N t curvesfor differentstartupdelaysfor the Finan-
cial1200pro�le from �gure 1.

While theeffectof startupdelayonenergyconsumptionis
indirectthroughitseffectontheQoSconstraint(whichismet
by never having morethanC connectionspermachine),the
shutdown delayhasa moredirecteffect. At any giventime
t, if N machinesareactive andJ of themcanbeshutdown, a
shutdown delayof D impliesthattherewill beexcessenergy
consumptionproportionalto J � D for thisparticularinstance
of the shutdown delay. Figure 4 shows the N t curves for
differentshutdown delaysfor theFinancial1200pro�le from
�gure 1.

4 Experimental Platform

In thissection,wedescribetheenvironmentin whichweran
our experiments.The threemajor componentsof this envi-
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Figure4: Effectof Shutdown Delay

ronmentarethe SuperDenseServer that hostthe web site,
the requestdistribution mechanism,andour modi�ed TPC-
W workload.

4.1 System- SuperDenseServers

OurexperimentsaredoneonaprototypeSuper-DenseServer
(SDS)clusterthathasbeendesignedfor energy-ef�cient web
serving[18]. In apreviousstudywefoundthattheSDSclus-
ter usedhalf the energy of a conventional1.2GHzPentium
III XeonIntel rackserver while providing similar peakper-
formance.Measuringenergy-saving softwaretechniqueson
hardwarethat is inef�cient may tendto magnify thebene�t
of the software technique. Therefore,we have chosenthe
SDSclusterastheplatformfor this study.

The cluster prototype consistsof 8 custom-built low-
energy serverblades, a Ziatechmanagementblade, and a
Zynx networkswitch blade. All of the bladesplug into a
CompactPCI[19] chassisthat in turn suppliespower and
cooling.Eachbladehasa500Mhz Intel PentiumIII proces-
sorwith a 256K L2 cache,256MB of DDR-266SDRAM, a
USB port, two 100Mb/secEthernetconnections,anda Sili-
con IntegratedSystems635chipsetthatcombinesthe func-
tion of bothnorthandsouthbridgesontoa singlechip. We
only use1 100 Mb/s Ethernetconnectionon eachserver in
this study. Unlike similar designs[2, 3, 4], our serverblades
donotcontainadiskor KVM connections(Keyboard,video
andmouse). In addition,thereis no graphicsco-processor.
Eliminating theseitemsreducesthe energy consumptionof
theblade.An H8 8-bit microcontrolleron eachserver blade
provides statusand managementfunctions, including the
ability to power on/off all deviceson theserver (besidesthe
H8 itself).

Dueto amanufacturingerror, ourprototypeserverblades
do not properly receive interruptsfrom externaldeviceson
thePCI bus. This problemwasovercomeby modifying the
Linux kernelandnetwork devicedriverto poll for interrupts.
However, this could potentiallyreducethegapbetweenthe
energy consumptionof an idle bladeand that of a heavily
loadedblade. In our runs, a blade's power consumption



variesbetween13.3W to 14.8W dependingonactivity.
The managementblade includesa 20 GB laptop disk.

Thisdiskprovidesthesystemimagefor theserverbladesvia
NFS. The managementbladecan power-on and power-off
theserverbladesby sendingcommandsto theH8 microcon-
trollersvia theI2C networkacrossthebackplane.Theswitch
bladetakesa 2 Gb/sconnectionfrom outsidetheclusterand
distributesit over the CompactPCIbackplaneto the server
bladesat 100Mb/s.

The server bladesuse DHCP to boot and download a
Linux kernelfrom themanagementblade.Sinceeachblade
hasknown, static hardware, the kernel is con�gured with
the right network driver andno other device drivers. This
removesboot-timedelaysdue to device probing. Booting
takes20 secondsandstartingup web servicestakesan ad-
ditional 10 seconds.Sincethe bladeis disklessandhasno
non-volatilestateit canbeshutdown andpowered-off in un-
der1 second.

Energy is measuredby attachingsenseresistorson the
power plug for the chassisso that every componentin the
systemis accountedfor, exceptthefanswhichuseaseparate
externalpowersupply. A NationalInstrumentsdataacquisi-
tion boardin a stand-alonePCsystemmeasuresthecurrent
andvoltagefrom thewall powerat10K samplespersecond,
convertsthis to energy, andaddsit to thecountof total en-
ergy usedduring theexperiment.The time-stampedenergy
countsaresentto auser-level daemon,Pard, whichalsocon-
trols the request-distribution infrastructurethat is discussed
next.

4.2 RequestDistrib ution Infrastructur e

Thetwo primary tasksof any power-awarerequestdistribu-
tionstrategyareto distributeincomingrequestsamongactive
serversandsetthepower-stateof eachserver.

Requestdistribution is performedusingthe Linux Vir-
tual Server [20] (LVS) software. LVS is run in Direct Rout-
ing modewhich modi�es the IP headersof the reply pack-
etsso that serverscanresponddirectly to the clientswith-
out sendingpacketsback throughthe load-balancer. Since
the load-balanceronly seestheshortclient requests,its net-
work load is reduced. LVS supportsmany policies to dis-
tribute theconnections.We usea modi�cation of theLeast
Connections(LC) Policy thatwe call LeastActive Connec-
tions (LAC). LC balancesthe load betweenserversusinga
weightedformulafor loadinvolving thenumberof activeand
inactiveconnectionswith a higherweightfor active connec-
tions. It directsnew incomingconnectionsto theserverwith
the lowestvaluefor this formula. LAC usesjust the active
connectionsfor makingthisdecisionfor two reasons:(1) An
active connectionhassigni�cantly greaterload thanan in-
active connectionandevenmoreso for dynamicworkloads
that we use,and (2) LVS doesnot seeservers closeinac-
tiveconnections,sothey remainin theLVSconnectionstable
(till they timeout)causingincorrectestimatesfor theloadon

Standby Busy

Retire Wake

Off
Shutdown delay Startup delay

Figure5: Serverstatetransitiondiagram

the servers. Additional minor modi�cations help in remov-
ing any remainingtemporaryimbalancesin connections(and
load)betweenservers.Themodi�ed LAC triesto ensurethat
all activeserversseethesamenumberof activeconnections.
At any instanttheserverwith theleastloadreceivesthenew
incomingconnection.

Managing server power-states with our PARD algo-
rithmsis doneby auser-level daemon,Pard, whichalsoruns
on theload-balancer. LVS hasbeenmodi�ed to interactwith
it. Besidesmanagingpower, Pardalsocollectsenergy mea-
surements,resourceusagestatisticsandoperationalinforma-
tion from the server machinesandothersupportmachines.
This datais correlatedand loggedto producedatafor our
studies.Pardobtainsinformationfrom LVS thatincludesthe
numberof connectionson eachservers. It usesthis infor-
mation and an internal algorithm to decideon the number
of serversto be kept powered-on.If the numberof servers
needsto be increased,it startsup the necessarynumberof
additionalservers(sendsthe appropriatesignalto the man-
agementbladeto wake up servers, boot them, start server
daemons,etc.),waitsuntil they arereadyto serve incoming
connectionsandthendirectsLVS to begin schedulingcon-
nectionsto them. If the numberof serversneedsto be re-
duced,Pard selectsserversto power-down anddirectsLVS
to stopusingthem.Onceall theconnectionsontheseservers
have closed,Pard directs the managementblade to power
themoff.

Figure5 showsthestatetransitiondiagramfor serversun-
der Pard's control. Pard initially placesa server in the Off
state. WhenPard activatesa server, it movesit to Wakeup.
Theserverremainsin Wakeupuntil its bootsequenceis com-
pleteandall serverdaemonsnecessaryfor servicingrequests
are running. Pard monitors the progressof the startupof
serverdaemonsdetectingwhenthey areactuallyreadyto ser-
vicerequests.At thispoint,Pardmovestheserverto theBusy
stateandsignalsLVS to startusingtheserver for incoming
connections.TheStartupdelay, discussedin theearliersec-
tion correspondsto thetime betweena server's startupuntil
it movesto theBusystate.WhenParddecidesthata server
shouldbeturnedoff, it placestheserver in theStandbystate



anddirectsLVS notto useit. LVSwill notsendany new con-
nectionsto thatserveranymore.Pardthenwaitsuntil all the
existing connectionson theserver close. Thentheserver is
movedto theRetire state.Any requiredshutdown processes
arecompletedin theRetire phaseandthenPard signalsthe
server to switch off. The Shutdowndelay, discussedprevi-
ously, correspondsto the time betweena server's Standby
phaseandwhenits switchedoff.

Thebasicalgorithmto determinetherequirednumberof
servers is called Simple Threshold(ST). Pard obtainsthe
load (in termsof thenumberof connections)at any instant,
L t , from LVS andfeedsthis valueto ST. ST usesa simple
thresholdparameterT to determinethe numberof servers
necessaryasgivenin Equation5.

N t = L t =T (5)

As mentionedbefore,the capacityC of servers is mea-
suredin termsof thenumberof activeconnectionsfor a par-
ticular workload. C is determinedas the maximumnum-
berof sustainableactiveconnectionsonasingleserverwhile
meetingtheQoSconstraint.Thus,tomeettheQoSconstraint
noservershouldbeservingmorethanC connections.Since,
LAC distributestheloadevenlyamongtheactiveserversthis
amountsto theaverageloadperservernotexceedingC con-
nections. For a given startupdelay D, this placesa lower
boundonthenumberof serversrequiredto bepowered-onat
timet, N t , asoutlinedin Equation6. Here,L̂ t;t + D represents
themaximumvalueof theloadfrom t to t + D .

N t � L̂ t;t + D =C (6)

Givenfull knowledgeof thesystemandworkload,there-
sponsibility for enforcingthe QoSconstraintscomesdown
to choosingtheappropriatevaluefor the thresholdparame-
ter, T:

L̂ t;t + D =C � L t =T (7)

T = min
t

(L t =(L̂ t;t + D =C))

For a givenpro�le a higherstartupdelaythencould im-
ply a lower thresholdto maintainthesameQoS.Thiscanbe
illustratedby a simpleexample. Consider, a workloadpro-
�le with a portionwherethe loadis increasingat therateof
10connections/second.Also consider, two startupdelays10
secondsand20 seconds.At time t, if the load is 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 servers needto be powered-
on at t for a 10 seconddelay and 3 servers for a 20 sec-
ondstartupdelay, asotherwise,theloadontheactiveservers
wouldexceed100connections.This thenrequiresT to be50
((L t = 100=2) for the10seconddelayand33((L t = 100=3)
for the20seconddelay.

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 hascharacteristicscerti�ed as realistic,
by the TransactionProcessingPerformanceCouncil. TPC-
W modelsanonlineretailbookstore.Thespeci�cationgives
threedifferentworkloads- browsing,shopping,andordering
- which have differentratiosof browsing (read)to ordering
(write) interactions.Weusetheshoppingworkload,which is
deemedto bethemostrepresentativeworkloadby thecoun-
cil, in all our experiments.Detailson theperformancechar-
acteristicsof TPC-W can be found in a paperby Amza et
al. [21].

We implementall threetiersfor theTPC-Warchitecture.
Thedatabasebackendconsistsof MySQL [22] with ourown
implementationof queryresultcachingto scaleit up. Weuse
Apache[23] for ourwebserverwith thePHP[24] modulefor
dynamiccontentgenerationincluding communicationwith
thedatabasebackend.We scalethewebserver tier by using
PHPscriptcachingfrom AlternatePHPCache[25]. We use
a separatemachinewith theTux webserver [26] for serving
the imagesrequiredin TPC-W. The site usersareemulated
by clientprogramsrunningonseparatemachineswhichopen
a connectionperemulateduserto thewebserver machines.
We usetheSuperDenseServer (section4.1) for runningour
Apachewebserverswith thePHPmodule.Ourmachinecon-
�guration for theexperimentsis shown in table1.

TPC-Wis a peakperformancebenchmark,wherefor the
speci�c scaleof implementation,themetricof importanceis
themaximumachievedsitethroughput(in WebInteractions
per Secondor WIPS) while meetingthe 90%-ile response
time restrictions.We usethis asour QoSconstraint.For an
energy-savingsorientedstudywherethefocusis onresource
minimizationwhendemandhasbeenlowered,benchmarks
thatplacepeakdemandthroughoutthemeasurementperiod
areuseless.To addressthis issue,weuseavaryingloadpro-
�le on top of theTPC-Wworkload. Eachclient programis
fed a varyingloadpro�le thatconsistsof thenumberof em-
ulatedsite usersfor eachtime interval for thecourseof the
run. The clientsmaintainthenumberof connectionsto the
site accordingto this pro�le, therebygeneratinga varying
load to the site for the durationof the run. This approach
generatesmeaningfulandinterestingworkloadsfor our ex-
perimentsthat have both realisticdynamiccontentrequests
andloadthatvariesover time. Interestedreaderscancontact
theauthorsfor moredetailsandfor thepro�les usedin our
experiments.

We usetheweb logsfor onedayfrom two differentweb
sites- a major �nancial organizationand the 1998 Winter
Olympics - to generateour load pro�les. The 24 hour log
is compressedto a 30 minutepro�le. Requestsreceived in
each48 minute interval in the original log arecountedfor
1 minute in the compressedpro�le. The load pro�le thus



Table1: MachineArrangementfor Experiments

Role Con�guration Software
DatabaseServer IBM xSeries330- 2 1.26GHzPentiumIII, 4GSDRAM MySQL v 3.23.49a
WebServer 8 SDSblades Apachev 1.3.23with PHP4.1.2
ImageServer IBM xSeries330- 2 1.26GHzPentiumIII, 4G SDRAM Tux v 2.2
Clients 2 IBM xSeries330:using1.26GHzPentiumIII C Clientprogram

Table2: Parametervaluesusedacrossexperiments

Parameter Symbol Value
Capacityof oneserver C 140connections
Totalnumberof servers – 8
StartupDelay D 30seconds
Shutdown Delay – 0

obtainedis thenscaledto whatever peaknumberof connec-
tionsis requiredfor a particularrun. Thus,if thepeakof the
compressedpro�le is 1000requestsandthepeakfor therun
desiredis 1200connections,eachpoint on the compressed
pro�le would bemultiplied by 1.2 to obtainthedesiredload
pro�le. Figure2 showsthetwo loadpro�le curvesscaledto a
peakof 1200connections.Wewill referto thetwoworkloads
throughouttherestof thepaperasFinancialandOlympics.

4.4 System-Workload Parameters

The clusterunit for our experimentsis an SDSblade. We
usea total of 8 bladesin our experiments.Thenon-variable,
baseenergy of our systemis 87 Watts. This is the energy
for thesystemmanagementblade,network switchbladeand
thepower inef�ciencies in thepower supplyfor thechassis.
A fully con�gured chassissimilar to the onewe usewould
accommodate24 blades,thereby, amortizingthis costover
a muchlargernumberof blades.An active bladeconsumes
between13.3Wto 14.8Wdependingon load. In therestof
the paper, all energy �gures are for the variableenergy in
the systemwhich is over andabove this �x ed cost. This is
the energy whoseconservation is addressedby the PARD
energy-saving schemes.

The parametervaluesfor our experimentsarein table2.
Thecapacity, C, determinedas140connectionsis thenum-
berof connectionson a server for its peakTPC-Wthrough-
put, while meeting the 90%-ile responsetime thresholds
given in the TPC-W speci�cations. The startupdelayof a
server bladetypically variesbetween20 to 30 seconds.To
haverepeatableexperiments,we setPardto wait 30 seconds
after server startupbeforeit signalsLVS to begin usingthe
server. Servershaveessentiallynoshutdown delay. As soon
asParddetectsthata server haszeroactive connections,the
server is movedfrom Standbyto Retireafterwhich it powers
off in lessthana second.Oursetupdoesnot have theability

to migrateconnectionsfrom oneserver to anotherinbetween
requests(discussedin section3.2). So,evenwhenPardde-
cidesthataservershouldbeturnedoff, theserverwouldcon-
tinueto servicerequestsonits existingconnectionswhile it is
in thestandbystate.With TPC-W(with a maximumsession
timeof anhour),connectionscouldremainactivefor upto an
hourin standbycausinganinordinatedelayin shuttingdown
the server. We addressthis by having the client usenon-
persistentconnections,i.e. theclientsusea new connection
for every dynamiccontentrequestfrom SDS.This reduces
our peakthroughputa bit (from just above 150connections
to 140 connections),but resultsin a betterenvironmentfor
power-awareserverstudies.

5 Experimentsand Analysis

In this section,we discussthe performanceof differentre-
questdistributionschemesandtheenergy savingsmeasured.
Firstweexaminetheperformanceof SimpleThreshold(ST).
Then,we considertwo additionalschemeswith potentially
larger energy savings: (a) Spareservers and (b) History-
based. Their description,analyticalevaluationandexperi-
mentalveri�cation areprovidedtogetherin this section.

5.1 SimpleThr esholdResults

In theST approach,thethresholdT is computedfrom Equa-
tion 7asthehighestvaluethatwouldmeettheQoSconstraint
of having at mostC connectionsperserver at any time dur-
ing the run. Any highervaluefor T will result in failure to
meettheQoSconstraintandalowervaluewill resultin lower
energy savings. Thus, understandingthe system-workload
context capturedin Equation7 is the key to obtainingthe
bestpossibleenergy savings for ST. The thresholdvalues
determinedin this fashionare100 for Financialand89 for
Olympics. An onlinevariationof ST couldadjustT asload
knowledgebecomesincrementallyavailable- thedetailsare
outsidethescopeof this paper.

Figures6 and 7 show the numberof active bladesand
theenergy consumptionfor Financial(areaunderthepower
curveshown in the�gure), respectively, for theST approach
outlinedin section4.2. Therequiredcurve in �gure 6 shows
theminimumnumberof bladesrequiredto servicethe load
at any time without violating the QoSrestraint(numberof
connectionsperbladecannotexceed140). Theactivecurve
shows the expectednumber of bladesrunning under ST
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Figure6: Predictedservers(Financial)
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Figure7: Energy consumption(Financial)

(from 5). Theaveragenumberof bladesactive is 4.76indi-
catinga40%savingsin bladeenergy, asopposedto the51%
savings indicatedby therequiredcurve. Figure7 shows the
actualenergy consumptionfor boththeST Pardschemeand
whenrunningthe workloadagainstall 8 server blades(No
Pard curve). Dividing theareaof thePard curveby thearea
of theNo Pard curvewe get36.7%astheactualenergy sav-
ings- very closeto 40%indicatedby theaveragenumberof
activeblades.

Figures 8 and 9 show the correspondingdetails for
Olympics. Therequiredmachinescurve indicatesthat32%
of energy canbesaved,however, 7.2bladesareactiveunder
ST on the average(implying 10% savings). The actualen-
ergy savings (ratio of the areaof thePard curve to thearea
of theNo Pard curve) is 7.1%.

The discrepancy betweenthe measuredsavings and the
estimatedsavings (from activecurve) is becausemachines
that aredeterminedasnot requiredby PARD (not counted
asactivein theestimation)cannotbeswitchedoff till all ac-
tive requestson their connectionshave beenservedandthe
connectionsclosed. They remainin the standbystatefor a
while (longer with dynamiccontentresponses)beforego-
ing to retire andthenoff (refer �gure 5). Our energy mod-
elsdo not accountfor this extra energy consumption.Some
additionaldiscrepancy alsoarisesfrom theon-off modelas-
suminga�x edenergy consumptionfor anactivebladewhile
actualenergy consumptionvariesa little with load.
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Figure8: Predictedservers(Olympics)
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Figure9: Energy consumption(Olympics)

5.2 NewPARD Schemes

Theperformanceof SimpleThresholdfallsshortof themax-
imum achievableenergy savings. Here,we useour knowl-
edgeof the system-workloadcontext to designnew PARD
schemeswith betterenergy savings. For eachapproach,we
comparethe estimatesfor energy savings usingour model
andthesystem-workloadcontext with actualmeasurements
onour experimentalplatform.

5.2.1 SpareServers

In order to handlespikes, the only mechanismin ST is to
havea low enoughthresholdsuchthatenoughserverswould
berunningwhena spike occursto handleit while maintain-
ing therequiredQoS.However, this resultsin excessservers
runningevenwhenspikesdo not occur, therebywastingen-
ergy. If wehavespareserversthatarealwaysactiveto handle
spikesin load,weshouldbeableto increasetheloadthresh-
old usedfor signalingthe start of a new server potentially
saving energy.

Equation8 shows therelationshipbetweenthe load (L t )
at time t, the peak load in the interval D secondsfrom t
(L̂ t;t + D ), the numberof spareservers (S), and the thresh-
old setting(TS) with spareserversthatneedsto behonored
to meetour QoSconstraint. It is a variationof Equation7
in the context of spareservers. It statesthat the total num-
berserversat time t (including thespareservers)shouldbe



Table3: SpareServerPerformance

Financial Olympics
Spares 0 1 2 3 4 5 6 0 1 2 3 4 5 6
T(s) 100 125 155 194 258 388 776 89 119 179 241 358 482 965
Savings(%) 36.7 32.5 29.5 25.1 18.9 13.8 7.5 7.1 11.8 16.1 17.7 12.0 10.7 8.6
Predicted(%) 40.0 36.0 32.6 27.3 21.0 15.5 8.5 10.0 14.2 19.8 19.8 14.9 12.3 9.6
Snostandby (%) 39.7 36.1 32.7 27.1 21.0 15.5 8.65 10.1 14.3 20.9 19.9 14.9 12.4 9.6
Son (%) 38.6 34.4 31.1 26.4 20.2 14.9 8.3 8.1 13.0 17.0 18.8 13.1 11.6 9.3

enoughto keepthemaximumloadperserver in the interval
from t to t + D from exceedingC. For a givenloadpro�le,
we canseefrom Equation8 thatasS increasesTS canalso
increase.

L̂ t;t + D =C < = S + L t =TS ; f or all time t (8)

Nav er age = (
X

t

(L t =TS + S))=Run T ime (9)

Equation9 showstheaveragenumberof serverswhenus-
ing spareservers. Basedon the load pro�le, increasingthe
spareservers,S, canhave a bene�cial or detrimentaleffect
on theenergy consumption.A detrimentaleffect is possible
becauseonemay not be able to raiseTS enough(alsode-
pendentontheload)to compensatefor theenergy consumed
by thespareservers.Usingtheconstraintexpressedin Equa-
tion8, theloadpro�le, thevaluefor thestartupdelayD (30s),
andthe valuefor the capacityC (140 connections),we can
computeNav er age for any valueof Sfor boththeworkloads.
Table3 shows theTS andenergy savings,Savings, for both
theworkloads.

We seethatFinancialdoesnot bene�t from having spare
serversatall, while Olympicsdoesbestwith 3 spareservers.
ThePredictedrow correspondsto theestimatedenergy sav-
ings computedasf 1 � Nav er age=8g. While the actualen-
ergy savings is closeto Predictedit is still a little less. A
signi�cant portion of this differenceis due to someof the
serverscontinuingto remainin thestandbystatebecauseof
active connectionsevenafterPARD determinesthey arenot
needed.Therow Son showsthesavings'estimated'from the
actualnumberof serversonduringtherun. Snostandby shows
the savings 'estimated' by countingthe standbyserversas
off. The differencein the two numbersgivesa measureof
the error introducedis the predictionbecauseof serversre-
mainingin standbytill activity ceaseson their connections.
ThedifferencebetweenSon andSavingsis largelydueto the
variationin energy consumptiondependingontheamountof
activity onaserver- theon-off modelassumesa�x edenergy
consumptionfor a busyserver irrespectiveof activity.

The bene�ts for Olympicsfrom spareserversis because
the load is high enoughmostof thetime that thenumberof
requiredserversis higherthanthenumberof spareservers.
Thus, the increaseof Nav er age due to S in equation9 is
negligible. For ST, the steepslopein the beginning of the

Olympicspro�le requiresa low thresholdto ensurethatav-
erageload doesnot exceedC. Using spareservers for this
segmentof theworkloadallows thethresholdto besetmuch
higher, resultingin signi�cant savingsduring therestof the
load pro�le. Thus,spareserverscanbe foundmorebene�-
cial thanST whentheaverageloadis high,andtheloadhas
occasionalsteepspikesthatrequireit to havealow threshold
in theabsenceof spareservers.

5.2.2 History-basedSchemes

The ideaof history-basedschemesis that onecould be fa-
miliar with the generalcharacteristicsof the load at a site
andcould potentiallymodify ST to incorporatethis knowl-
edgeand comecloserto achieving the maximumpossible
energy savings. In this section,we considerthreelevels of
suchinformationbasedon expectedspikesin theworkload.
The �rst approachassumesjust the knowledgeof the max-
imum spike (Smax ) encounteredwith the load. Thesecond
approachassumestheknowledgeof themaximumspike en-
counteredfor eachsystemcon�gurationavailable:thiscorre-
spondsto thenumberof serversrequiredfor eachloadpoint.
Therationalebehindhaving thisknowledgeis thecapacityto
handlespikesincreaseswith thenumberof active serversin
thecluster. At any point in theworkload,theadditionalload
thatcanbehandledis N � C � L , whereL is theload. The
higher, thevalueof N, thegreaterthespike thatcanbetoler-
ated.Hence,associatinga valueof N for eachspike (SN ) in
the loadcouldhelp in betterplanningfor startingadditional
servers.Thethird approachassumeswehaveperfectknowl-
edgeof theworkload:theincreasein loadis known at every
point in time. We will refer to the threeapproachesby the
knowledgewe have for eachof them,asSmax , SN , andSt .

The relationshipbetweenthe knowledge available and
the predictionstrategy for the numberof servers required
is shown in the equations10 to 12. N t is the numberof
powered-onservers(activeplusthosejust turned-on)at time
t andL t is theloadat time t. Usingtheseequations,andthe
valuesfor D (30s)andC (140connections)for ourplatform,
we cancomputethenumberof serversrequiredat any time
t for eachof thetwo workloads.Figures10and11 show the
numberof activeserversfor eachscheme.

N t = (L t + Smax � D )=C (10)
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Figure10: History-basedschemes(Financial)
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Figure11: History-basedschemes(Olympics)

N t = (L t + SN � D )=C (11)

N t = (L t + St � D )=C = L̂ t;t + D =C (12)

Fromtheseequations,we cancomputetheaveragenum-
berof serversactive for theschemesSmax , SN , andSt , for
Financial as 5.53, 4.68, and 4.07 respectively. They cor-
respondto potentialenergy savings of 30.8%,41.5%,and
49.2%respectively. Even the schemewith the bestknowl-
edge,St falls about2% short of the maximumachievable
savings(from therequiredcurvefor Financialin section5.1)
becauseany extra serversfor thefutureneedto bestartedD
seconds(startupdelay)earlierandconsumethatmuchextra
energy. ForOlympics,thepotentialenergysavingsfor Smax ,
SN , andSt canbesimilarly computedto be11.9%,29.5%,
and30.4%,respectively.

Figures12 and 13 show the actualenergy consumption
measuredon our platform for St , the best history-based
scheme,for theFinancialandOlympics,respectively. They
are given in contrastto the ST schemeand the no Pard
scheme. The actualenergy saved by St for Financialand
Olympicscomparedto not usingPardare45.6%and26.1%
which arequitecloseto thepredictedsavingsof 49.2%and
30.4%, respectively. Exploiting additional knowledge of
thesystem-workloadcontext bringssigni�cant improvement
over the original ST schemewhich saved 36.7%and7.1%
for FinancialandOlympics,respectively. Thesmalldiscrep-
anciesbetweenthe predictedandactualsavings arelargely
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Figure12: Energy usingS(t) (Financial)
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Figure13: Energy usingS(t) (Olympics)

dueto thetime a server spendsin thestandbystatebetween
thebusyandretire statesanddueto the �x edactive energy
costassumptionfor theestimates.

6 Conclusions

Power-awarerequestdistribution attemptsto providesignif-
icantenergy savingsin server clustersby matchingresource
utilization to the load imposedon theservers. Theproblem
domainspansfour dimensions- energy, quality of service,
systemcharacteristicsandworkloadcharacteristics.We es-
tablishtheinteractionbetweenthesystem-workloadcharac-
teristicsandenergysavings,for thepower-awarerequestdis-
tributionproblem.We identify thekey characteristicsfor the
systemand workload that in�uence the impact of energy-
saving schemes.Weshow analyticallytheroleof thesechar-
acteristicsandspeci�c system-workloadparameterson the
maximumachievableenergy savings. Our work shows that
knowing the system-workload context is critical to under-
standingthevalueof any energy-saving proposals.

We verify our conclusionswith actualenergy measure-
mentson our prototypefor energy-conservingserver clus-
ters.To doso,wedevelopaneffectivemethodfor generating
workloadsfrom acommercialbenchmark(speci�cally using
TPC-W)andreal-world server logs.Thisaddressestheneed
for two essentialcharacteristicsin workloadsfor this prob-
lem domain: (a) commercial/well-acceptedworkloads,and



(b) real-world variationsin loadpro�le.
We show that our model along with the properunder-

standingof the system-workloadcontext canbe effectively
usedto analyzenot just our basic energy-conservingap-
proach(SimpleThreshold- ST) but othersolutionstoo: (a)
SpareServers,which is a variationof the ST scheme,and
(b) History-basedschemes,which usetheknowledgeabout
the load pro�le to save additionalenergy. Our experimen-
tal studiesverify our analyticalconclusionsfor boththenew
classesof solutions.

In this study, our goal was to understandthe role of
the system-workloadcontext on energy-saving schemesfor
server clusters. In future work, we would like to address
workloadsthatarenotconnection-oriented- usingtheappro-
priateloadmetric in placeof connectionsmight suf�ce. We
plan to study the effect of the system-workloadcontext on
thetrade-offs betweenenergy-savingsandQoS.We arealso
interestedin developingrobustonlinealgorithmsfor energy-
savingswhich would utilize the importantsystem-workload
factorswe identi�ed in this paper.
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