Data CenterWorkload
Monitoring, Analysis,and Emulation

JustinMoore Jef Chase

Departmentof ComputerScience
Duke University
justin,chase @dule.edu

Abstract— Over the last ten years we have witnesseda shift
from large mainframe computing to commodity, off-the-shelf
clusters of sewers. Today's data centers contain thousands or
tens of thousandsof sewers, providing sewicesand computation
for tens or hundreds of thousandsof users.In addition to tra-
ditional IT challengessuch as sewver management,security, and
performance, data center owners now must deal with power and
thermal issues,previously the domain of facilities management.
Thesetrendswill continue to accelerateas organizationsacquire
bladed servers and consolidate multiple, smaller clusters into
centrally-located data centers. However, in spite of thesetrends,
there has been no corresponding change in emphasisin the
methodsand toolkits that target systeminstrumentation, analysis,
management,replay, and emulation.

This paper seeksto addressthis gap. We focus on methods
and toolkits to enable the automated collection and analysis of
workload traces from data centers, and use those traces as the
basis for repeatable and veri able experiments and workload
emulation. Our work hastwo components:

a location- and ernvironment-aware extended knowledge
plane that placesthermal and power managementconcems
at the same level as sewice performance, collecting and
analyzing facilities and performance data with particular
focus on causalrelationships acrossthis boundary, and
data analysis and and workload playback methods that
allow detailed and exible emulation of enterprise-class
workloads.

We discussthe high-level architectural requirementsfor these
two componentsand presentresults from speci c implementa-
tions and toolkits.

|. INTRODUCTION

As datacentersgrow in size and proliferate,we have seen
a wide range of applicationsevolve to take adwantage of
this ervironment. Web farms with multiple tiers, multime-
dia renderingapplications,large-scalesimulations,and other
service-orientedworkloads now scaleto tens of thousands
of seners. This new world presentschallengesto both the
owners of these data centersand the customersor users
who run the applications.Data center owners must manage
facilities-level resources— suchasthe power grid and com-
puter room air conditioning (CRAC) units — in addition to
traditionalinformationtechnology(IT) level resourcesUsers
mustmanagepplicationghatmayberun on sharechardware,
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includingvirtual machinesandvirtual local areanetworks,and
in heterogeneousrvironments.

The scaleof this challengehas motivated recentwork in
framaworks for coordinatedmonitoring and control of large-
scalecomputinginfrastructuresThemostcommonapproaches
are basedon Monitor, Analyze, Plan, and Execute (MAPE)
control loops. Figure 1 provides a high-level overview of
theseprojects.An instrumentationinfrastructurelogs sensor
readings,which undego data analysis. The results of the
analysisare fed to a policy engine,which createsa plan for
how to utilize resourcesFinally, external interfacesto data
centerobjectsallow the administrator— or other actors—
to monitor the data centerand reactto changingconditions
from remotelocationsin a rapid manner For example,com-
mercialframewvorks suchasHP's OpenMew andIBM' s Tivoli
aggregateinformationfrom a variety of sourcesand presenta
graphicalmonitoring and control interfaceto administrators.

RecentresearcHocuseson extendingthe stateof the artin
threesigni cant ways.The rst is to extendit to Internet-scale
systemspftenusinga sensometaphoifor theinstrumentation,
and leveragingresearchin large-scalesensornetworks [11]
and querieson massie sensor elds [17], [8] for wide-area
infrastructuressuch as PlanetLab[18] or the Grid [6]. The
secondis to develop analysistools to recognizepatternsand
diagnoseanomaliesin the data[4], [3], [1], [10]. Finally,
sincehumanoperatoranay be unableto assesgventsquickly
enoughto respondeffectively, thereis increasinginterestin
“closing the loop” with tools to plan responsesand execute
them through programmaticinterfaces(actuators)or system
managementfor example, this is a key long-term goal of
initiatives for autonomiccomputingand adaptive enterprises
atIBM andHP respectiely. Thesetrendscombinein theidea
of a “knowledgeplane” for the Internetand otherlarge-scale
systemg5].

Physical information has an important role to play in
dynamic monitoring and control for data centerautomation
aswell, particularlywhen coupledwith performanceametrics.
As a motivating example,considerthe needto managepower
and cooling in a data center The cost of enegy to power
and cool the equipmentof a large data centeris signi cant
(e.g., $72,000 per month for a 40,000 sq. ft. facility[12]).
Moreover, technology trends are driving increasing power
density in part to reduce costs for spaceand cabling. As
a result, the infrastructurefor power and cooling is critical
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Fig. 1. High-level view of moderndatacenteroperation.Workloadb in the form of web requestsdataanalysis,multimediarendering,or
otherapplications- is placedin the datacenter An instrumentationnfrastructuremonitorssener actiity, network utilization, andpower and
temperaturestatus. A policy actor eitheran administratoror managemensoftware, analyzeghe obsenations,andformulatesa management
plan. The actor leveragesexternal control interfaces,or actuatos, to implementthe plan.

to reliability, and automatedmechanismsto control power
consumptionand cooling resourcesare essential.Combined
instrumentationis a prerequisitdor intelligentcontrolto adjust
a software-controlledcooling infrastructure[14], placework-
loadsto balancehermalloadandimprove enegy ef ciency, or
forecastthermaleventsandrespondby migratingor throttling
workloadsor failing over to backupsystems.

A fundamentakhallengefacing theseprojects,however, is
how to conducteffective scienti c experimentsthat provide
insight into thesenew ernvironments. There are a shortage
of methodsand tools to obtain data and understandthe
interactionsbetweenobjectsin the data center— from the
low-level facilities componentgo the high-level application
performance— and then validate or reject hypotheseson
how these componentswill respondto future changesand
optimizationsIf we areto applythe scienti ¢ methodto data
centermanagementywe must have the right tools to perform
repeatableyeri able experimentsand measurehe results.

This work addresses portion of this problemby present-
ing three tools that focus on data collection, analysis,and
workload emulation.Splice our datacollectiontool, enables
usto correlateobsenationsacrossthe IT/facilities boundaries
and understandhe location-dependeraspectsof datacenter
managementsuch as the temperaturethroughoutthe data
center Our dataanalysistool, SeASRhelpsusunderstandhow
objectsrespondand changeduring experiments and provides
feedbackto Splice enabling more ef cient data collection
and retention. The nal application, sstess enables ne-
grainedandrepeatableontrol over sener resourceutilization,
allowing us to explore the IT/facilities relationshipsin one
machine or emulateworkloadplaybackacrosghe datacenter

The rest of this paperis organizedas follows. Sectionl|
examinesthe requirementdor our toolkit and the high-level
architecturdor each.Sectionlll describegheimplementation
of eachtool and the assumptiondehind our decisions.Sec-
tion IV presentssomeresultsand experimentsperformedto
examinethe facilities/IT boundary and SectionV concludes.

Il. ARCHITECTURE

This sectiondescribesour approachto data centerinstru-
mentation,statistical analysis,and workload emulation. The
instrumentationand analysisarchitecturesalso sene as the
basisfor anautomatedglosed-loopcontrol componentpr site
authority [2].

A. Monitor

The designof Splice was guided by two emeging data
center trends. First, data centersare increasingly dynamic.
New equipmentis continually addedand existing equipment
is often recon guredor removed; both kinds of changesnay
include adjustmentsto the supporting power, cooling, and
network infrastructure.Similarly, eachsuccessie generation
of equipmenbffersnew capabilitiesandnew featuresSecond,
with the drive towardslarger data centersand consolidation,
the numberof measuremenpoints and objectswithin data
centerscontinuesto grow.

Thesetrendsdrive the following goalsfor the Splice data
model:

1) It mustbe extensibleto supportnen datasourcesnew
objects,and new object properties.

It must archive a history of changesto the state of
the datacenterover time, althoughmost queriesapply
to the currentstate.In this context, stateincludesthe
objectsthat comprisethe datacenter their locationand
other properties,how they are composited,and their
infrastructureconnectionpoints. As such, Splice must
enablean agentto retrieve the stateof the datacenter
at ary time in the past.

The architecturemust be scalableto large numbersof
objectsand attributes,and long histories.

Thedatacollectionand Itering enginelogschangingvalues
of dynamic attributes for ervironmental and performance
metrics, such as CPU utilization, power draw, and CPU
temperaturefor a sener, along with other information that
de nes the stateof the datacenter

2)

3)



Splicegathergdatafrom mary sourceghatmaypublishdata
through different interfacesand with different formats. The
data collection engine includes modulesthat implementthe
requiredelementsof the communicationinterface associated
with each such data source.For example, we have built a
communicationmodule to interface the engineto both the
Gangliaand OpenMew Service Reporterperformancetools,
aswell asto temperatureand power sensorsisingproprietary
interfacesandOPC(OLE for Proces<Control), a standardhat
is widely usedin commercialsensorgor processcontrol and
manufcturingautomation.

Along with eachsuchdataitem, the communicationinter-
facesalsogathera time stampcorrespondingo whentheitem
wasrecordedMany sensorgimestampdataat the source;for
example, some sensorinterfacescachedata readingslocally
until the aggreyator “pulls” it using operationsfor polling
and retrieval. In our currentimplementationwe rely on the
Network Time Protocol (NTP) for clock synchronizationof
sener-hostedsensorsFor sensorsthat producedata at reg-
ular intervals, Splice timestampseachreadinglocally before
enteringit in the database.

A secondole performedby the datacollectionand Itering
engineis to Iter theincomingdatastreamsr Iter thevalues
alreadyrecordedn the databasekFiltering reduceghe amount
of datathat is storedin the databaseimproving scalability
The amountof dataimpactsthe speedat which datacan be
insertedinto the databaseandto a greaterdegree,the speed
at which datacan be retrieved.

Splice usesa change-of-alue lter that retainsonly those
values that differ signi cantly from the previously logged
values; this reducesdata size signi cantly, with minimal
loss of information. Splice also supportsa variation of this
approachin which a moreaggressie lter is appliedto older
data thereby trading increasedinformation loss for greater
compressionratios. The Iter parametersare de ned on a
perdata-sourcéasis.Somesensorsnayalso Iter continuous
readingsbeforepublishingvaluesfor a measuremennterval.

B. Analyze

With the instrumentationinfrastructureproviding attribute
data,the next stepis dataanalysis.Our dataanalysisfalls into
two main classesattribute behaior, andcorrelation.Attribute
behaior describedoththevalueof obsenedreadingsaswell
ashow thosevalueschangeovertime. HiddenMarkov Models
(HMMs) are useful for this purpose,as they can summarize
both the distribution of obserations and how the values
will change. Attribute behaior analysis can provide data
conduitsin the instrumentatiorinfrastructurewith information
on how to establish Itering policies. For example, analysis
may indicatethat a majority of consecutie CPU load average
readingsdiffer by lessthan 12%, with a sharpdrop-of in the
distribution above that threshold;therefore,a ltering policy
that discardsa readingthat differs from the previously logged
readingby 12% will presere a similar degreeof accuray as
a different cutoff value (for example,an “intuitive” value of
10%), but will reducenecessargtoragespacesigni cantly.

Data correlationmethodsdeterminewhich attributesaffect
other attributes and the strengthof those correlations.This

analysisis necessaryo determinethe minimum setof control

points necessaryto control an indirectly managedattribute.

In our contet, correlationis a relatively lightweight process
that determinesaccesgights for our external control points;

correlationwill not tell us how to control the attributes. For

example,our correlationmethodswill let usknow thatambient
temperaturés a functionof sener CPU utilization, fanspeeds,
CRAC supplytemperatureand oor vents,but is not a factor

of sener power consumptionsenersconsumepower spinning

disks, but do not releasethe power as heat.

C. Emulation

Thereis a growing body of work thatfocuseson emulation.
As opposedo simulation— in which all aspect®of thesystem
aremodeled— emulationallows oneto leveragerealhardware
and applications,and simulate only portions of the world.
Similarto othertools,suchasModelNet[16] andEmulab[19],
we seekto emphasizethe “science” in computerscience;it
is importantto conductrepeatabletestson live systemsto
guantify the behavior of the systemswe design.

The desiredfunctionality is the ability to take a sequence
of CPU, memory disk, and network utilization gures for
one or more seners and force another set of seners to
recreate¢hoseconditions.Fine-graineccontrol over thesefour
attributes also enablesus to perform detailed analysisof a
singlesener, includingtherelationshipgbetweerutilization and
power consumptionOn a larger scale,we wish to be ableto
analyzethe effect of differentworkload placementlgorithms
on IT andfacilities-level componentsincluding requesijueue
sizesand CRAC cooling costs.

I1l. IMPLEMENTATION

This section describesthe implementationof the three
portionsof our workload monitoring, analysis,and emulation
toolkit.

A. Splice

Splice aggreyatessensorand performancedatain a rela-
tional databaseisinga databasschemahathasbeendesigned
to treat information that rarely changesin much the same
way as those that frequently change.That is, the schema
usesthe sameset of tablesto store information that rarely
changessuch as the physicalmemory size of a systemand
the power circuit to which it is attachedandinformationthat
frequentlychangessuchasthe power consumptiorand CPU
utilization of the system.In so doing, the schemaaddresses
our two extensibility and adaptability goals. However, there
aretwo exceptions.First, we assumehat the size of objects
is immutable,and hence this informationis storedas part of
the objectsde nition. Secondwe track separatelythe current
and pastlocation of objectsso asto reducethe time required
to accesghis importantparameter

Turning to speci cs, the databaseschemacompriseseight
tables,which areillustratedin Figure2. The objecttypestable
recordsthe basic information about the types of object in
the datacenter while the objectstable recordsthe instances
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Fig. 2. Databaseschemaof the Splice architecture.

of eachobject type, its parentobject identi er, its location
identi er, andwhetherit is currentlypresenin the datacenter
The parentobjectidenti er is usedto specifyan“attached-to”
relationshipbetweentwo objects,suchas, that a systemis a
partof arack, or a power grid connectionpoint connectgo a
particularsystemIf anobjectis moved,its earlierlocationand
“attach-to” relationshipis recordedin the object deltastable
beforethe new locationis recordedinto the objectstable.

With the exceptionof objectsizeandlocation,the readings
table recordsall the propertiesof the objects,both, as noted
above, those that are dynamic and those that are static.
For eachreading,this table recordsthe object that provided
the reading(e.g., a power meter a temperaturesensor),the
location identi er of the object, the input-type identi er of
the reading,and the readingvalue. The location identi er is
includedsoasto supportobjectsthatare mobile,andthus,the
objectidenti er aloneis not sufcient to locate the reading.
The input-typeidenti er keys into theinput typestable,which
providesthe units for the readingalongwith a descriptionand
label. Theseitems are useful to agents.Finally, the current
readingstable recordsthe latest reading for each property
A separatetable is provided to reducethe time requiredto
extractthe currentvalueof all propertiesandhence facilitates
agentsthat require real-time accesgo the information, such
as monitoring functionsor control systems.

Each of the abore mentionedtables records a location
identi er ratherthan spatial coordinates.This approachwas
chosento reducethe amountof duplicateinformationin the
databasel ocation identi ers are mappedto spatial coordi-
natesby the locationstable. The frame of referencefor the
spatial coordinatesis a top-level object, namely the data
center Multiple data centersmay be supportedby de ning
a non-overlappingregion of 3D spacefor each.

Finally, the events table allows a managementgentto
log an userde ned event. Event types may be stand-alone
occurrencege.g.,a new systemwas installed),or may mark

the startand end of a sequencée.g.,the cooling systemwas
down for a day). As such,the eventtable providescontext for
the otherinformation maintainedin the database.

B. SeASR

We createdthe Sensor Analysisand Synthetic Reproduction
toolkit (SeASR)to provide uswith away to discoverimportant
statisticalpropertiesof obsened sensorreadings.Using these
properties,we can createsynthetictracesfor usein various
experiments.SeASRwas written with Splice in mind — par
ticularly Splice's ltering capabilities— andincludesfeatures
thatallow usto analyzeandreproducedatastoredin a Splice
databaseSeASRexamineshow readingschange,how often
sensorsipdatereadingsandinto whatrangeof valuesattribute
readingsfall.

The statisticalpropertiesof how attribute valueschangeare
crucial to the effectivenessof Splice's Iters, andallows both
administratorsand automatedcomponentgo setoptimal per
attribute ltering parametersSimple properties,such as the
mean and standarddeviation, are of limited use; one trace
whoseattribute valueschangeseldombut with greatvariation
may have an identical meanand deviation as anothertrace
whosevalueschangeoften but with little variation. The same
logic appliesto how often the values change.Given these
obsenations,we make two assumptions.

First, we assertthat the obsened distribution of attribute
valuedeltasandtime deltas— the time betweenconsec-
utive readings— for ary one attribute type is eachthe
sumof oneor more Gaussiardistributions.In additionto

theobsenreddistributions,we createa pseudo-distribtion

having a deltaof all zeros.Thuswe have  “states”the
delta can be in: obsered Gaussiandistributions
andthe all-zerosdistribution.

Secondwe assumehatthereis are correlationsbetween
the  states.For example, the attribute whose values
changeseldombut with greatvariationwill have a high

probability that one zero delta will follow anotherzero
delta. We create an rst-order Hidden Markov

Modelto predictthe oddsthatonedistributionwill follow

another

SeASR uses one-dimensionalExpectation Maximization
(EM) clustering,a commontechniquein machinelearning,to
createthe Gaussiardistributionsthat sene asthe basisfor the
HMM. We use thesedistributions as input for the forward-
backward algorithm, which producesthe Hidden Markov
Model [15]. Using the set of Gaussiandistributions and the
HMM, we use our mktrace tool to createa synthetictrace
of sensorreadings.The user can specify location, attribute,
and objectidenti ers for eachtrace,aswell asthe startand
end times of the trace. Thesestatisticsand synthetictraces
areusefulin scalabilitytests,setting ltering parametersand
detectingunusualbehaior in future readings.

C. Sstess

Sstessis an applicationfor selectively utilizing partsof a
single machineor networked seners. It is a multi-threaded



application, accepting commandsfrom stdin and starting,
changing,or stoppingworker threads.Sstresscurrently sup-
ports four classesof worker threads:CPU, RAM, disk, and
network. On startup, sstresswill attemptto determinethe
effective speedof the system,including CPU speed,random
numbergeneratospeedandsystemcall overheadThis burn-
in procesawill run for a few secondsaandthenallow the user
to entercommandsThereare threecommands— add, mod,
del — to controlthreadexecution.Whenaddinga thread,you
can specify the attributesof the new worker thread.

We can specify the numberof concurrentprocessoloads
we wantto run. While we cant explicitly assignloadto each
CPU of an SMP systemwe canhave multiple threadsunning
with load, and hopefully the schedulemwill be smartenough
to distribute the load in an intelligent manner The worker
threadsusealternatingperiodsof executing“add” instructions
in a tight loop with periodsof sleepingby usingthe SELECT
systemcall. Currently there are 100 “slots” per second,and
sstresawill performone*“add” cycle per percentof CPU time
requested.

We specify the numberof megabytesof RAM we want to
use.We do this by askingfor the total megabytesof RAM
to allocate,the megabytesof the working set, and the delay
(in microsecondspefore“touching” eachpagein the working
set.Sstresattemptsdo keepmemoryin RAM andout of swap
by performinga randomwalk throughthe working set. This
featureis not 100% effective, asit dependson the scheduler
The mLock (memory lock) function is one possibility, but
requiresrootaccessye currentlytry to avoid thatrequirement.

Sstrescanestablishmultiple 1/0 streamdo readandwrite
datafrom a given le. For eachstream,we can specify the
lename, the blocksizein kilobytes, and the numberof 1/0s
per second.Sstresscan also establishmultiple 1/0 streams
over the network. For eachstreamwe canspecifythe address
and port of the remoteend, the transport(UDP or TCP), the
read/writemode, the paclet size,andthe I/O ratein paclets
per second.

A networked version off sstress— netsstress- and a perl
script that emits sstresscommandsenablesdata centerwide
trace replay with these different policies. We used sstress
extensiely in preliminary stagesof our temperature\aare
workload placementesearch.

IV. RESULTS

This sectionexaminesthe effectivenessof our instrumen-
tation and analysis components,and the e xibility of our
emulationtoolkit.

A. Instrumentatiorand Analysis

Herewe examinethe resultsof running Spliceon two clus-
ters:HP's Utility DataCenter(UDC) andthe Duke Computer
Science"Devil Cluster”. The amountof dataarriving at the
databasdrom the conduitshasthe potentialto be very large;
after only six weeksthe Duke databasehas over thirteen
millions rows, consuming800 MB in data and index les.
Complex queriesover large datasetsneedto scalegracefully
if the datais to be useful. For a single Splice site to attain

suchscalabilitywe explorethe bene ts of simpledata Itering
techniques.For example, we can often discard consecutie
identicalor nearidenticalreadinggdrom a givensensarin this
manney we explore delta-value Itering and age-deltavalue
Itering .

In delta-\alue ltering we take a value asit arrives at the
databas@ndcompareit to the currentreadingfor that sensor
If differencebetweenthe new value andthe old valueis less
than somethreshold,we discardthe new value. If they are
sufciently different, however, we add the new value to the
databaseThe amounta value is allowed to changebefore
we log a new entry is the sizeof the lter. We trade perfect
accurag — de ned as logging every readingarriving at the
database- for scalability Splice allows us to establishper
conduit and persensoitype ltering policies, irregardlessof
ary ltering that may or may not occur on the other end of
the conduit.

Age-deltavalue ltering is similar to delta-\alue ltering,
but with the additionof a postprocessindter . Thepostproces-
sor examineshistoricaldataandallows usto increasethe size
of the lter for olderdata.Therationalebehindthisapproachs
thatasdatagetsolderthe exactvaluesbecomdessimportant.
However, to ensurethatold datadoesnot indiscriminatelyget
ltered out, thereis an upperboundon the coarsenessf the
Itering granularity

1) Exploring Filtering: Filtering is a tradeof between
accurag andspaceandherewe explorethe costsandbene ts
of various Itering parameters.

Figure 3 illustratesthe effect of these Itering modesfor
three kinds of sensors:power, temperatureand one-minute
CPU load. The CPU data (Figure 3(a)) is presentedor the
Duke facility while the power (Figure 3(b)) and temperature
(Figure 3(c)) datais presentedor the HPL facility.

For eachgraph,the line illustrating the no- Itering default
caseshaws a large increasein the numberof readingsover
a ve-week period when comparedto simple delta-\alue

Itering. For performancedatathat is loggedcloseto every
two minutes, such as the one-minuteload average,this is
almost a factor of fourteen;for the baseun ltered graphs
for the temperatureand power data,the increasesare factors
of ve and ten respectiely. Even one sensorthat logs one
readingevery otherminutewill generateover nine megabytes
of dataperyear, notincluding databasenetadatapnerack of
machinesat the HP UDC can easily generateover a terabyte
of measurements.

Focusingon Figures3(a) and (b), the resultsindicate that
the delta-value lter is very effective at reducingthe database
size.For the ve-weektotal, this methodreduceshe number
of readingsby almost85% for the CPU load (using a delta-
value-thresholdf 0.25in the one-minuteCPU load-aserage)
and60% for the power readingqusinga delta-\alue-threshold
of 10W). As evident from the slopes of the curves, the
compressiomatio is fairly constantndicatingthatthereis not
too much variation for thesemetricsin the sampledata set
we consideredFigure 3 also shavs the compressiorpossible
with the aged-value-deltaapproach.As expected, as time
progresseghe aged-alue-deltaapproachaccomplishebetter
compressioncomparedto the base delta-\alue method by
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Fig. 4. At mid-rangeutilizations,cooling costsfor a datacenterusingtemperatureisare workload placemenglgorithmsare 30% lessthan
randomworkload placementand almost40% lessthan the worst possibleworkload distribution [13].

virtue of its greatercompressiorof older values.

Figure 3(c) representsan interestingcasewhere the data
collection agentalreadyincludessomenon-trivial amountof
basepre- Itering. The OPC sener logs temperaturalataonly
whenthe temperaturaifferenceexceeds0.05 degreesF or if
more than a half-hour has elapsed.Also, the collected-data-
graphshaws othervariationsin the slopedueto periodswhen
the temperaturesensorswvere of ine (days25-32) and due to
other idiosyncrasiesf interactionsbetweenthe OPC sener
and our conduit. In particulay when our conduit re-connects
with the OPCsener, the protocolsendsout the currentvalues
of all sensorsirrespectve of when the previous value was
logged. As seenfrom Figure 3(c), the delta-\alue and the
ageddelta-\alue Itering methodsstill performbetterthanthe
default Itering achieving almost77% to 98% compressions.

2) Tempeature-Avare Workload Placement: Currentwork
examinesthe relationshipbetweenworkload placementand
cooling costs[13]. Figures4(a) and4(b) comparethe cooling
costs and heat recirculation levels — the amount of heat
comingfrom senersthatreturnsto the inlets of otherseners
before returning to the air conditioning cycle — for four
workload placementalgorithmsin a simulated1,120-serer
datacenter.:randomplacementwhich approaches uniform

distribution over time), selectingthe seners in the coldest
portions of the room, and algorithmsthat attemptto mini-
mize and maximizethe amountof heatrecirculation.Results
shaw that cooling costsin a moderately-sizedlatacenterare
signi cantly lower when using temperatureaare workload
placement.Thesesasings can representensto hundredsof
thousandof dollars per year

The next stagein this researchis to apply thesealgorithms
to a real-world datacenter Splice is a crucial componentn
this step,allowing usto performload-balancingn a way that
combinesemperaturegeadingswith currentsener utilization.

B. Workload Emulation

Our work usingsstressand SeASRhave beenvery valuable
in quickly duplicatingcomplex IT environmentsto understand
andimproveresourcausagepatterng9], [7]. A workloadman-
agementomponenthat understandshe detailedrelationship
betweensener utilization and temperaturancreasewithin a
single sener enablesa ne-grained level of control over per
sener power allocations.The two primary factors dictating
sener power drav — and, consequentlythe temperatureof
the exhaustair — arewhetheror not the sener is on, andthe
sener's CPU utilization. Figure 5(a) shavs the relationship
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(a) Using sstressto explore the relationship betweentarget
CPU utilization, power draw, and internal temperatureon an
HP DL360-G3. Thereis one sensorbetweenthe CPUs and
one nearthe PCI (1/O) slots. Boundingbarsrepresenta 90%
con®dencentenal.

betweenCPU utilization and temperatur@ncreasefor an HP
DL360 G3with two HyperThread-capablgrocessorgpresent-
ing four logical processorgdo the OS. As sstressincreases
target CPU utilization, OS and hardware limitations prevent
it from reachingits goals; however, the sener continuesto
drav more power. Userspaceperformances not necessarily
an accurateindicator of power consumption.

On a larger scale,sstressallows us to explore the relation-
ship betweenCPU utilization and power at the granularity
of a rack of datacentersener. Figure 5(b) shaws the total
power consumptionand averageinlet temperaturdor a rack
of senersduringan8-hourexperimentin theHP UDC. We see
the time-delayedhatureof this correlation,asit takes several
minutesfor the increasesn sener heatto propagatehrough
the data center and several more minutes for the ambient
temperaturdo cool after the sener returnto anidle state.

V. CONCLUSION

As enterprisdT systemsontinueto respondo the changes
in recentyears,it becomesincreasinglyimportant for cor-
respondingchangesin methodsand tools targeting system
instrumentationanalysis replay andemulation.In particular
this paperfocuseson two key needsithe needfor monitoring
approacheghat addresssysteminstrumentationholistically
acrossthe IT and facilities domains,and the needfor more
detailedand e xible emulationof currentcomplex multi-user
and multi-applicationconsolidatedatacenterervironments.

To addressthe rst need, our work develops the notion
of knowledge planesextendedto include location and spa-
tial information and ervironmental sensorinformation. As
an illustration of such an extended knowledge plane, we
architectthe Splice framework that combineservironmental
sensoreadingswith performanceneasuresll normalizedo a
commonspatialframe of referenceOur proposedarchitecture
includes a data communicationand lItering engine and a
databaseschemamplementedon top of a relationaldatabase
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Avg Rack Inlet Temperature
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. . .
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(b) Power drav and averageinlet temperatureof a rack of

seners during an 8-hour experimentin the HP UDC. Sstress
drove the CPU utilization changes,and Splice capturedthe

relationshipbetweenpower drav andinlet temperatures.

andis designedto supporteasyextensibility, scalability and
supportfor the notion of highekrlevel objectviews and events
in the datacenter

To addresghe secondneed,we are developing a broader
data analysis and playback framework. Our data analysis
capturesttribute behavior trendsandinter-attributecorrelation
propertiesthrough the use of correspondingmathematical
techniques(Hidden Markov Models, EM clustering, etc) to
enableus to captureand condensémportantstatisticalprop-
ertiesof systembehaior logs. Our dataplaybacktools seek
to recreatesystemresourceusageconditionsat speci ed user
levels of interest.As speci ¢ examplesof suchtools, we have
built the SeASR and sstressapplicationsand usedthem in
conjunctionwith Splice. SeASRworks in conjunction with
Spliceto generatestatisticalsummarieghat enablemore ag-
gressie ltering for scalability detectionof aberrantoehavior
andgeneratiorof synthetictracesfor experimentationsstress
usedraceinformationcollectedfrom Spliceto mimic resource
utilization behaior at the systemcomponentevel.

Thoughthe discussionsn the paperprimarily focuson the
implementatioraspectof the tools, we have usedthesetools
in our ongoingresearchon power managemenin enterprise
ervironments as well as in broader resource management
issueswith utility computingenvironments.Our experiences
validate the bene ts from such a toolkit. For example, our
recentwork on temperature-aare resourceprovisioning [13]
demonstratethat aninstrumentatiorapproacHik e Splicecan
facilitate optimizationsthat were otherwisenot possibleand
reducecoolingscostsin the datacenterby up to 40%.

While our work is agood rst stepin this direction,we are
justbeginningto scratchthe surface,in termsof addressinghe
needsthat exist for suchtools. The functionality of extended
knowledgeplanessuchasSplicecanbesigni cantly enhanced
by the consideratiorof additionaltopologicalrelationshipghat
go beyond simple cooling provisioning - for example power
grid provisioning, network redundang provisioning, etc. We



arealsocurrentlyexploring additionaltechniquego strengthen
the mathematicaknalysisin our toolkits. Similarly, workload
playbacktoolsin the contect of beingableto relateto higher

level applicationresponsdimesis an openresearctyuestion.
As currenttrendstowards increasedcompleity in workload
anddatacentecon gurationsfor enterpriseervironmentscon-

tinue, it will becomeeven moreimportantto addresshe need
for correspondinglymore sophisticationin the methodsand
tools for analysis,replay and emulation.
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