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Abstract

Trendstowardsconsolidatiorandhigherdensitycomput-
ing con gurationsmake the problemof heatmanagement
one of the critical challengesn emeging datacenters.
Corventionalapproacheso addressinghis problemhave
focusedatthefacilitieslevel to developnew coolingtech-
nologiesor optimizethedelivery of cooling. In contrasto
theseapproachesyur paperexploresan alternatedimen-
sionto addresghis problem,namelya systems-leel so-
lution to controlthe heatgeneratiorthroughtempeature-
aware workloadplacement

We rst examinea theoreticthermodynamidormulation
thatusedgnformationaboutsteadystatehot spotsandcold
spotsin thedatacenteranddevelopreal-world scheduling
algorithms. Basedon the insightsfrom theseresults,we
develop an alternateapproach.Our new approacHever
ageghenon-intuitive obsenationthatthe sourceof cool-
ing inef ciencies can often be in locationsspatially un-
correlatedwith its manifestecconsequenceshis enables
additionalenegy savings. Overall, our resultsdemon-
strateup to a factorof two reductionin annualdatacen-
ter cooling costsover location-agnostiavorkload distri-
bution, purelythroughsoftwareoptimizationswithout the
needfor ary costly capitalinvestment.

1 Intr oduction

The last few yearshave seena dramaticincreasen the
number size, and usesof datacenters. Large datacen-
terscontainupto tensof thousandef senersandsupport
hundredor thousand®f users.For suchdatacentersjn
additionto traditional IT infrastructureissuesdesigners
increasinglyneedto dealwith issuesof power consump-
tion, heatdissipationandcooling provisioning.
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Theseissues,thoughtraditionally the domain of facili-

ties managementhave becomeimportantto addressat

the IT level becauseof their implicationson cost, relia-

bility, and dynamicresponseo datacenterevents. For

example, the total cooling costsfor large data centers
(30,000f t?) canrun into the tensof millions of dollars.
Similarly, brownoutsor cooling failurescanleadto a re-

ducedmeantime betweerfailure andserviceoutagesas
senersthat overheatwill automaticallyshutdown. Fur

thermorejncreasesn sener utilization[7, 16] or thefail-

ure of a CRAC unit canupsetthe currenternvironmentin

a matterof minutesor even secondsrequiring rapid re-

sponsestratgies, often fasterthanwhat is possibleat a

facilitieslevel. Theseconditionswill acceleratasproces-
sor densitiesincrease administratorgeplacelU seners
with bladesandorganizationsonsolidatemultiple clus-

tersinto largerdatacenters.

Currentworkin the eld of thermalmanagemergxplores
efcient methodsof extracting heatfrom the datacen-
ter[23, 27]. In contrast,our work explorestempeature-
aware workloadplacemenglgorithms.This approactfo-
cuseson schedulingworkloadsin a datacenter— and
theresultingheatthe senersgenerate— in amanneithat
minimizestheenegy expendedy thecoolinginfrastruc-
ture, leadingto lower cooling costsandincreasechard-
warereliability.

We developtemperatureaareworkloadplacementlgo-
rithmsandpresenthe rst comprehensie explorationof
thebene tsfrom thesepolicies. Usingsimplemethodsof
observinghot air o w within a datacenter we formulate
two workloadplacemenpolicies: zone-basediscretiza-
tion (ZBD) and minimize-heatecirculation (MINHR).
Thesealgorithms establisha prioritized list of seners
within the datacenter simplifying the task of applying
thesealgorithmsto real-work systems.

The rst policy leveragestheoreticthermodynamidor-
mulationbasedn steady-statbot spotsandcold spotsin



thedatacenter{27]. Thesecondolicy usesanew formu-
lation basedon the obsenation that often the measured
effects of cooling inef ciencies are not locatednearthe
originalsourceof theheat;in otherwords,heatmaytravel
severalmeterghroughthe datacenterbeforearriving ata
temperaturesensorin bothcasespur algorithmsachiere
the theoreticalheatdistribution recommendationgjiven
discretepower statesimposedby real-world constraints.
We shov how thesealgorithmscan nearly halve cooling
costsovertheworst-cas@lacemenfor asimpledatacen-
ter, andachieve anadditional18%in coolingsavingsbe-
yond previous work. Basedon theseimprovementswe
can eliminatemore than 25% of the total cooling costs.
Suchsavingsin the30,000f t? datacentemmentioneckar
lier translateto aa $1 — $2 million annualcostreduction.
Furthermore our work is complementaryto currentap-
proachesgivena x edcoolingcon guration,we quantify
the costof addingloadto speci c seners. A datacenter
owner canusethesecoststo maximizethe utilization per
Watt of their computeandcoolinginfrastructure.

The rest of this paperis organizedas follows. Sec-
tion 2 elaborateghe motivation for this work and dis-
cusseghe limitations of corventionalfacilities-only ap-
proaches.Section3 describeghe goalsof temperature-
aware workload placementand discusseshe algorithms
thatwe propose— ZBD andMINHR — aswell asthree
baselinealgorithmsprovidedfor comparison.Sections4
and5 presentour resultsand discusstheir implications.
Section6 concludeghe paper

2 Motivation

As yesterdays clustersgrow into today's datacentersin-
frastructuretraditionally maintainedby a facilities man-
agementeam— suchascooling andthe room's power
grid — arebecomingan integral part of datacenterde-
sign. No longercandatacenteroperatordocussolelyon
IT-level performanceonsiderationssuchasselectinghe
appropriateinterconnectber or amountof memoryper
node.They now needto additionallyevaluateissuesdeal-
ing with power consumptiorandheatextraction.

For example current-generatiohU senersconsumesver
350 Watts at peakutilization, releasingmuchof this en-
ergy as heat; a standard42U rack of suchseners con-
sumesover 8 kW. Barrosoet al estimatethat the power
density of the Google datacenteris threeto ten times
that of typical commercialdatacenterg10]. Their data
centerusescommoditymid-rangeseners;thatdensityis
likely to be higherwith newer, morepower-hungrysener
choices. As datacentersmigrateto bladedsenersover
the next few years,thesenumberscould potentially in-
creaseo 55 kW perrack[21].

2.1 Thermal ManagementBene ts

A thermal managemenpolicy that considersfacilities
componentssuchasCRAC unitsandthe physicallayout
of thedatacenterandtemperatures@arelT components,
can:

Decreasecooling costs In a 30,000f t? datacenterwith
1000standarccomputingracks,eachconsuminglO kW,
theinitial costof purchasingandinstalling the computer
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
datacenterthatcanrun the samecomputationalorkload
andcooling con guration, but maintainanambientroom
temperaturahatis 5 C cooler throughintelligent ther
mal managementan lower CRAC power consumption
by 20% — 40% for a $1 — $3 million savings in annual
coolingcosts.

Increasehardwatre reliability. A recentstudy[28] indi-
catedthat in orderto avoid thermalredlining, a typical
sener needgo have the air temperaturat its front inlets
bein therangeof 20 C—-30 C.Every10 Cincreasever
21 C decreasethereliability of long-termelectronicsy
50%. Otherstudiesshow thata 15 C riseincreasedard
disk drivefailureratesby afactorof two [6, 13].

Decreaseresponsdimesto transientsand emegencies

Datacenterconditionscanchangeapidly. Sharpransient
spikesin senerutilization[7, 16] or thefailureof aCRAC

unit canupsetthe currentervironmentin amatterof min-

utesor evensecondsWith aggressie heatdensitiesn the
datacentersucheventscanresultin potentiallydisruptive

downtimesdueto the slow responsdimes possiblewith

themechanicatomponentstthefacilitieslevel.

Increasecompactionand improve operational efcien-
cies A highratioof coolingpowerto computepowerlim-
its thecompactiorandconsolidatiorpossiblein datacen-
ters,correspondinglyncreasinghe managementosts.

2.2 Existing Approaches

Datacentersseekto provision the cooling adequatelyto
extractthe heatproducedby seners,switchesandother
hardware.Currentapproachew datacentersoolingpro-
visioningaredoneat thefacilitieslevel. Typically, adata
centeroperatorwill addthe nameplatepower ratings of
all the senersin the datacenter— oftenwith somead-
ditional slackfor risk tolerance— anddesigna cooling
infrastructurebasedon thatnumber This canleadto an
excessve, inef cient cooling solution. This problemis
exacerbatedby the factthatthe computeinfrastructuren
most data centersare provisionedfor the peak (bursty)
load requirement.lt is estimatedthat typical operations
of the datacenteroftenuseonly a fraction of the seners,



leadingto overall low sener utilization [18]. The com-
poundedbverprovisioningof computeandcoolinginfras-
tructuredrives up initial andrecurringcosts. For every
Watt of power consumedy the computeinfrastructurea
moderndatacenterexpendsanotherone-halfto oneWatt
to powerthe coolinginfrastructurg23, 28].

In addition,the granularityof control providedin current
cooling solutionsmakesit dif cult to identify andelim-
inate the speci ¢ sourcesof cooling inef ciencies. Air

ow within a datacenteris comple, nonintuitive, and
easyto disrupt[23]. Changego the heatingsystem—
senersandotherhardware— orthe CRAC unitswill take
minutesto propagatehroughthe room,complicatingthe
procesof characterizingir o w within theroom.

Pastwork on datacenterthermalmanagementalls into
one of two cateories. First, optimizing the o w of hot
and cold air in the data center Second, minimizing
global power consumptiorandheatgeneration.The for-

mer approachesvaluatelayout of the computingequip-
mentin the datacenterto minimize air o w inef cien-

cies(e.g.,hotaislesandcold aisles)[28] or designintelli-

gentsystemcontrollersto improve cold air delivery [23].

The latterapproachefocuson location-oblvious,global
systempower consumption(total heatload) throughthe
useof global pover managemenfl2, 25, load balanc-
ing [11, 24], and power reductionfeaturesin individual
seners[14].

2.3 Temperature-aware Workload Placement

However, theseapproacheslo not addresghe potential
bene ts from controlling the workload (and henceheat
placementjrom thepointof view of minimizingthecool-
ing costs.Addressinghermalandpower issuesatthe IT
level — by incorporatingtemperature-relatethetricsin
provisioningandassignmentiecisions— is complemen-
tary to existing solutions.Thelastfew yearshave seena
pushto treatenegy asa rst-class resourcen hardware
andoperatingsystemdesign,from low-power processors
to OS schedulerg29, 31]. A facilities-avarelT compo-
nentoperatesat a ner granularitythan CRAC units. It
cannotonly reactto theheatsenersgeneratebut control
whenandwherethe heatarrives. During normal opera-
tions,atemperatures®arelT componentanmaintainan
efcient thermalpro le within the datacenter resulting
in reducedannualcoolingcosts.In the eventof athermal
emegengy, IT-level actionsincludescalingbackonsener
CPU utilization, scalingCPU voltageg14], migratingor
shifting workload[22, 11], andperforminga cleanshut-
down of selectedseners.

Figure 1 presentsaninformal sketchto illustratethe po-
tentialof thisapproachThecoolingcostsof adatacenter
areplottedasa function of the datacenterutilization —
increaseditilization producedarger heatloads,resulting

Best Placement
Worst Placement -------

Cooling Costs

Percent Data Center Utilization

Figure 1. Approximatetrendsin cooling costsasa datacen-
ter's utilization increases.Workload placemenialgorithmsaf-
fect cooling costshy the assignmenthoicesthey make. At the
extremeends— all senersidle andall senersused— thereare
no choices.However, atall othertimesthereexistsa bestanda
worstworkloadplacemenstrateyy.

in highercooling costs. At ary givendatacenterutiliza-
tion, thereis a bestandworstworkload placemenstrat-
egy. The differencebetweenthe two lines indicatethe
potentialbene tsfrom 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 workloadplacemento reducecoolingcosts.In

theformer, all senersareidle; in thelatter, all senersare
in use. In neithercasedo we have ary choicein how to
deploy workload. The bene ts from temperaturesaare
workload placementexist at intermediateutilization lev-

elswhenwe canchoosenow we placeourworkload. Typ-
ical datacentersdo not maintain100%utilization for ex-

tendedperiodsof time, insteadoperatingat mid-level uti-

lizationswherewe canleverageemperaturesaarework-
load placemenglgorithms[18].

The slopeand“knee” of eachcurnwe is differentfor each
datacenter andre ects the quality of the physicallayout
of thedatacenter For example,a “bestplacementcurve
with a kneeat high utilization indicatesa well laid-out
datacenterwith goodair o w. However, giventheinef -
cienciegesultingfrom thecoarsegranularityof controlin
purefacilities-basedpproachwe expectmostdatacen-
tersto exhibit a signi cant differencebetweernthe worst-
caseandbest-caseurves.

3 Workload PlacementPolicies

At ahighlevel, thegoalsof ary temperaturegarework-
loadplacemenpolicy areto



Prevent sener inlet temperaturesrom crossinga
pre-de ned“safe” threshold.

Maximizethetemperatur®f theair the CRAC units
pumpinto the datacenterincreasingheir operating
efciency.

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

3.1 Thermodynamics

The cooling cycle of atypical datacenteroperatesn the
following way. CRAC units operateby extracting heat
from the datacenterand pumpingcold air into theroom,
usuallythrougha pressurizedoor plenum.Thepressure
forcesthe cold air upward throughventedtiles, entering
theroomin front of the hardware. Fansdraw the cold air
inward and throughthe sener; hot air exits throughthe
rearof thesener. Thehotair rises— sometimewith the
aid of fansanda ceiling plenum— andis sucked back
to the CRAC units. The CRAC units force the hot air
pastpipescontainingcold air or water The heatfrom
the returningair transfersthroughthe pipesto the cold
substanceThenow-heatedsubstancéeavestheroomand
goesto a chiller, and CRAC fansforce the now-cold air
backinto the oor plenum.

Theef ciency of this cycle depend®n severalfactors,n-

cludingtheconductie substancandtheair o w velocity,

but is quanti ed by a Coefcient of Performance(COP).
The COPis the ratio of heatremoved (Q) to theamount
of work necessaryW) to remove thatheat:

Q
CoP = =
w
_ Q
W= COP

Thereforethework necessaryo remove heatis inversely
proportionalto the COP A higher COPindicatesa more
ef cient processtequiringlesswork to removeaconstant
amountof heat.For example,a coolingcycle with a COP
of two will consume50 kW to remove 100 kW of heat,
whereasa cycle with a COPof vewill consume20 kW
to remove 100kW.

However, the COPfor a coolingcycle is not constantjn-
creasingwith the temperatureof the air the CRAC unit
pushesnto the plenum.We achieve costsavingsby rais-
ing the plenum supply temperaturemoving the CRAC
unitsinto amoreef cient operatingange.Figure2 shovs
how the COPincreasesvith highersupplytemperatures
for atypical waterchilled CRAC unit; this curve is from
awaterchilled CRAC unitin theHP Utility DataCenter
For example,if air returnsto the CRAC unit at20 C and

T T
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COP = (O.OTJSS"T2 0.0008*T +0.458) ——
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CRAC Supply Temperature (C)

Coefficient of Performance (Heat Removed / Work)
N

Figure2: TheCoefcient of PerformancéCOP)curwe for the
chilled-water CRAC units at the HP Labs Utility DataCenter
As the targettemperaturef the air the CRAC pumpsinto the
oor plenumincreasesthe COPincreasesandthe CRAC ex-
penddessenepy to remove the sameamountof heat.

we remove 10 kW of heat,cooling thatair to 15 C, we
expend5.26kW. However, if we raisethe plenumsupply
temperaturéo 20 C, everythingin the datacenterwarms
by 5 C. Coolingthe samevolumeof air, now returningat
25 C,t0 20 C removesthesamel0kW of heat,but only
expends3.23kW. Thisis a power savings of almost40%.

Consequentlyour schedulingpolicies attemptto maxi-
mize cooling ef ciency by raisingthe maximumtemper
atureof theair comingfrom the CRAC unitsand o wing
into the plenum.Obviously, this hasto be donein aman-
ner that maintainspreventsthe sener inlet temperatures
from crossingtheir redliningthermalthreshold.

3.2 Terminology

At a fundamentalevel, we catayorize power allocation
algorithmsas either analog or digital. “Analog” algo-
rithms specify persener power budgetsfrom the contin-
uousrangeof realnumberq Pyt ¢ , Pmax ]. While analog
algorithmsprovide a detailedpersener budget,they are
hardto implementin practice.lt maybepossibleto meet
thesegoals— a datacenteroperatormay deploy ne-

grainedload balancingin a web farm [8], utilize CPU
voltagescaling[14], or leveragevirtual machineq1, 9]

for batchworkloads— butin practiceit is dif cult tomeet
andmaintainprecisetargetsfor power consumption.

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



gorithmwill createa list of senerssortedby their “de-
sirability”; the list orderingis x ed for a given cooling
con guration, but doesnot changefor differentdatacen-
ter utilization levels. Therefore|f datacenterutilization
jumpsfrom 50% to 60%, the senersselectedor useat
50% are a proper subsetof those selectedat 60% uti-
lization. Well-orderedalgorithmssimplify the processof
integrating cooling-avare featureswith existing compo-
nentssuchas SGE [4] or LSF [3], allowing us to use
commonmechanismsuchas schedulingpriorities. For
example, SGEallowstheadministratoto de ne arbitrary
“consumable’tesourcesndsimpleformulasto forcethe
schedulerto considertheseresourcesvhen performing
workloadplacementmodifying theseresourcesettingss
only necessargftera calibrationrun.

In this paper we focus on algorithmsthat addressthe
problemof discretepower states. We speci cally focus
on compute-intensie batchjobs suchasmultimediaren-
deringworkloads simulationspr distributedcomputation
run for severalhours[5]. Thesgobstendto useall avail-

ableCPU on a sener, transformingthe persener power
budgetsavailableto a datacenterschedulefrom a con-
tinuousrangeof [ Pyt 1 , Pmax ] to adiscretesetof power
statesf Posf , Pidgie , P1,:::, Pn 0, whereP; isthepower
consumeddy a sener fully utilizing j CPUs. Addition-

ally, they alsoprovide sufcient time for thethermalcon-
ditions in the room to reachsteady-state.If additional
power statesareconsideredSection5 discussefiow our

algorithmsscalein a straightforvardmanner

3.3 BaselineAlgorithms

We usethreereferencealgorithmsasa basisfor compari-
son.

UniformWorkload and Coolestinlets

The rst algorithmis UNIFORMWORKLOAD, an “intu-

itive” analog algorithm that calculatesthe total power
consumedy the datacenterand distributesit evenly to
eachof theseners.We choseahisalgorithmbecausegver
time, an algorithm that placesworkload randomly will

approachthe behavior of UNIFORMWORKLOAD. Each
sener in our datacenterconsumed 50 Watts whenidle
and285Wattswhenatpeakutilization. Thus,a40%UNI-

FORMWORKLOAD will place((285 150) 0:40)+ 150=

204 Wattson eachsener.

The secondbaselinealgorithm is COOLESTINLETS, a
digital algorithmthat sortsthe list of unusedsenershby
their inlet temperatures. This intuitive policy simply
placesworkloadon senersin the coldestpart of the data
center Suchan algorithmis trivial to deploy, given an
instrumentatiorinfrastructurethat reportscurrentsener
temperatures.

OnePassAnalog
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Figure3: CDF of senerexhaustemperaturefor thethreeref-
erenceworkloadplacementlgorithmsat 60% utilization. Both
COOLESTINLETSandONEPASSANAL OG baseworkloadplace-
mentdecisionson datacenterconditions. However, ONEPAS-
SANALOG hastheleastvariancein sener exhausttemperatures
(4 C) leadingto fewer heatbuildupsin the datacenter Less
varianceallows usto raise CRAC supplytemperaturegurther,
increasinghe COR without causinghermalredlining.

The last policy is ONEPASSANALOG, an analogrepro-
visioning algorithm basedon the theoreticalthermody-
namic formulation by Sharmaet al [27], modi ed with
thehelpof theoriginal authorgo allocatepoweron aper
sener basis. The algorithm works by assigningpower
budgetsn awaythatattemptgo createa uniformexhaust
pro le, avoiding the formationof ary heatimbalancesor
“hot spots”. A datacenteradministratorunsonecalibra-
tion phase,in which they placea uniform workload on
eachsener and obsere eachsener's inlet temperature.
Theadministratoselectsaareferencd power, outlettem-
peratureg tuple,f Prer, T g; this referencepoint can
be onesener, or the averagesener powver consumption
andoutlettemperaturavithin arow or throughouthedata
center With this tuple,we calculatethe power budgetfor
eachsener:

ouft

_ re

P = T.out
I

A sener's power budget,P;, is inverselyproportionalto

its outlettemperatureT " . Intuitively, we wantto add

heatto coolareasandremoveit from warmareas.

F)r ef

It is importantto note that ONEPASSANALOG responds
to heatbuildup by changingthe power budgetat the lo-
cationof theobsenedincreaselntuitively, thisis similar
to otherapproaches— includingthe motherboards ther
mal kill switch— in thatit addressethe obsenred effect
ratherthanthe cause.

Figure 3 shavs the CDF of sener exhausttemperatures
for thethreereferencewvorkloadplacemenglgorithmsin



ZONEBASEDDISCRETIZATION(N,V,H, )f
while selectedessthann senersf
GetS;, idle senerwith maxpower budget
Pneed = Prun PSi
Weightn eighoors =  Size{/) + sizeH)

Pshar e = Pneed =Weighty eighbor s

Within thesetwo-dimensionakzones,the heatproduced
by ZBD is similar to that producedby ONEPASSANA-
LOG. Therefore,ZBD is an effective discretizationof
ONEPASSANALOG by explicitly capturingheunderlying
goal of ONEPASSANALOG: creatinga uniform exhaust
pro le thatreducedocalizedhot spots. A discretization

PoachPghar e from eachof theH horizontalneighborsapproachthat doesnot take this goal into accountloses

( Pshar e) from eachof theV verticalneighbors

Figure 4: The core of the ZBD algorithm. n is the number
of senerswe want,V is the setof neighborsalongthe vertical
axis,H is the setof neighborsalongthe horizontalaxis, and

is theratio of power borroved pervertical to powver borroved
perhorizontal. P, y, is the amountof power necessaryo run
onesener at 100%utilization; Ps,; is the amountof power the
ONEPASSANALOG algorithmallocatesto seneri. In general,
Pr un PS

a datacenterat 60% utilization. A datacenterthatem-
ploys ONEPASSANALOG schedulinghaslessvariancen
its sener's exhausttemperatures;JNIFORMWORKLOAD
and COOLESTINLETS have sener exhausttemperatures
thatvary by asmuchas9 C - 12 C, whereasONEPAS-
SANALOG variesby lessthan4 C; this indicatesfewer
localized“hot spots”andheatimbalances.

3.4 Zone-BasedDiscretization (ZBD)

Our rst approachs basednthetheoreticaformulation
behindONEPASSANALOG [27]. Thisformulationassigns
heatinverselyproportionalto the sener's inlet tempera-
ture. However, it suffersfrom the dravbackthatit is ana-
log; it doesnotfactorin thespeci ¢ discretepower states
of currentseners:f Pige , :::, Py 9. Thereforethechal-
lengeis to discretizethe recommende@nalogdistribu-
tion to the available discretepower states. Our research
shaved that corventional discretizationapproaches—
onesthat are agnosticto the notion of heatdistribution
andtransfer— that simply minimize the absoluteerror,
canresultin worsecoolingcosts.

The key contribution of ZBD is that, in additionto min-
imizing the discretizationerror over the entire datacen-
ter, it minimizesthe differencesetweerits power distri-
bution and ONEPASSANALOG at coarsegranularitiesor
geographizones

ZBD choosesenersby usingthe notionsof proximity-
basedheatdistributions and poacing. When selecting
a sener on which to placeworkload, the chosensener
borraws, or “poaches”power from its zoneof immediate
neighborsvhosepower budgetis not alreadycommitted.

thebene tsof ONEPASSANALOG.

Figure4 describeghe coreof the ZBD discretizatioral-
gorithm. ZBD allows us to de ne a variable-sizedset
of neighborsalongthe horizontalandverticalaxes— H

andV — and , theratio of power taken from the ver
tical to horizontaldirections. Theseparametersenable
us to mimic the physicsof heat ow, as heatis more
likely to rise thanmove horizontally Consequently‘re-
alistic” poachingrunsset largerthanzero, borroning
moreheaily vertically from senersin theirrack.

Tablel shavstheoperatiorof ZBD atamicrolevel, bor-
rowing powerfrom four verticalandtwo horizontalneigh-
bors, giving the centersener enoughof a power budget
to operate. The total amountof power and heatwithin
the fteen-server group remainsthe same,only shifted
aroundslightly.

3.5 Minimizing Heat Recirculation (MinHR)

Our secondapproaclis a nen power provisioning policy
thatminimizestheamountof heatthatrecirculatesvithin
adatacenter:MINHR. Heatrecirculationoccursfor se/-
eralreasonsFor example,if thereis not enoughcold air
comingupfromthe oor, asenerfancansuckin air from
othersourcesusuallyhotair from overthetop or around
the side of racks. Similarly, if the air conditioningunits
do not pull the hot air backto thereturnventsor if there
areobstructiongo the air o w, hotair will mix with the
incomingcold air supply In all thesecasesheatrecircu-
lation leadsto increase#n coolingenegy.

Interestingly someof theserecirculationeffectscanlead
to situationswherethe obsened consequencef theinef-
ciency is spatially uncorrelatedwith its cause;in other
words, the heatventedby one machinemay travel sev-

eral metersbeforearriving at the inlet of anothersener.

We assertthat an algorithmthat minimizeshot air recir-
culationat the datacenterevel will leadto lower cooling
costs.Unlike ZBD, whichreactgo inef ciencies by low-

eringthepower budgetat the sitewhereheatrecirculation
is obsened, MINHR focuseson the causeof inef cien-

cies. Thatis, it may not know how to lower the inlet
temperatureon a given sener, but it will lower the total
amountof heatthatrecirculatesithin the datacenter

Thereforeunlike ZBD, we make no effort to createa uni-
form exhaustpro le. Thegoalsareto

minimize the total amountheatthatrecirculatese-
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(a) ONEPASSANALOG budgets.
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(b) SelectS; andits neighbos.
Preed = 68.12Watts.

184.61
184.44
178.38
189.25
193.41

203.67
203.70
285.00
203.76
203.72

207.15
207.41
199.80
207.82
207.89

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

Table1: The rst iterationof ZBD with n = 6, sizeH) = 2,
sizeV)=4,and = % Thesener with the highestpower bud-
get “poaches’power from its immediateneighbors. The total
power allottedto these fteen senersremainsconstantput we
nov have a sener with enoughpower to run at 100% utiliza-
tion. At theendof thisiteration,onesenerhasenoughpowverto
runafull workload;afteranothem 1 iterationswe will have
selectedurn seners.

fore returningto the CRAC units.

maximizethe power budget— andthereforethe po-
tentialutilization — of eachsener.

First, we needa way to quantify the amountof hot air
comingfrom a sener or a group of senersthatrecircu-
lateswithin thedatacenter Wede ne Q as

i=1

Tsup)

Here,n is the numberof senersin the datacentey C, is
the speci ¢ heatof air (a thermodynamiconstantmea-

suredwith units of %), m; is the mass ow of air
T" is the inlet temperaturefor

throughseneri in =,

|Pod|| @ HRF - [ Power, Q|
1 1000 2 0.050 250 125
2 400 5 0.125 625 125
3 250 8 0.200 1000 125
2 80 25 0.625 3125 125

Table2: HypotheticalMINHR calibrationresultsandworkload
distribution for a 40U rack of senersdivided into four podsof
10 senerseach. Qe during calibrationis 2 kW; the nal

workloadis 5 kW.

seneri, andTsyp is thetemperaturef the cold air sup-
plied by the CRAC units. In a datacenterwith no heat
recirculation— Q =0— eachT" will equalTsy .

Our workload placementlgorithmwill distribute power
relative to theratio of heatproducedo heatrecirculated:

Q
Qi
We run atwo-phasexperimento obtaintheheatrecircu-
lation data. This experimentrequiresanidle datacenter
but it is necessaryo performthis calibrationexperiment
onceandonly whenthereare signi cant changedo the
hardware within the datacenter;for example, after the
datacenterowner addsa nev CRAC unit or addsnew
racksof seners. The rst phasehasthe datacenterruna
referencevorkloadthatgenerates givenamountof heat,
Qref ; We alsomeasure Qy¢f , the amountof heatrecir-
culatingin the datacenter For the sale of simplicity, our
referencestatehaseachseneridle.

P

The secondphaseis a setof sequentiakxperimentshat
measurehe heatrecirculationof groupsof seners. We
bin the senersinto pods whereeachpod containss ad-
jacentseners; podsdo not overlap. We de ne podsin-
steadof individual senersto minimize calibrationtime
andto ensurethat eachcalibrationexperimentgenerates
enoughheatto createa measurableffect ontemperature
sensordn the datacenter In eachexperiment,we take
the next pod, j , andmaximizethe CPU utilization of all
its senerssimultaneouslyincreasinghetotal datacenter
power consumptiorandheatrecirculation.After the new
datacentempowerloadandresultingheatdistribution sta-
bilize, we measurghenew amountof heatgeneratedQ); ,
andheatrecirculating, Q;. With these we calculatethe
HeatRecirculation Factor (HRF) for thatpod,where

WRE = oGl
- _Q
Qj

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



Figure5: Layoutof the datacenter The datacentercontains
1120senersin 28 racks,arrangedn four rows of sezenracks.
Theracksarearrangedn a standarchot-aisle/cold-aisleon g-
uration[28]. Four CRAC unitspushcoldairintoa oor plenum,
which thenentersthe roomthrough oor ventsin aislesB and
D. Senersejecthotair into aislesA, C, andE.

from eachpod to get the SummedRecirculation Factor
(SRF). To calculatethe perpod power distributions, we
simply multiply thetotal powerloadby thatpod'sH RF,

dividedby the SRF. 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

this power distribution, eachpodwill recirculatethesame
amountof heat.

As before,we needto discretizethe analogrecommenda-
tionsbasedntheH RF valuesfor the power statesn the
seners. Theschedulethenallocatesvorkloadsbasedn
thediscretizedlistribution. Notethatthecomputedd RF
is a propertyof thedatacenterandis independentf load.

Table2 shovs anexampleof MINHR for a 40U rack of
1U senersdivided into four pods. The resultingpower
budgetdeadsto identicalamountsof heatfrom eachpod
recirculatingwithin the datacenter Althoughwe could
budgetmore power for the bottom pod to further mini-
mize heatrecirculation,but thatwould reducethe power
budgetsfor otherpodsandlesserthe numberof available
seners. Additionally, it is likely thatthe bottompod has
enoughpowerto runall 10senersat 100%utilization; in-
creasingts budgetsenesno purposeandinsteadreduces
theamountof power availableto otherseners.

4 Results

This sectionpresentsthe cooling costsassociatedvith
eachworkloadplacemengalgorithm.

4.1 DataCenter Model

Given the dif culties of running our experimentson a
large, available datacenter we usedFlovent[2], a Com-
putational Fluid Dynamics (CFD) simulator to model
workload placementlgorithmsand cooling costsof the
medium-sizeddata center shovn in Figure 5. This
methodologyhasbeenvalidatedin prior studieq27].

The datacentercontainsfour rows with seven40U racks
eachfor atotal of 28 rackscontainingl120seners.The
datacenterhasalternating“hot” and“cold” aisles. The
cold aisles,B andD, have vented oor tiles that direct
cold air upward towardsthe sener inlets. The seners
ejecthotair into theremainingaisles:A, C, andE. The
datacenteralso containsfour CRAC units, eachhaving
the COPcurve depictedin Figure2. EachCRAC pushes
air chilled to 15 C into the plenumat a rate of 10,000

%. The CRAC fansconsumel0O kW each.
ThesenersareHP ProliantDL360 G3s;eachlU DL360
hasa measuregower consumptionof 150W whenidle
and285W with both CPUsat 100%utilization. Thetotal
power consumedndheatgeneratedby the datacenteris
168 kW while idle and319.2kW at full utilization. Per
centutilization is measuredas the numberof machines
that are runninga workload. For example,when 672 of
the 1120senersareusingboth their CPUsat 100%and
the other448 areidle, the datacenteris at 60% utiliza-
tion. To save time con guring eachsimulation,we mod-
eledeachpair of DL360sasa 2U sener that consumed
300Wwhile idle and570Wwhile at 100%utilization.

Calculating Cooling Costs

At the conclusionof eachsimulation, Flovent provides
the inlet and exhausttemperaturdor eachobjectin the
datacenter We calculatethe cooling costsfor eachrun
basednamaximumsafesenerinlettemperatureT 1, ,
of 25 C, andthe maximumobsenedsener inlet temper
ature, T . We adjustthe CRAC supply temperature,
Tsup , BY Tag; , Where
Tag = Teare  Tmax
If Taq; is negative, it indicatesthata senerinlet exceeds
our maximumsafetemperatureln responsewe needto
lower Tgyp to bring the seners back below the system
redlinelevel.

Our coolingcostscanbe calculatedas

Q
= + P
COP (T = Tsup + Tadj ) fan

where Q is the amountof power the seners consume,
COP(T = Teup + Taqg) isour COPat Tsyp + Tagj,
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Figure 6;: ONEPASSANALOG is consistentlylow, indicating
a potential“best” cooling curve describedin Figurel. UNI-
FORMWORKLOAD performswell at low utilizations, but lacks
theability to reactto changingconditionsat higherutilizations.
CooLESTINLETS performswell at higher utilizations, but is
moreexpensve atlow-rangeandmid-rangeutilization.

calculatedfrom the curve in Figure 2, and Ps 5, is the
total power consumedyy the CRAC fans. Currentlywe
assume uniform Tgy, from eachCRAC dueto thecom-
plicationsintroducedoy non-uniformcold air supply;we
discussthesecomplications proposedsolutions,andon-
goingwork in Sectionb.

4.2 BaselineAlgorithms

Figure 6 shows the cooling costsfor our threebaseline
algorithms.UNIFORMWORKLOAD performswell atlow

utilization by not placing excessve workload on seners
thatit shouldnt. At high utilization, though, it places
workloadon all seners,regardlesof the effect on cool-

ing costs.In contrastwe seethat ONEPASSANAL OG per

formswell bothat high andlow datacenterutilization. It

reactsvell asutilizationincreasesscalingbackthepower

budgetonsenerswhoseinlet temperaturegcreaseThis

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 data center but

is about10% moreexpensve thanONEPASSANALOG at

low andmoderateutilization.

4.3 ZBD

Parameter Selection

For ZBD to mimic the behaior of ONEPASSANALOG,
we needto selectparametersghatre ect the underlying
heat o w. Heatrises,sowe setour to begreatetthanl,
andour vertical neighborhoodo belargerthanour hori-
zontalneighborhoodOur simulatedsenersare2U high;

ZoneSize | Avg Powver | 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

Table 3: Coefcient of variance(CoV) of differencesn zonal
power budgetshetweenONEPASSANALOG andthe UNIFORM-
WORKLOAD (UW) andthe ZBD algorithmsat 60% utilization.
Smallcoefcients indicatea distribution thatmimics ONEPAS-
SANALOG closely creatinga similar exhaustpro le.

thereforeour senersare8.89cm(3.5in) tall and60.96cm
(24in)wide. Sinceheatintensityis inverselyproportional
to thesquareof thedistancefrom thesourcejt makeslit-

tle senseto poachtwo senersor more(greaterthanone
meter)in eitherhorizontaldirection.Noting thatour rows
are 20 senershigh and 7 across,we maintainthis ratio
bothin poachingdistanceandpoachingratio. We setour
vertical neighborhoodo be threesenersin eitherdirec-
tion, andour to %. Theseparametersare simple ap-
proximationsjn sections we discussnethodsof improv-

ing uponZBD parameteselection.

Results

The next questionis whetherwe metour goalsof match-
ing the high-level power allocationbehaior of ONEPAS-

SANALOG. In orderto quantify the similarity of ary two

algorithms'power distributions,we breakeach40U rack
into successiely largerzones;zonesareadjacentanddo
not overlap. We sumthe seners' power allocationsto

getthat zones budget. Table 3 shows the perpod vari-

ancebetweerthe ONEPASSANALOG zonebudgetsthose
of UNIFORMWORKLOAD andZBD power distributions
areto the ONEPASSANALOG power budgetsat different
granularitiesUnsurprisingly UNIFORMWORKLOAD has
the largestvarianceat ary zonesize; it continuesto al-

locate power to eachsener, regardlessof room condi-
tions. However, ZBD closely mirrors the power distri-

bution budgetedoy ONEPASSANALOG.

Figure7 shavstherelative costsof ZBD againsburthree
baselinealgorithmsas we ramp up data centerutiliza-
tion. Like ONEPASSANALOG, ZBD performswell both
atlow andhigh utilizations.Mostimportantly we seethat
ZBD mimicsthe behaior andresultingcooling costsof
ONEPASSANALOG within two percent. Evenwith intu-
itive parameteselectiorandthe challengeof discretizing
the analogdistribution, we met or exceededhe savings
availableusingthe theoreticalbestworkload assignment
algorithmfrom previously publishedwork.
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Figure7: ZBD comparedo ourbaselinealgorithms.ZBD also
workswell at high andlow utilizations,stayingwithin * 3% of
ONEPASSANALOG.

4.4 MinHR

Calibration

The performanceof MINHR depend®n the accurag of
our calibrationexperiments. Our goalsin selectingcal-
ibration parametersor MINHR, suchas pod sizesand
our Qyef , wereto allow for areasonablealibrationtime
anda reasonablelegreeof accurag. If podsizesaretoo
small, we may have too mary podsandan unreasonably
long real-world calibrationtime — approximatelytwenty
minutesperpod— andthe  Q; maytotoosmallto cre-
ateary obsenablechange.Sincecalibrationtimesusing
Floventaresigni cantly longerthanin reallife — oneto
two hoursper pod — we chosea pod size of 10U. This
translateto a 1.35kW  Q;, aswe increasesachsener
from 150W to 285W. While smaller pods may give us
dataat a ner granularity the magnitudeof Q may be
too smallto give usanaccuratepictureof how thatpod's
heataffectsthe datacenter

Figure 8 demonstrategshe importanceof locating the
sourcef heatrecirculation. It shovs the warmest10%
of senerinletsfor our calibrationphaseandfor therecir
culationworkloadat the top pod of a rack on the end of
row 4. Eventhoughwe increasehetotal powerconsump-
tion of the senersby only 0.80%(1.35kW), the cooling
costsincreaseby 7.56%. A large portion of the hot ex-
haustfrom thesesenersdoesnot returnto a CRAC unit,
insteadreturningto theseners. Inletsatthetop of row 4
increaseby over1l C, andsenersatthe sameendof row
3 seeanincreasen inlet temperaturef over % C.

With MINHR, unlike ONEPASSANALOG, it wasnotnec-
essaryto performary form discretizationon the analog
power budgetsfrom. Figure9 shows the CDF of sener
power budgetswhile our datacenteris at 60% utilization.
In ONEPASSANALOG, of the 1120seners,only 84 fall

l -
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: /
S 096
2 [
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@ / i
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Figure8: CDF of the warmestten percentof sener inlets for
the MINHR phase-onealibrationworkload,andafteraddinga
total of 1.35kW to tensenersduringa phase-tw recirculation
workload. A 1 C increasein the maximumsener inlet tem-
peratureresultsin 10% higher cooling costs. This phase-tw
workloadwasat thetop cornerof row 4.

outsidethe operatingrangeof our DL360s,thusnecessi-
tatingtheuseof ZBD.

However, MINHR assigngowerbudgetshetweeri3and
3876 Watts per 1U sener, with only 160 falling within

the operatingrange;we chosesimply to sortthe seners
by their power budgetandchosethe X % with the highest
budgets,where X is our target utilization. We de ne

ANALOGMINHR asthe original, unrealisticpower dis-
tribution, and the sort-and-choos@as DIGITALMINHR.

For the sale of clarity, we de ne DIGITALMAXHR as
DIGITALMINHR in reversewe startat the bottomof the
list, usingtheworstcandidatesindmoving up.

Results

Figure 10(a) comparesour four previous algorithms
againstDIGITALMINHR andDIGITALMAXHR. At mid-

range utilization, DIGITALMINHR saves 20% over
ONEPASSANALOG, 30% over UNIFORMWORKLOAD,

andnearly40%overDIGITALMAXHR. Thecostsof each
algorithm are relatedto the heatrecirculationbehaiors
they cause At low utilization, DIGITALMAXHR quickly
choosesseners whoseexhaustrecirculatesextensiely,

whereas DIGITALMINHR does not save much over
ONEPASSANALOG; thisindicatesthatinitially ONEPAS-

SANALOG also minimizes heat recirculation. As uti-

lization increaseshowever, all algorithmsexceptDiGl-

TALMINHR endup placingload on senersthatrecircu-
late large amountsof heat; DIGITALMINHR knows ex-

actly which senersto avoid. At nearpeakutilizations,
however, DIGITALMINHR hasrun out of “good” seners
to use,driving up coolingcosts.
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(a) Coolingcostsfor our baselinealgorithms,ZBD, andbestand
worstheat-recirculatio-basedalgorithms.
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(b) The amountof heatrecirculating. Note that the increasein
heatrecirculationcloselymirrorstheincreasen coolingcosts.

Figure10: At mid-rangeutilizations,DiGITALMINHR costs20% lessthanONEPASSANALOG, 30%lessthan UNIFORMWORK -
LOAD andalmost40%lessthantheworstpossibleworkloaddistribution.
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Figure 9: CDF of ONEPASSANALOG and ANALOGMINHR

budgetsat 60% utilization. ONEPASSANALOG budgetsfall

within theDL360's operatingangethisfacilitatesZBD'szone-
baseddiscretization. The minimum and maximumANALOG-

MINHR budgetsare morethanan order of magnitudeoutside
this range,eliminatingthe needfor or effectivenesof ary dis-
cretizationalgorithm.

Figure 10(b) graphs Q for each algorithm. Diacl-
TALMINHR achievesits goal, minimizing recirculation
and cooling costs until there are no “good” seners
available. Corversely DIGITALMAXHR immediately
chooseshad” seners,increasingpower consumptiorby
30.2 kW and heatrecirculationby 18.1 kW. Note that
coolingcostsarecloselyrelatedto theamountof heatre-
circulatingwithin the datacenter

4.5 ZBD and MinHR Comparison

At a glance,DIGITALMINHR providessigni cant sav-
ingsover all otherworkloadplacementlgorithms.It di-
rectly addressesghe causeof datacentercooling inef -
cienciesandis constrainednly by the physicalair ow
designof the datacenter Unfortunately the calibration
phaseis signi cantly longerthanthe oneZBD requires.
A real-world calibrationof our modeldatacenterwould
take 56 hours;this is not unreasonablesthe entirecali-
brationrun would completebetweenFriday eveningand
Mondaymorning.However, acalibrationrunis necessary
wheneerthephysicalayoutof theroomchangesor after
a hardwareor coolingupgrade . Corversely ZBD is con-
sistentandthe best“reactive” digital algorithm. It only
requiresone calibrationexperiment;for our datacenter
this experimentwould completewithin a half-hout

Ultimately, the datacenterowner must decidebetween
long calibrationtimesandsavingsin coolingcosts.If the
cooling con guration or physicallayout of the datacen-
terwill notchangeoften,thena MINHR-basedwvorkload
placemenstratgy yieldssigni cant savings.

5 Discussion

Additional Power States

Our previous experimentassumeghe computerinfras-
tructureonly hadtwo power states:idle andused. How-
ever, mary datacentemanagemerninfrastructurecompo-
nents— suchasnetworkedpower switchespladecontrol
planesandWake-On-LAN-enabledEthernetcards— al-



# Off | Pover (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 leverageMINHR's sortedlist of sener “desir
ability” to selectsenersto turn off during 75% utilization. We
reducethe power consumeddy the computerinfrastructureby
12%,yetreducecooling costsby nearlyone-third.

low usto consider‘off” asanothempower state.Both the
algorithmscanleverageadditionalpower statesto allow
themto morecloselymatchtheanalogpower budgets.

To demonstratéhe potentialfor increasedmprovements,
we focus on someexperimentsusing the bestalgorithm
from the lastsection. DIGITALMINHR's perpod H RF
valuesallow usto sort senersby heatrecirculationand
power down or fully turn off the “worst” seners. Ta-
ble 4 presentghe resultsof turning 5, 10, and 15% of
the“worst” senersoff during 75%utilization while using
the DIGITALMINHR placementalgorithm. Initially the
computerinfrastructurewas consuming281.4 kW, and
expendingl87.9kW to removethisheat. Turningoff only
56 seners, 8.4 kW of computepower, reducescooling
costsby nearly one-sixth. MINHR with an “off' option
reducescooling costsby nearly anotherthird by turning
off 20%of the seners.

When comparedto the savings achieved by ONEPAS-
SANALOG over UNIFORMWORKLOAD, this approach
represents factorof threeincreasen thosecooling sav-
ings, reducing UNIFORMWORKLOAD cooling costshy
nearly 60%. Theselong-termsavings may be reduced,
however, by thedecreasetiardwarereliability causedy
power-cycling seners.

How far to perfection?

In this section,we compareour resultsto the absolute
theoreticalminimum costof heatremoval, asde ned by
physics. It is possibleto calculatethe absolutemini-
mum cooling costspossible giventhe COP curve of our
CRAC units. Assumewe formulatethe perfectworkload
placemenalgorithm,onethateliminateshotair recircula-
tion. In thatcase we have the situationdescribedn Sec-
tion 3.5: CRAC supplytemperaturegqualthe maximum
safesenerinlet temperaturesPluggingthe datafrom the

COPcurwein gure 2, we obtainWptimal 58

Figure 11 comparesall our workload placementalgo-
rithms againstthe absoluteminimum costs,as governed
by theaboreequation It shouldbenotedthattheabsolute
minimum represents realisticallyunobtainablepoint as
is evidentfrom thebene tsit canobtainevenatthe 100%
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Figure 11: Cooling costsfor all workload placementalgo-
rithms, ANALOGMINHR, andthe absoluteminimum costsfor
our datacenter

data point where there is no slack in workload place-
ment. However, in spiteof this, for our simpledatacen-
ter at mid-rangeworkloads, DIGITALMINHR achieres
over half the possiblesavingsascomparedo UNIFORM-

WORKLOAD. Thesesarings arethroughchangesa data
centeradministratorcan make entirely at the IT level in

software,suchasmodifying a batchqueueor othersener
assignmenscheduler Furthermoreasdiscussecarlier,

thesechangesare complementaryto otherfacilities ap-
proachesincludingimprovedracklocationsandcooling
con gurations.

Instrumentation and Dynamic Control

The work discussedn this paperassumesn instrumen-
tationinfrastructuran the datacentersuchasSplice[19]
that provides currenttemperatureand power readingsto
our algorithms. Relatedwork in the datainstrumenta-
tion spaceincludesPIER [15], Ganglia[26] and Astro-
labe [30]. Additionally, algorithmssuchas ONEPAS-
SANALOG, ZBD, andMINHR includecalibrationphases
based on past history,  These phasescould poten-
tially be spedby systematichermalpro le evaluations
through a synthetic workload generationtool such as
sstress  [20]. A moderately-sizedatacenterof 1000
nodeswill take abouttwo daysto calibratefully. At the
endof the calibrationphasehowever, whichwewill have
the power budgetsfor thatdatacenter Thesebudgetsare
constantunlessthe cooling or computationalkcon gura-
tion changessuchasby addingor removing seners.

Further thework discussedh this paperpertaingo static
workloadassignmenin a batchscheduleto reducecool-
ing costsfrom a heatdistribution perspectie. We as-
sumethatthecoolingcon gurationis notbeingoptimized
concurrently;in otherwords, CRAC units may not vary
theirsupplytemperaturegdividually, or changeheirfan



speedsat all. However, somedatacentersexist where
aggressie coolingoptimizationscould concurrentlyary
thecoolingcon gurations.

For thesescenarioswe are currently exploring 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 revealtherelationshipde-
tween cooling parametersand heat recirculationobser
vations, allowing us to expandthe usesof temperature-
aware workload placementto include such featuresas
emegeng actionsin theeventof CRAC unit failure. For
the time being, however, a datacenterowner could per
form one calibrationphasewith eachCRAC unit off to
simulatethe failure of that unit and obtain the relative
power budgetsandsenerordering.

6 Conclusion

Coolingandheatmanagemenrarefastbecomingthe key

limiters for emeging datacenterenvironments. As data
centersgrow during the foreseeablduture, we mustex-

pandour understandingf cooling technologyand how

to applythis knowledgeto datacenterdesignfrom an|T

perspectie. In this paper we exploretemperature gare
resourceprovisioning to control heatplacementfrom a
systemgerspectieto reducecoolingcosts.

We explorethe physicsof heattransferandpresenmeth-
odsfor integratingit into batchschedulersTo capturethe
comple thermodynamidehaior in the datacenter we
use simple heuristicsthat useinformation from steady-
statetemperaturdlistribution andsimplecause-d&ct ex-
perimentsto calibratesourcesof inef ciencies. To cap-
turetheconstraintsmposedby real-world discretepower
stateswe proposdocation-avarediscretizatiorheuristics
that capturethe notion of zonalheatdistribution, aswell
asrecirculation-baseglacement.Our resultsshav that
thesealgorithmscan be very effective in reducingcool-
ing costs.Our bestalgorithmnearlyhalvescooling costs
whencomparedo theworst-casescenarioandrepresents
a 165%increasen the savings available through previ-
ously publishedmethods.All thesesavings areobtained
purely in software without any additional capital costs.
Furthermore,our resultsshav that theseimprovements
canbelargerwith moreaggressie useof power statesas
is likely in futuresystems.

Though we focus mainly on cooling costsin this pa-
per, our algorithmscan also be appliedto otherscenar
ios suchasgracefuldegradationunderthermalemegen-
cies. In thesecasescomparedo longertimescalesasso-
ciatedwith themoremechanical-dsienfacilities control,
temperature-@areworkload placementansigni cantly

improve the responseo failuresandemepgencies.Simi-

larly, theprinciplesunderlyingour heuristicscanbelever-
agedin the context of morecomplex dynamiccontrol al-
gorithmsaswell.

In summaryasfuture datacentersevolve to includeever

largernumberof senersoperatingn increasinglydenser
con gurations,it will becomecritical to have heatman-
agementsolutionsthat go beyond corventional cooling

optimizationsat the facilities level. We believe that ap-
proacheslike ours that straddlethe facilities and sys-
temsmanagemenoundariego holistically optimizefor

power, heat,andcooling,will beanintegral partof future

datacentersolutionsto addresshesechallenges.
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