
MakingScheduling“Cool”:
Temperature-AwareWorkloadPlacementin DataCenters�

JustinMoorey Jeff Chasey ParthasarathyRanganathanz RatneshSharmaz

yDepartmentof ComputerScience
DukeUniversity

f justin,chaseg@duke.edu

zInternetSystemsandStorageLab
HewlettPackard Labs

f partha.ranganathan,ratnesh.sharmag@hp.com

Abstract

Trendstowardsconsolidationandhigher-densitycomput-
ing con�gurationsmaketheproblemof heatmanagement
one of the critical challengesin emerging datacenters.
Conventionalapproachesto addressingthisproblemhave
focusedat thefacilitieslevel to developnew coolingtech-
nologiesor optimizethedeliveryof cooling.In contrastto
theseapproaches,our paperexploresanalternatedimen-
sion to addressthis problem,namelya systems-level so-
lution to controltheheatgenerationthroughtemperature-
awareworkloadplacement.

We �rst examinea theoreticthermodynamicformulation
thatusesinformationaboutsteadystatehotspotsandcold
spotsin thedatacenteranddevelopreal-world scheduling
algorithms.Basedon the insightsfrom theseresults,we
developan alternateapproach.Our new approachlever-
agesthenon-intuitiveobservationthatthesourceof cool-
ing inef�ciencies canoften be in locationsspatiallyun-
correlatedwith its manifestedconsequences;this enables
additionalenergy savings. Overall, our resultsdemon-
strateup to a factorof two reductionin annualdatacen-
ter cooling costsover location-agnosticworkloaddistri-
bution,purelythroughsoftwareoptimizationswithout the
needfor any costlycapitalinvestment.

1 Intr oduction

The last few yearshave seena dramaticincreasein the
number, size,andusesof datacenters.Large datacen-
terscontainupto tensof thousandsof serversandsupport
hundredsor thousandsof users.For suchdatacenters,in
additionto traditional IT infrastructureissues,designers
increasinglyneedto dealwith issuesof power consump-
tion, heatdissipation,andcoolingprovisioning.
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Theseissues,thoughtraditionally the domainof facili-
ties management,have becomeimportant to addressat
the IT level becauseof their implicationson cost, relia-
bility, and dynamicresponseto datacenterevents. For
example, the total cooling costsfor large data centers
(30,000f t2) canrun into the tensof millions of dollars.
Similarly, brownoutsor cooling failurescanleadto a re-
ducedmeantime betweenfailureandserviceoutages,as
serversthat overheatwill automaticallyshutdown. Fur-
thermore,increasesin serverutilization [7, 16] or thefail-
ureof a CRAC unit canupsetthecurrentenvironmentin
a matterof minutesor even seconds,requiringrapid re-
sponsestrategies,often fasterthanwhat is possibleat a
facilitieslevel. Theseconditionswill accelerateasproces-
sor densitiesincrease,administratorsreplace1U servers
with blades,andorganizationsconsolidatemultiple clus-
tersinto largerdatacenters.

Currentwork in the�eld of thermalmanagementexplores
ef�cient methodsof extracting heat from the datacen-
ter [23, 27]. In contrast,our work explorestemperature-
awareworkloadplacementalgorithms.Thisapproachfo-
cuseson schedulingworkloadsin a datacenter— and
theresultingheattheserversgenerate— in amannerthat
minimizestheenergy expendedby thecoolinginfrastruc-
ture, leadingto lower cooling costsand increasedhard-
warereliability.

Wedeveloptemperature-awareworkloadplacementalgo-
rithmsandpresentthe�rst comprehensiveexplorationof
thebene�tsfrom thesepolicies.Usingsimplemethodsof
observinghot air �o w within a datacenter, we formulate
two workloadplacementpolicies: zone-baseddiscretiza-
tion (ZBD) and minimize-heat-recirculation (M INHR).
Thesealgorithms establisha prioritized list of servers
within the datacenter, simplifying the task of applying
thesealgorithmsto real-work systems.

The�rst policy leveragesa theoreticthermodynamicfor-
mulationbasedonsteady-statehotspotsandcoldspotsin



thedatacenter[27]. Thesecondpolicy usesanew formu-
lation basedon the observation that often the measured
effectsof cooling inef�ciencies arenot locatednearthe
originalsourceof theheat;in otherwords,heatmaytravel
severalmetersthroughthedatacenterbeforearriving ata
temperaturesensor. In bothcases,our algorithmsachieve
the theoreticalheatdistribution recommendations,given
discretepower statesimposedby real-world constraints.
We show how thesealgorithmscannearlyhalve cooling
costsovertheworst-caseplacementfor asimpledatacen-
ter, andachieveanadditional18%in coolingsavingsbe-
yond previous work. Basedon theseimprovementswe
caneliminatemore than25% of the total cooling costs.
Suchsavingsin the30,000f t2 datacentermentionedear-
lier translateto a a $1 – $2 million annualcostreduction.
Furthermore,our work is complementaryto currentap-
proaches;givena�x edcoolingcon�guration,wequantify
thecostof addingload to speci�c servers. A datacenter
ownercanusethesecoststo maximizetheutilization per
Watt of their computeandcoolinginfrastructure.

The rest of this paper is organizedas follows. Sec-
tion 2 elaboratesthe motivation for this work and dis-
cussesthe limitations of conventionalfacilities-onlyap-
proaches.Section3 describesthe goalsof temperature-
awareworkloadplacementanddiscussesthe algorithms
thatwe propose— ZBD andM INHR — aswell asthree
baselinealgorithmsprovidedfor comparison.Sections4
and5 presentour resultsanddiscusstheir implications.
Section6 concludesthepaper.

2 Moti vation

As yesterday'sclustersgrow into today'sdatacenters,in-
frastructuretraditionally maintainedby a facilities man-
agementteam— suchascooling andthe room's power
grid — arebecomingan integral part of datacenterde-
sign. No longercandatacenteroperatorsfocussolelyon
IT-level performanceconsiderations,suchasselectingthe
appropriateinterconnect�ber or amountof memoryper
node.They now needto additionallyevaluateissuesdeal-
ing with powerconsumptionandheatextraction.

For example,current-generation1U serversconsumeover
350 Wattsat peakutilization, releasingmuchof this en-
ergy as heat; a standard42U rack of suchservers con-
sumesover 8 kW. Barrosoet al estimatethat the power
densityof the Googledatacenteris three to ten times
that of typical commercialdatacenters[10]. Their data
centerusescommoditymid-rangeservers;thatdensityis
likely to behigherwith newer, morepower-hungryserver
choices. As datacentersmigrateto bladedserversover
the next few years,thesenumberscould potentially in-
creaseto 55kW perrack[21].

2.1 Thermal ManagementBene�ts

A thermal managementpolicy that considersfacilities
components,suchasCRAC unitsandthephysicallayout
of thedatacenter, andtemperature-awareIT components,
can:

Decreasecoolingcosts. In a 30,000f t2 datacenterwith
1000standardcomputingracks,eachconsuming10 kW,
the initial costof purchasingandinstalling thecomputer
room air conditioning(CRAC) units is $2 – $5 million;
with an averageelectricity cost of $100/MWhr, the an-
nual costsfor cooling aloneare$4 – $8 million [23]. A
datacenterthatcanrunthesamecomputationalworkload
andcoolingcon�guration,but maintainanambientroom
temperaturethat is 5� C cooler, throughintelligent ther-
mal managementcan lower CRAC power consumption
by 20% – 40% for a $1 – $3 million savings in annual
coolingcosts.

Increasehardware reliability. A recentstudy [28] indi-
catedthat in order to avoid thermalredlining, a typical
server needsto have theair temperatureat its front inlets
bein therangeof 20� C – 30� C. Every10� C increaseover
21� C decreasesthereliability of long-termelectronicsby
50%. Otherstudiesshow thata 15� C rise increaseshard
diskdrive failureratesby a factorof two [6, 13].

Decreaseresponsetimesto transientsand emergencies.
Datacenterconditionscanchangerapidly. Sharptransient
spikesin serverutilization[7, 16] or thefailureof aCRAC
unit canupsetthecurrentenvironmentin amatterof min-
utesor evenseconds.With aggressiveheatdensitiesin the
datacenter, sucheventscanresultin potentiallydisruptive
downtimesdueto the slow responsetimespossiblewith
themechanicalcomponentsat thefacilitieslevel.

Increasecompactionand improve operational ef�cien-
cies. A highratioof coolingpowerto computepowerlim-
its thecompactionandconsolidationpossiblein datacen-
ters,correspondinglyincreasingthemanagementcosts.

2.2 Existing Approaches

Datacentersseekto provision the cooling adequatelyto
extract theheatproducedby servers,switches,andother
hardware.Currentapproachesto datacenterscoolingpro-
visioningaredoneat thefacilitieslevel. Typically, a data
centeroperatorwill add the nameplatepower ratingsof
all the serversin the datacenter— often with somead-
ditional slack for risk tolerance— anddesigna cooling
infrastructurebasedon thatnumber. This canleadto an
excessive, inef�cient cooling solution. This problemis
exacerbatedby thefactthat thecomputeinfrastructurein
most datacentersare provisionedfor the peak(bursty)
load requirement.It is estimatedthat typical operations
of thedatacenteroftenuseonly a fractionof theservers,



leadingto overall low server utilization [18]. The com-
poundedoverprovisioningof computeandcoolinginfras-
tructuredrivesup initial and recurringcosts. For every
Watt of powerconsumedby thecomputeinfrastructure,a
moderndatacenterexpendsanotherone-halfto oneWatt
to power thecoolinginfrastructure[23, 28].

In addition,thegranularityof controlprovidedin current
cooling solutionsmakesit dif�cult to identify andelim-
inate the speci�c sourcesof cooling inef�ciencies. Air
�o w within a datacenteris complex, nonintuitive, and
easyto disrupt [23]. Changesto the heatingsystem—
serversandotherhardware— or theCRAC unitswill take
minutesto propagatethroughtheroom,complicatingthe
processof characterizingair �o w within theroom.

Pastwork on datacenterthermalmanagementfalls into
oneof two categories. First, optimizing the �o w of hot
and cold air in the data center. Second,minimizing
globalpower consumptionandheatgeneration.Thefor-
mer approachesevaluatelayout of thecomputingequip-
ment in the datacenterto minimize air �o w inef�cien-
cies(e.g.,hotaislesandcoldaisles)[28] or designintelli-
gentsystemcontrollersto improvecold air delivery [23].
Thelatterapproachesfocuson location-oblivious,global
systempower consumption(total heatload) throughthe
useof global power management[12, 25], load balanc-
ing [11, 24], andpower reductionfeaturesin individual
servers[14].

2.3 Temperature-aware Workload Placement

However, theseapproachesdo not addressthe potential
bene�ts from controlling the workload (and henceheat
placement)from thepointof view of minimizingthecool-
ing costs.Addressingthermalandpower issuesat theIT
level — by incorporatingtemperature-relatedmetricsin
provisioningandassignmentdecisions— is complemen-
tary to existing solutions.The last few yearshave seena
pushto treatenergy asa �rst-class resourcein hardware
andoperatingsystemdesign,from low-power processors
to OS schedulers[29, 31]. A facilities-awareIT compo-
nentoperatesat a �ner granularitythanCRAC units. It
cannotonly reactto theheatserversgenerate,but control
whenandwherethe heatarrives. During normalopera-
tions,a temperature-awareIT componentcanmaintainan
ef�cient thermalpro�le within the datacenter, resulting
in reducedannualcoolingcosts.In theeventof a thermal
emergency, IT-levelactionsincludescalingbackonserver
CPUutilization, scalingCPUvoltages[14], migratingor
shifting workload[22, 11], andperforminga cleanshut-
down of selectedservers.

Figure1 presentsan informal sketchto illustratethepo-
tentialof thisapproach.Thecoolingcostsof adatacenter
areplottedasa functionof thedatacenterutilization —
increasedutilization produceslargerheatloads,resulting
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Figure1: Approximatetrendsin cooling costsasa datacen-
ter's utilization increases.Workloadplacementalgorithmsaf-
fect coolingcostsby theassignmentchoicesthey make. At the
extremeends— all serversidle andall serversused— thereare
no choices.However, at all othertimesthereexistsa bestanda
worstworkloadplacementstrategy.

in highercoolingcosts.At any givendatacenterutiliza-
tion, thereis a bestandworstworkloadplacementstrat-
egy. The differencebetweenthe two lines indicatethe
potentialbene�ts from ourapproach.

As Figure 1 indicates,the bene�ts of our approachare
limited at the two end points — a datacenterat “0%”
utilization or at “100%” utilization doesnot offer much
scopefor workloadplacementto reducecoolingcosts.In
theformer, all serversareidle; in thelatter, all serversare
in use. In neithercasedo we have any choicein how to
deploy workload. The bene�ts from temperature-aware
workloadplacementexist at intermediateutilization lev-
elswhenwecanchoosehow weplaceourworkload.Typ-
ical datacentersdo not maintain100%utilization for ex-
tendedperiodsof time, insteadoperatingatmid-level uti-
lizationswherewecanleveragetemperature-awarework-
loadplacementalgorithms[18].

The slopeand“knee” of eachcurve is differentfor each
datacenter, andre�ects thequality of thephysicallayout
of thedatacenter. For example,a “bestplacement”curve
with a kneeat high utilization indicatesa well laid-out
datacenterwith goodair �o w. However, giventheinef�-
cienciesresultingfrom thecoarsegranularityof controlin
purefacilities-basedapproach,we expectmostdatacen-
tersto exhibit a signi�cant differencebetweentheworst-
caseandbest-casecurves.

3 Workload PlacementPolicies

At ahigh level, thegoalsof any temperature-awarework-
loadplacementpolicy areto



� Prevent server inlet temperaturesfrom crossinga
pre-de�ned“safe” threshold.

� Maximizethetemperatureof theair theCRAC units
pumpinto thedatacenter, increasingtheir operating
ef�ciency.

This sectionprovidesa brief overview of the thermody-
namicsof cooling, how intelligent workload placement
reducesCRAC unit power consumption,and describes
ourplacementpolicies.

3.1 Thermodynamics

Thecoolingcycle of a typical datacenteroperatesin the
following way. CRAC units operateby extracting heat
from thedatacenterandpumpingcold air into theroom,
usuallythrougha pressurized�oor plenum.Thepressure
forcesthe cold air upward throughventedtiles, entering
theroomin front of thehardware.Fansdraw thecold air
inward and throughthe server; hot air exits throughthe
rearof theserver. Thehotair rises— sometimeswith the
aid of fansanda ceiling plenum— and is sucked back
to the CRAC units. The CRAC units force the hot air
pastpipescontainingcold air or water. The heat from
the returningair transfersthroughthe pipesto the cold
substance.Thenow-heatedsubstanceleavestheroomand
goesto a chiller, andCRAC fansforce the now-cold air
backinto the�oor plenum.

Theef�ciency of thiscycledependsonseveralfactors,in-
cludingtheconductivesubstanceandtheair �o w velocity,
but is quanti�ed by a Coef�cient of Performance(COP).
TheCOPis theratio of heatremoved(Q) to theamount
of work necessary(W ) to removethatheat:

COP =
Q
W

W =
Q

COP

Therefore,thework necessaryto removeheatis inversely
proportionalto theCOP. A higherCOPindicatesa more
ef�cient process,requiringlesswork to removeaconstant
amountof heat.For example,acoolingcyclewith aCOP
of two will consume50 kW to remove 100 kW of heat,
whereasa cycle with a COPof � ve will consume20 kW
to remove100kW.

However, theCOPfor a coolingcycle is not constant,in-
creasingwith the temperatureof the air the CRAC unit
pushesinto theplenum.We achieve costsavingsby rais-
ing the plenumsupply temperature,moving the CRAC
unitsintoamoreef�cient operatingrange.Figure2 shows
how the COPincreaseswith highersupplytemperatures
for a typical water-chilled CRAC unit; this curve is from
a water-chilled CRAC unit in theHP Utility DataCenter.
For example,if air returnsto theCRAC unit at 20� C and

 0

 1

 2

 3

 4

 5

 6

 7

 8

 10  12  14  16  18  20  22  24  26  28  30

C
oe

ffi
ci

en
t o

f P
er

fo
rm

an
ce

 (
H

ea
t R

em
ov

ed
 / 

W
or

k)

CRAC Supply Temperature (C)

COP = (0.0068*T2 + 0.0008*T + 0.458)

Figure2: TheCoef�cient of Performance(COP)curve for the
chilled-waterCRAC units at the HP LabsUtility DataCenter.
As the target temperatureof the air the CRAC pumpsinto the
�oor plenumincreases,the COPincreases,andthe CRAC ex-
pendslessenergy to remove thesameamountof heat.

we remove 10 kW of heat,cooling that air to 15� C, we
expend5.26kW. However, if we raisetheplenumsupply
temperatureto 20� C, everythingin thedatacenterwarms
by 5� C. Coolingthesamevolumeof air, now returningat
25� C, to 20� C removesthesame10kW of heat,but only
expends3.23kW. This is apowersavingsof almost40%.

Consequently, our schedulingpolicies attemptto maxi-
mizecoolingef�ciency by raisingthemaximumtemper-
atureof theair comingfrom theCRAC unitsand�o wing
into theplenum.Obviously, this hasto bedonein a man-
ner that maintainspreventsthe server inlet temperatures
from crossingtheir redliningthermalthreshold.

3.2 Terminology

At a fundamentallevel, we categorize power allocation
algorithmsas either analog or digital. “Analog” algo-
rithmsspecifyper-serverpower budgetsfrom thecontin-
uousrangeof realnumbers[ Pof f , Pmax ]. While analog
algorithmsprovide a detailedper-server budget,they are
hardto implementin practice.It maybepossibleto meet
thesegoals— a datacenteroperatormay deploy �ne-
grainedload balancingin a web farm [8], utilize CPU
voltagescaling[14], or leveragevirtual machines[1, 9]
for batchworkloads— but in practiceit isdif�cult to meet
andmaintainprecisetargetsfor powerconsumption.

“Digital” algorithmsassignoneof severalpre-determined
discretepower statesto eachserver. They selectwhich
machinesshouldbe off, idle, or in use,particularly for
workloadsthat fully utilize the processors.They could
alsoleveragethedetailedrelationshipbetweenserveruti-
lizationandpowerconsumptionto allow few discreteuti-
lization states. Additionally, a well-ordered digital al-



gorithm will createa list of serverssortedby their “de-
sirability”; the list orderingis �x ed for a given cooling
con�guration,but doesnot changefor differentdatacen-
ter utilization levels. Therefore,if datacenterutilization
jumpsfrom 50% to 60%, the serversselectedfor useat
50% are a proper subsetof thoseselectedat 60% uti-
lization. Well-orderedalgorithmssimplify theprocessof
integratingcooling-awarefeatureswith existing compo-
nentssuchas SGE [4] or LSF [3], allowing us to use
commonmechanismssuchasschedulingpriorities. For
example,SGEallowstheadministratorto de�ne arbitrary
“consumable”resourcesandsimpleformulasto forcethe
schedulerto considertheseresourceswhen performing
workloadplacement;modifying theseresourcesettingsis
only necessaryafteracalibrationrun.

In this paper, we focus on algorithmsthat addressthe
problemof discretepower states.We speci�cally focus
on compute-intensivebatchjobssuchasmultimediaren-
deringworkloads,simulations,or distributedcomputation
run for severalhours[5]. Thesejobstendto useall avail-
ableCPUon a server, transformingtheper-server power
budgetsavailableto a datacenterschedulerfrom a con-
tinuousrangeof [ Pof f , Pmax ] to adiscretesetof power
states:f Pof f , Pidle , P1, : : :, PN g, wherePj is thepower
consumedby a server fully utilizing j CPUs. Addition-
ally, they alsoprovidesuf�cient time for thethermalcon-
ditions in the room to reachsteady-state.If additional
power statesareconsidered,Section5 discusseshow our
algorithmsscalein a straightforwardmanner.

3.3 BaselineAlgorithms

We usethreereferencealgorithmsasa basisfor compari-
son.

UniformWorkload and CoolestInlets

The �rst algorithm is UNIFORMWORKLOAD, an “intu-
itive” analogalgorithm that calculatesthe total power
consumedby the datacenteranddistributesit evenly to
eachof theservers.Wechosethisalgorithmbecause,over
time, an algorithm that placesworkload randomlywill
approachthe behavior of UNIFORMWORKLOAD. Each
server in our datacenterconsumes150 Wattswhenidle
and285Wattswhenatpeakutilization. Thus,a40%UNI-
FORMWORKLOAD will place((285� 150)�0:40)+ 150=
204Wattsoneachserver.

The secondbaselinealgorithm is COOLESTINLETS, a
digital algorithmthat sortsthe list of unusedserversby
their inlet temperatures. This intuitive policy simply
placesworkloadon serversin thecoldestpartof thedata
center. Suchan algorithm is trivial to deploy, given an
instrumentationinfrastructurethat reportscurrentserver
temperatures.

OnePassAnalog
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Figure3: CDFof serverexhausttemperaturesfor thethreeref-
erenceworkloadplacementalgorithmsat 60%utilization. Both
COOLESTINLETSandONEPASSANALOGbaseworkloadplace-
mentdecisionson datacenterconditions. However, ONEPAS-
SANALOG hastheleastvariancein server exhausttemperatures
(4� C) leadingto fewer heatbuildups in the datacenter. Less
varianceallows us to raiseCRAC supplytemperaturesfurther,
increasingtheCOP, without causingthermalredlining.

The last policy is ONEPASSANALOG, an analogrepro-
visioning algorithm basedon the theoreticalthermody-
namic formulation by Sharmaet al [27], modi�ed with
thehelpof theoriginalauthorsto allocatepoweronaper-
server basis. The algorithm works by assigningpower
budgetsin awaythatattemptsto createauniformexhaust
pro�le, avoiding theformationof any heatimbalancesor
“hot spots”.A datacenteradministratorrunsonecalibra-
tion phase,in which they placea uniform workload on
eachserver andobserve eachserver's inlet temperature.
Theadministratorselectsa referencef power, outlettem-
peratureg tuple, f Pr ef , T out

r ef g; this referencepoint can
be oneserver, or the averageserver power consumption
andoutlettemperaturewithin arow or throughoutthedata
center. With this tuple,we calculatethepowerbudgetfor
eachserver:

Pi =
T out

r ef

T out
i

� Pr ef

A server's power budget,Pi , is inverselyproportionalto
its outlet temperature,T out

i . Intuitively, we want to add
heatto coolareasandremoveit from warmareas.

It is importantto notethat ONEPASSANALOG responds
to heatbuildup by changingthe power budgetat the lo-
cationof theobservedincrease.Intuitively, this is similar
to otherapproaches— includingthemotherboard's ther-
mal kill switch— in that it addressestheobservedeffect
ratherthanthecause.

Figure3 shows the CDF of server exhausttemperatures
for thethreereferenceworkloadplacementalgorithmsin



ZONEBASEDDISCRETIZATION(n, V , H , � ) f
while selectedlessthann serversf

GetSi , idle serverwith maxpowerbudget
Pneed = Pr un � PSi

W eightN eig hbor s = � �size(V ) + size(H )
Pshar e = Pneed =WeightN eig hbor s

PoachPshar e from eachof theH horizontalneighbors,
(� � Pshar e) from eachof theV verticalneighbors

g
g

Figure4: The core of the ZBD algorithm. n is the number
of serverswe want,V is thesetof neighborsalongthevertical
axis,H is thesetof neighborsalongthehorizontalaxis,and�
is the ratio of power borrowed per-vertical to power borrowed
per-horizontal. Pr un is the amountof power necessaryto run
oneserver at 100%utilization; PS i is theamountof power the
ONEPASSANALOG algorithmallocatesto server i . In general,
Pr un � PS i .

a datacenterat 60% utilization. A datacenterthat em-
ploys ONEPASSANALOG schedulinghaslessvariancein
its server'sexhausttemperatures;UNIFORMWORKLOAD

and COOLESTINLETS have server exhausttemperatures
that vary by asmuchas9� C – 12� C, whereasONEPAS-
SANALOG variesby lessthan4� C; this indicatesfewer
localized“hot spots”andheatimbalances.

3.4 Zone-BasedDiscretization (ZBD)

Our �rst approachis basedon thetheoreticalformulation
behindONEPASSANALOG [27]. Thisformulationassigns
heatinverselyproportionalto the server's inlet tempera-
ture.However, it suffersfrom thedrawbackthatit is ana-
log; it doesnot factorin thespeci�c discretepowerstates
of currentservers:f Pidle , : : :, PN g. Therefore,thechal-
lengeis to discretizethe recommendedanalogdistribu-
tion to the availablediscretepower states.Our research
showed that conventional discretizationapproaches—
onesthat are agnosticto the notion of heatdistribution
andtransfer— that simply minimize the absoluteerror,
canresultin worsecoolingcosts.

Thekey contribution of ZBD is that, in additionto min-
imizing the discretizationerror over the entiredatacen-
ter, it minimizesthedifferencesbetweenits power distri-
bution andONEPASSANALOG at coarsegranularities,or
geographiczones.

ZBD choosesserversby usingthenotionsof proximity-
basedheatdistributions and poaching. When selecting
a server on which to placeworkload, the chosenserver
borrows,or “poaches”power from its zoneof immediate
neighborswhosepowerbudgetis not alreadycommitted.

Within thesetwo-dimensionalzones,the heatproduced
by ZBD is similar to that producedby ONEPASSANA-
LOG. Therefore,ZBD is an effective discretizationof
ONEPASSANALOG by explicitly capturingtheunderlying
goal of ONEPASSANALOG: creatinga uniform exhaust
pro�le that reduceslocalizedhot spots. A discretization
approachthat doesnot take this goal into accountloses
thebene�tsof ONEPASSANALOG.

Figure4 describesthecoreof theZBD discretizational-
gorithm. ZBD allows us to de�ne a variable-sizedset
of neighborsalongthehorizontalandverticalaxes— H
andV — and� , the ratio of power taken from the ver-
tical to horizontaldirections. Theseparametersenable
us to mimic the physicsof heat �o w, as heat is more
likely to rise thanmove horizontally. Consequently, “re-
alistic” poachingrunsset � larger thanzero,borrowing
moreheavily vertically from serversin their rack.

Table1 showstheoperationof ZBD atamicro level, bor-
rowingpowerfromfour verticalandtwohorizontalneigh-
bors,giving the centerserver enoughof a power budget
to operate. The total amountof power andheatwithin
the �fteen-server group remainsthe same,only shifted
aroundslightly.

3.5 Minimizing Heat Recirculation (MinHR)

Our secondapproachis a new power provisioningpolicy
thatminimizestheamountof heatthatrecirculateswithin
a datacenter:M INHR. Heatrecirculationoccursfor sev-
eral reasons.For example,if thereis not enoughcold air
comingupfrom the�oor , aserverfancansuckin air from
othersources,usuallyhotair from over thetop or around
the sideof racks. Similarly, if the air conditioningunits
do not pull thehot air backto thereturnventsor if there
areobstructionsto theair �o w, hot air will mix with the
incomingcold air supply. In all thesecases,heatrecircu-
lation leadsto increasesin coolingenergy.

Interestingly, someof theserecirculationeffectscanlead
to situationswheretheobservedconsequenceof theinef-
�ciency is spatiallyuncorrelatedwith its cause;in other
words, the heatventedby onemachinemay travel sev-
eral metersbeforearriving at the inlet of anotherserver.
We assertthat an algorithmthat minimizeshot air recir-
culationat thedatacenterlevel will leadto lowercooling
costs.UnlikeZBD, whichreactsto inef�cienciesby low-
eringthepowerbudgetat thesitewhereheatrecirculation
is observed, M INHR focuseson the causeof inef�cien-
cies. That is, it may not know how to lower the inlet
temperatureon a given server, but it will lower the total
amountof heatthatrecirculateswithin thedatacenter.

Therefore,unlikeZBD, wemakenoeffort to createauni-
form exhaustpro�le. Thegoalsareto

� minimize the total amountheatthat recirculatesbe-



184.61 216.77 207.15
184.44 216.80 207.41
186.24 216.88 207.66
189.25 216.86 207.82
193.41 216.82 207.89

(a) ONEPASSANALOG budgets.

184.61 216.77 207.15
184.44 216.80 207.41
186.24 216.88 207.66
189.25 216.86 207.82
193.41 216.82 207.89

(b) SelectSi and its neighbors.
Pneed = 68.12Watts.

184.61 203.67 207.15
184.44 203.70 207.41
178.38 285.00 199.80
189.25 203.76 207.82
193.41 203.72 207.89

(c) Poach.Pshar e = 7.86Watts,
(� � Pshar e) = 13.10Watts.

Table1: The �rst iterationof ZBD with n = 6, size(H ) = 2,
size(V ) = 4, and� = 5

3 . Theserver with thehighestpower bud-
get “poaches”power from its immediateneighbors.The total
power allottedto these�fteen serversremainsconstant,but we
now have a server with enoughpower to run at 100%utiliza-
tion. At theendof this iteration,oneserverhasenoughpower to
runa full workload;afteranothern � 1 iterations,we will have
selectedour n servers.

fore returningto theCRAC units.

� maximizethepowerbudget— andthereforethepo-
tentialutilization — of eachserver.

First, we needa way to quantify the amountof hot air
comingfrom a server or a groupof serversthat recircu-
lateswithin thedatacenter. We de�ne � Q as

� Q =
nX

i =1

Cp � mi � (T in
i � Tsup )

Here,n is thenumberof serversin thedatacenter, Cp is
the speci�c heatof air (a thermodynamicconstantmea-
suredwith units of W �sec

kg�K ), m i is the mass�o w of air

throughserver i in kg
sec , T in

i is the inlet temperaturefor

Pod � � Qj H RFj
H RF j

SRF Powerj � Qj

1 1000 2 0.050 250 125
2 400 5 0.125 625 125
3 250 8 0.200 1000 125
4 80 25 0.625 3125 125

Table2: HypotheticalM INHR calibrationresultsandworkload
distribution for a 40U rackof serversdivided into four podsof
10 servers each. � Qr ef during calibrationis 2 kW; the �nal
workloadis 5 kW.

server i , andTsup is the temperatureof thecold air sup-
plied by the CRAC units. In a datacenterwith no heat
recirculation— � Q = 0 — eachT in

i will equalTsup .

Our workloadplacementalgorithmwill distributepower
relative to theratioof heatproducedto heatrecirculated:

Pi /
Qi

� Qi

Werunatwo-phaseexperimentto obtaintheheatrecircu-
lation data.This experimentrequiresan idle datacenter,
but it is necessaryto performthis calibrationexperiment
onceandonly whentherearesigni�cant changesto the
hardware within the datacenter; for example,after the
datacenterowner addsa new CRAC unit or addsnew
racksof servers.The�rst phasehasthedatacenterrun a
referenceworkloadthatgeneratesagivenamountof heat,
Qr ef ; we alsomeasure� Qr ef , theamountof heatrecir-
culatingin thedatacenter. For thesake of simplicity, our
referencestatehaseachserver idle.

The secondphaseis a setof sequentialexperimentsthat
measurethe heatrecirculationof groupsof servers. We
bin theserversinto pods, whereeachpodcontainss ad-
jacentservers; podsdo not overlap. We de�ne podsin-
steadof individual servers to minimize calibrationtime
andto ensurethat eachcalibrationexperimentgenerates
enoughheatto createa measurableeffect on temperature
sensorsin the datacenter. In eachexperiment,we take
thenext pod, j , andmaximizetheCPU utilization of all
its serverssimultaneously, increasingthetotaldatacenter
powerconsumptionandheatrecirculation.After thenew
datacenterpower loadandresultingheatdistributionsta-
bilize,wemeasurethenew amountof heatgenerated,Qj ,
andheatrecirculating,� Qj . With these,we calculatethe
HeatRecirculationFactor (HRF) for thatpod,where

H RFj =
Qj � Qr ef

� Qj � � Qr ef

=
� Qj

� � Qj

Oncewe have theratio for eachpod,we usethemto dis-
tribute power within the datacenter. We sum the HRF



Figure5: Layout of the datacenter. The datacentercontains
1120serversin 28 racks,arrangedin four rows of seven racks.
Theracksarearrangedin a standardhot-aisle/cold-aislecon�g-
uration[28]. FourCRAC unitspushcoldair into a�oor plenum,
which thenenterstheroomthrough�oor ventsin aislesB and
D . Serversejecthotair into aislesA, C, andE .

from eachpod to get the SummedRecirculation Factor
(SRF).To calculatethe per-pod power distributions,we
simplymultiply thetotal power loadby thatpod'sH RF ,
dividedby theSRF . This power budgetdistribution sat-
is�es both of our statedgoals; we maximizethe power
budgetof eachpod — maximizing the numberof pods
with enoughpower to run a workload— while minimiz-
ing thetotalheatrecirculationwithin thedatacenter. With
thispowerdistribution,eachpodwill recirculatethesame
amountof heat.

As before,we needto discretizetheanalogrecommenda-
tionsbasedontheH RF valuesfor thepowerstatesin the
servers.Theschedulerthenallocatesworkloadsbasedon
thediscretizeddistribution. NotethatthecomputedH RF
is apropertyof thedatacenterandis independentof load.

Table2 shows anexampleof M INHR for a 40U rackof
1U serversdivided into four pods. The resultingpower
budgetsleadsto identicalamountsof heatfrom eachpod
recirculatingwithin the datacenter. Although we could
budgetmore power for the bottom pod to further mini-
mizeheatrecirculation,but thatwould reducethepower
budgetsfor otherpodsandlessenthenumberof available
servers. Additionally, it is likely that thebottompodhas
enoughpowerto runall 10serversat100%utilization; in-
creasingits budgetservesnopurpose,andinsteadreduces
theamountof poweravailableto otherservers.

4 Results

This sectionpresentsthe cooling costsassociatedwith
eachworkloadplacementalgorithm.

4.1 Data Center Model

Given the dif�culties of running our experimentson a
large,availabledatacenter, we usedFlovent [2], a Com-
putationalFluid Dynamics (CFD) simulator, to model
workloadplacementalgorithmsandcooling costsof the
medium-sizeddata center shown in Figure 5. This
methodologyhasbeenvalidatedin prior studies[27].

Thedatacentercontainsfour rows with seven40U racks
each,for a total of 28 rackscontaining1120servers.The
datacenterhasalternating“hot” and“cold” aisles. The
cold aisles,B andD, have vented�oor tiles that direct
cold air upward towardsthe server inlets. The servers
ejecthot air into theremainingaisles:A, C, andE. The
datacenteralsocontainsfour CRAC units, eachhaving
theCOPcurve depictedin Figure2. EachCRAC pushes
air chilled to 15� C into the plenumat a rate of 10,000
f t 3

min . TheCRAC fansconsume10kW each.

TheserversareHP ProliantDL360 G3s;each1U DL360
hasa measuredpower consumptionof 150W whenidle
and285Wwith bothCPUsat 100%utilization. Thetotal
power consumedandheatgeneratedby thedatacenteris
168kW while idle and319.2kW at full utilization. Per-
cent utilization is measuredas the numberof machines
that arerunninga workload. For example,when672 of
the1120serversareusingboth their CPUsat 100%and
the other448 are idle, the datacenteris at 60% utiliza-
tion. To save time con�guring eachsimulation,we mod-
eledeachpair of DL360sasa 2U server that consumed
300Wwhile idle and570Wwhile at100%utilization.

Calculating Cooling Costs

At the conclusionof eachsimulation,Flovent provides
the inlet andexhausttemperaturefor eachobject in the
datacenter. We calculatethe cooling costsfor eachrun
basedonamaximumsafeserver inlet temperature,T in

saf e,
of 25� C, andthemaximumobservedserver inlet temper-
ature,T in

max . We adjustthe CRAC supply temperature,
Tsup , by Tadj , where

Tadj = T in
saf e � T in

max

If Tadj is negative, it indicatesthata server inlet exceeds
our maximumsafetemperature.In response,we needto
lower Tsup to bring the servers back below the system
redlinelevel.

Ourcoolingcostscanbecalculatedas

C =
Q

COP(T = Tsup + Tadj )
+ Pf an

whereQ is the amountof power the servers consume,
COP(T = Tsup + Tadj ) is our COP at Tsup + Tadj ,
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Figure 6: ONEPASSANALOG is consistentlylow, indicating
a potential “best” cooling curve describedin Figure 1. UNI-
FORMWORKLOAD performswell at low utilizations,but lacks
theability to reactto changingconditionsat higherutilizations.
COOLESTINLETS performswell at higher utilizations, but is
moreexpensive at low-rangeandmid-rangeutilization.

calculatedfrom the curve in Figure 2, and Pf an is the
total power consumedby the CRAC fans. Currentlywe
assumeauniform Tsup from eachCRAC dueto thecom-
plicationsintroducedby non-uniformcoldair supply;we
discussthesecomplications,proposedsolutions,andon-
goingwork in Section5.

4.2 BaselineAlgorithms

Figure 6 shows the cooling costsfor our threebaseline
algorithms.UNIFORMWORKLOAD performswell at low
utilization by not placingexcessive workloadon servers
that it shouldn't. At high utilization, though, it places
workloadon all servers,regardlessof theeffect on cool-
ing costs.In contrast,weseethatONEPASSANALOG per-
formswell bothat high andlow datacenterutilization. It
reactswell asutilizationincreases,scalingbackthepower
budgetonserverswhoseinlet temperaturesincrease.This
avoids creatinghot spotsin dif�cult-to-cool portionsof
the room that would otherwisecausethe CRAC units to
operatelessef�ciently . COOLESTINLETS doeswell at
high and mid-rangeutilization for this datacenter, but
is about10%moreexpensive thanONEPASSANALOG at
low andmoderateutilization.

4.3 ZBD

Parameter Selection

For ZBD to mimic the behavior of ONEPASSANALOG,
we needto selectparametersthat re�ect the underlying
heat�o w. Heatrises,sowesetour � to begreaterthan1,
andour verticalneighborhoodto be larger thanour hori-
zontalneighborhood.Our simulatedserversare2U high;

ZoneSize Avg Power UW CoV ZBD CoV
2U 462 0.009 0.008
4U 924 0.012 0.009
8U 1848 0.018 0.006

10U 2310 0.020 0.006

Table3: Coef�cient of variance(CoV) of differencesin zonal
power budgetsbetweenONEPASSANALOG andtheUNIFORM-
WORKLOAD (UW) andtheZBD algorithmsat 60%utilization.
Smallcoef�cients indicatea distribution thatmimics ONEPAS-
SANALOG closely, creatinga similarexhaustpro�le.

thereforeour serversare8.89cm(3.5in) tall and60.96cm
(24in)wide. Sinceheatintensityis inverselyproportional
to thesquareof thedistancefrom thesource,it makeslit-
tle senseto poachtwo serversor more(greaterthanone
meter)in eitherhorizontaldirection.Noting thatour rows
are20 servershigh and7 across,we maintainthis ratio
bothin poachingdistanceandpoachingratio. We setour
verticalneighborhoodto be threeserversin eitherdirec-
tion, andour � to 20

7 . Theseparametersaresimpleap-
proximations;in section5 wediscussmethodsof improv-
ing uponZBD parameterselection.

Results

Thenext questionis whetherwe metour goalsof match-
ing thehigh-level powerallocationbehavior of ONEPAS-
SANALOG. In orderto quantify thesimilarity of any two
algorithms'power distributions,we breakeach40U rack
into successively largerzones;zonesareadjacentanddo
not overlap. We sum the servers' power allocationsto
get that zone's budget. Table3 shows the per-pod vari-
ancebetweentheONEPASSANALOG zonebudgetsthose
of UNIFORMWORKLOAD andZBD power distributions
areto the ONEPASSANALOG power budgetsat different
granularities.Unsurprisingly, UNIFORMWORKLOAD has
the largestvarianceat any zonesize; it continuesto al-
locatepower to eachserver, regardlessof room condi-
tions. However, ZBD closely mirrors the power distri-
butionbudgetedby ONEPASSANALOG.

Figure7 showstherelativecostsof ZBD againstourthree
baselinealgorithmsas we ramp up data centerutiliza-
tion. Like ONEPASSANALOG, ZBD performswell both
at low andhighutilizations.Most importantly, weseethat
ZBD mimics thebehavior andresultingcoolingcostsof
ONEPASSANALOG within two percent.Even with intu-
itiveparameterselectionandthechallengeof discretizing
the analogdistribution, we met or exceededthe savings
availableusingthe theoreticalbestworkloadassignment
algorithmfrom previouslypublishedwork.
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Figure7: ZBD comparedto ourbaselinealgorithms.ZBD also
workswell at highandlow utilizations,stayingwithin +

� 3%of
ONEPASSANALOG.

4.4 MinHR

Calibration

Theperformanceof M INHR dependson theaccuracy of
our calibrationexperiments.Our goalsin selectingcal-
ibration parametersfor M INHR, suchas pod sizesand
our Qr ef , wereto allow for a reasonablecalibrationtime
anda reasonabledegreeof accuracy. If podsizesaretoo
small,we mayhave too many podsandanunreasonably
long real-world calibrationtime— approximatelytwenty
minutesperpod— andthe� � Qi mayto toosmallto cre-
ateany observablechange.Sincecalibrationtimesusing
Floventaresigni�cantly longerthanin real life — oneto
two hoursper pod — we chosea pod sizeof 10U. This
translatesto a 1.35kW � Qi , aswe increaseeachserver
from 150W to 285W. While smallerpodsmay give us
dataat a �ner granularity, the magnitudeof � Q may be
too small to give usanaccuratepictureof how thatpod's
heataffectsthedatacenter.

Figure 8 demonstratesthe importanceof locating the
sourcesof heatrecirculation. It shows thewarmest10%
of server inletsfor ourcalibrationphaseandfor therecir-
culationworkloadat the top podof a rack on theendof
row 4. Eventhoughweincreasethetotalpowerconsump-
tion of theserversby only 0.80%(1.35kW), thecooling
costsincreaseby 7.56%. A large portion of the hot ex-
haustfrom theseserversdoesnot returnto a CRAC unit,
insteadreturningto theservers. Inletsat thetop of row 4
increaseby over1� C, andserversat thesameendof row
3 seeanincreasein inlet temperatureof over 2

3
�
C.

With M INHR, unlikeONEPASSANALOG, it wasnotnec-
essaryto performany form discretizationon the analog
power budgetsfrom. Figure9 shows the CDF of server
powerbudgetswhile ourdatacenteris at60%utilization.
In ONEPASSANALOG, of the 1120servers,only 84 fall
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Figure8: CDF of thewarmesttenpercentof server inlets for
theM INHR phase-onecalibrationworkload,andafteraddinga
total of 1.35kW to tenserversduringa phase-two recirculation
workload. A 1� C increasein the maximumserver inlet tem-
peratureresultsin 10% higher cooling costs. This phase-two
workloadwasat thetopcornerof row 4.

outsidetheoperatingrangeof our DL360s,thusnecessi-
tatingtheuseof ZBD.

However, M INHR assignspowerbudgetsbetween13and
3876 Watts per 1U server, with only 160 falling within
the operatingrange;we chosesimply to sort the servers
by theirpowerbudgetandchosetheX % with thehighest
budgets,where X is our target utilization. We de�ne
ANALOGM INHR as the original, unrealisticpower dis-
tribution, and the sort-and-chooseas DIGITALM INHR.
For the sake of clarity, we de�ne DIGITALMAXHR as
DIGITALM INHR in reverse;we startat thebottomof the
list, usingtheworstcandidatesandmoving up.

Results

Figure 10(a) comparesour four previous algorithms
againstDIGITALM INHR andDIGITALMAXHR. At mid-
range utilization, DIGITALM INHR saves 20% over
ONEPASSANALOG, 30% over UNIFORMWORKLOAD,
andnearly40%overDIGITALMAXHR. Thecostsof each
algorithmare relatedto the heatrecirculationbehaviors
they cause.At low utilization, DIGITALMAXHR quickly
choosesservers whoseexhaustrecirculatesextensively,
whereas DIGITALM INHR does not save much over
ONEPASSANALOG; this indicatesthatinitially ONEPAS-
SANALOG also minimizes heat recirculation. As uti-
lization increases,however, all algorithmsexcept DIGI-
TALM INHR endup placingloadon serversthat recircu-
late large amountsof heat;DIGITALM INHR knows ex-
actly which servers to avoid. At near-peakutilizations,
however, DIGITALM INHR hasrun out of “good” servers
to use,driving upcoolingcosts.
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(a) Coolingcostsfor ourbaselinealgorithms,ZBD, andbestand
worstheat-recirculation-basedalgorithms.
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Figure10: At mid-rangeutilizations,DIGITALM INHR costs20%lessthanONEPASSANALOG, 30%lessthanUNIFORMWORK-
LOAD andalmost40%lessthantheworstpossibleworkloaddistribution.
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Figure9: CDF of ONEPASSANALOG and ANALOGM INHR
budgetsat 60% utilization. ONEPASSANALOG budgetsfall
within theDL360'soperatingrange;thisfacilitatesZBD'szone-
baseddiscretization. The minimum andmaximumANALOG-
M INHR budgetsaremorethanan orderof magnitudeoutside
this range,eliminatingtheneedfor or effectivenessof any dis-
cretizationalgorithm.

Figure 10(b) graphs � Q for each algorithm. DIGI-
TALM INHR achieves its goal, minimizing recirculation
and cooling costs until there are no “good” servers
available. Conversely, DIGITALMAXHR immediately
chooses“bad” servers,increasingpower consumptionby
30.2 kW and heat recirculationby 18.1 kW. Note that
coolingcostsarecloselyrelatedto theamountof heatre-
circulatingwithin thedatacenter.

4.5 ZBD and MinHR Comparison

At a glance,DIGITALM INHR provides signi�cant sav-
ingsover all otherworkloadplacementalgorithms.It di-
rectly addressesthe causeof datacentercooling inef�-
ciencies,andis constrainedonly by thephysicalair �o w
designof the datacenter. Unfortunately, the calibration
phaseis signi�cantly longerthanthe oneZBD requires.
A real-world calibrationof our modeldatacenterwould
take 56 hours;this is not unreasonable,astheentirecali-
brationrun would completebetweenFridayeveningand
Mondaymorning.However, acalibrationrunis necessary
wheneverthephysicallayoutof theroomchanges,orafter
a hardwareor coolingupgrade.Conversely, ZBD is con-
sistentandthe best“reactive” digital algorithm. It only
requiresonecalibrationexperiment;for our datacenter,
this experimentwouldcompletewithin a half-hour.

Ultimately, the datacenterowner must decidebetween
long calibrationtimesandsavingsin coolingcosts.If the
cooling con�guration or physicallayout of the datacen-
terwill not changeoften,thena M INHR-basedworkload
placementstrategy yieldssigni�cant savings.

5 Discussion

Additional Power States

Our previous experimentassumesthe computerinfras-
tructureonly hadtwo power states:idle andused.How-
ever, many datacentermanagementinfrastructurecompo-
nents— suchasnetworkedpowerswitches,bladecontrol
planes,andWake-On-LAN-enabledEthernetcards— al-



# Off Power (kW) Cooling(kW) % Savings
56 273.0 156.9 16.54

112 264.6 142.9 23.96
168 256.2 134.4 28.51
224 247.8 126.00 32.96

Table 4: We leverageM INHR's sortedlist of server “desir-
ability” to selectserversto turn off during75%utilization. We
reducethe power consumedby the computerinfrastructureby
12%,yet reducecoolingcostsby nearlyone-third.

low usto consider“off ” asanotherpower state.Both the
algorithmscanleverageadditionalpower statesto allow
themto morecloselymatchtheanalogpowerbudgets.

To demonstratethepotentialfor increasedimprovements,
we focuson someexperimentsusingthe bestalgorithm
from the last section. DIGITALM INHR's per-pod H RF
valuesallow us to sort serversby heatrecirculationand
power down or fully turn off the “worst” servers. Ta-
ble 4 presentsthe resultsof turning 5, 10, and 15% of
the“worst” serversoff during75%utilizationwhile using
the DIGITALM INHR placementalgorithm. Initially the
computerinfrastructurewas consuming281.4 kW, and
expending187.9kW to removethisheat.Turningoff only
56 servers, 8.4 kW of computepower, reducescooling
costsby nearlyone-sixth. M INHR with an “off ' option
reducescooling costsby nearlyanotherthird by turning
off 20%of theservers.

When comparedto the savings achieved by ONEPAS-
SANALOG over UNIFORMWORKLOAD, this approach
representsa factorof threeincreasein thosecoolingsav-
ings, reducingUNIFORMWORKLOAD cooling costsby
nearly 60%. Theselong-termsavings may be reduced,
however, by thedecreasedhardwarereliability causedby
power-cycling servers.

How far to perfection?

In this section,we compareour resultsto the absolute
theoreticalminimumcostof heatremoval, asde�ned by
physics. It is possibleto calculatethe absolutemini-
mumcoolingcostspossible,giventheCOPcurve of our
CRAC units. Assumewe formulatetheperfectworkload
placementalgorithm,onethateliminateshotair recircula-
tion. In thatcase,we have thesituationdescribedin Sec-
tion 3.5: CRAC supplytemperaturesequalthemaximum
safeserver inlet temperatures.Pluggingthedatafrom the
COPcurve in �gure 2, we obtainWoptimal = Q

4:728 .

Figure 11 comparesall our workload placementalgo-
rithms againstthe absoluteminimum costs,asgoverned
by theaboveequation.It shouldbenotedthattheabsolute
minimumrepresentsa realisticallyunobtainablepoint as
is evidentfrom thebene�tsit canobtainevenat the100%
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Figure 11: Cooling costsfor all workload placementalgo-
rithms, ANALOGM INHR, andthe absoluteminimum costsfor
ourdatacenter.

data point where there is no slack in workload place-
ment. However, in spiteof this, for our simpledatacen-
ter at mid-rangeworkloads, DIGITALM INHR achieves
overhalf thepossiblesavingsascomparedto UNIFORM-
WORKLOAD. Thesesavings arethroughchangesa data
centeradministratorcanmake entirely at the IT level in
software,suchasmodifyingabatchqueueor otherserver
assignmentscheduler. Furthermore,asdiscussedearlier,
thesechangesare complementaryto other facilities ap-
proaches,including improvedrack locationsandcooling
con�gurations.

Instrumentation and Dynamic Control

The work discussedin this paperassumesan instrumen-
tationinfrastructurein thedatacentersuchasSplice[19]
that providescurrenttemperatureandpower readingsto
our algorithms. Relatedwork in the data instrumenta-
tion spaceincludesPIER [15], Ganglia[26] andAstro-
labe [30]. Additionally, algorithmssuch as ONEPAS-
SANALOG, ZBD, andM INHR includecalibrationphases
based on past history. These phasescould poten-
tially be spedby systematicthermalpro�le evaluations
through a synthetic workload generationtool such as
sstress [20]. A moderately-sizeddatacenterof 1000
nodeswill take abouttwo daysto calibratefully. At the
endof thecalibrationphase,however, whichwewill have
thepowerbudgetsfor thatdatacenter. Thesebudgetsare
constantunlessthe cooling or computationalcon�gura-
tion changes,suchasby addingor removing servers.

Further, thework discussedin thispaperpertainsto static
workloadassignmentin abatchschedulerto reducecool-
ing costsfrom a heatdistribution perspective. We as-
sumethatthecoolingcon�gurationis notbeingoptimized
concurrently;in otherwords,CRAC units may not vary
theirsupplytemperaturesindividually, or changetheir fan



speedsat all. However, somedatacentersexist where
aggressivecoolingoptimizationscouldconcurrentlyvary
thecoolingcon�gurations.

For thesescenarios,we arecurrentlyexploring the pos-
sibility of using systemidenti�cation techniquesfrom
control theory [17] to “learn” how the thermal pro�le
of the data centerchangesas cooling settingschange.
Theseidenti�cation toolswill revealtherelationshipsbe-
tweencooling parametersand heat recirculationobser-
vations,allowing us to expandthe usesof temperature-
aware workload placementto include such featuresas
emergency actionsin theeventof CRAC unit failure.For
the time being,however, a datacenterowner could per-
form onecalibrationphasewith eachCRAC unit off to
simulatethe failure of that unit and obtain the relative
powerbudgetsandserverordering.

6 Conclusion

Coolingandheatmanagementarefastbecomingthekey
limiters for emerging datacenterenvironments.As data
centersgrow during the foreseeablefuture, we mustex-
pandour understandingof cooling technologyandhow
to apply this knowledgeto datacenterdesignfrom anIT
perspective. In this paper, we explore temperature-aware
resourceprovisioning to control heatplacementfrom a
systemsperspectiveto reducecoolingcosts.

Weexplorethephysicsof heattransfer, andpresentmeth-
odsfor integratingit into batchschedulers.To capturethe
complex thermodynamicbehavior in the datacenter, we
usesimple heuristicsthat useinformation from steady-
statetemperaturedistribution andsimplecause-effectex-
perimentsto calibratesourcesof inef�ciencies. To cap-
turetheconstraintsimposedby real-world discretepower
states,weproposelocation-awarediscretizationheuristics
thatcapturethenotionof zonalheatdistribution, aswell
as recirculation-basedplacement.Our resultsshow that
thesealgorithmscanbe very effective in reducingcool-
ing costs.Our bestalgorithmnearlyhalvescoolingcosts
whencomparedto theworst-casescenario,andrepresents
a 165%increasein the savings available throughprevi-
ouslypublishedmethods.All thesesavings areobtained
purely in software without any additionalcapital costs.
Furthermore,our resultsshow that theseimprovements
canbelargerwith moreaggressiveuseof powerstates,as
is likely in futuresystems.

Though we focus mainly on cooling costs in this pa-
per, our algorithmscanalso be appliedto otherscenar-
ios suchasgracefuldegradationunderthermalemergen-
cies. In thesecases,comparedto longertimescalesasso-
ciatedwith themoremechanical-drivenfacilitiescontrol,
temperature-awareworkloadplacementcansigni�cantly
improve theresponseto failuresandemergencies.Simi-

larly, theprinciplesunderlyingourheuristicscanbelever-
agedin thecontext of morecomplex dynamiccontrolal-
gorithmsaswell.

In summary, asfuturedatacentersevolve to includeever
largernumberof serversoperatingin increasinglydenser
con�gurations,it will becomecritical to have heatman-
agementsolutionsthat go beyond conventionalcooling
optimizationsat the facilities level. We believe that ap-
proacheslike ours that straddlethe facilities and sys-
temsmanagementboundariesto holistically optimizefor
power, heat,andcooling,will beanintegralpartof future
datacentersolutionsto addressthesechallenges.
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