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Abstract— Over the last ten years we have witnesseda shift
fr om large mainframe computing to commodity, off-the-shelf
clusters of servers. Today's data centers contain thousands or
tens of thousandsof servers, providing servicesand computation
for tens or hundreds of thousandsof users. In addition to tra-
ditional IT challengessuch as server management,security, and
performance,data center owners now must deal with power and
thermal issues,previously the domain of facilities management.
Thesetr endswill continue to accelerateas organizationsacquire
bladed servers and consolidate multiple, smaller clusters into
centrally-located data centers.However, in spite of thesetr ends,
there has been no corresponding change in emphasis in the
methodsand toolkits that targetsysteminstrumentation, 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 fr om data centers, and use those traces as the
basis for repeatable and veri�able experiments and workload
emulation. Our work has two components:

� a location- and envir onment-aware extended knowledge
plane that placesthermal and power managementconcerns
at the same level as service performance, collecting and
analyzing facilities and performance data with particular
focus on causal relationships 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 present results fr om speci�c implementa-
tions and toolkits.

I . INTRODUCTION

As datacentersgrow in sizeandproliferate,we have seen
a wide range of applicationsevolve to take advantageof
this environment. Web farms with multiple tiers, multime-
dia renderingapplications,large-scalesimulations,and other
service-orientedworkloads now scale to tens of thousands
of servers. This new world presentschallengesto both the
owners of these data centersand the customersor users
who run the applications.Data centerowners must manage
facilities-level resources— suchas the power grid and com-
puter room air conditioning (CRAC) units — in addition to
traditional information technology(IT) level resources.Users
mustmanageapplicationsthatmayberunonsharedhardware,
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includingvirtual machinesandvirtual local areanetworks,and
in heterogeneousenvironments.

The scaleof this challengehas motivated recentwork in
frameworks for coordinatedmonitoring and control of large-
scalecomputinginfrastructures.Themostcommonapproaches
are basedon Monitor, Analyze, Plan, and Execute(MAPE)
control loops. Figure 1 provides a high-level overview of
theseprojects.An instrumentationinfrastructurelogs sensor
readings,which undergo data analysis. The results of the
analysisare fed to a policy engine,which createsa plan for
how to utilize resources.Finally, external interfacesto data
centerobjectsallow the administrator— or other actors—
to monitor the data centerand react to changingconditions
from remotelocationsin a rapid manner. For example,com-
mercialframeworkssuchasHP's OpenView andIBM' s Tivoli
aggregateinformationfrom a variety of sourcesandpresenta
graphicalmonitoringandcontrol interfaceto administrators.

Recentresearchfocuseson extendingthe stateof the art in
threesigni�cant ways.The�rst is to extendit to Internet-scale
systems,oftenusingasensormetaphorfor theinstrumentation,
and leveragingresearchin large-scalesensornetworks [11]
and querieson massive 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,
sincehumanoperatorsmaybeunableto assesseventsquickly
enoughto respondeffectively, there is increasinginterestin
“closing the loop” with tools to plan responses,and execute
them throughprogrammaticinterfaces(actuators)for system
management;for example, this is a key long-term goal of
initiatives for autonomiccomputingand adaptive enterprises
at IBM andHP respectively. Thesetrendscombinein the idea
of a “knowledgeplane” for the Internetandother large-scale
systems[5].

Physical information has an important role to play in
dynamic monitoring and control for data centerautomation
aswell, particularlywhencoupledwith performancemetrics.
As a motivatingexample,considerthe needto managepower
and cooling in a data center. The cost of energy to power
and cool the equipmentof a large data center is signi�cant
(e.g., $72,000 per month for a 40,000 sq. ft. facility[12]).
Moreover, technology trends are driving increasingpower
density, in part to reducecosts for spaceand cabling. As
a result, the infrastructurefor power and cooling is critical



Fig. 1. High-level view of moderndatacenteroperation.WorkloadÐ in the form of web requests,dataanalysis,multimediarendering,or
otherapplications– is placedin thedatacenter. An instrumentationinfrastructuremonitorsserver activity, network utilization, andpower and
temperaturestatus.A policy actor, eitheran administratoror managementsoftware,analyzestheobservations,andformulatesa management
plan. The actor leveragesexternalcontrol interfaces,or actuators, to implementthe plan.

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

A fundamentalchallengefacingtheseprojects,however, is
how to conducteffective scienti�c experimentsthat provide
insight into thesenew environments.There are a shortage
of methods and tools to obtain data and understandthe
interactionsbetweenobjects in the data center— from the
low-level facilities componentsto the high-level application
performance— and then validate or reject hypotheseson
how thesecomponentswill respondto future changesand
optimizations.If we areto apply the scienti�c methodto data
centermanagement,we must have the right tools to perform
repeatable,veri�able experiments,andmeasurethe results.

This work addressesa portion of this problemby present-
ing three tools that focus on data collection, analysis,and
workload emulation.Splice, our datacollection tool, enables
us to correlateobservationsacrossthe IT/facilities boundaries
and understandthe location-dependentaspectsof datacenter
management,such as the temperaturethroughout the data
center. Our dataanalysistool, SeASR, helpsusunderstandhow
objectsrespondandchangeduring experiments,andprovides
feedbackto Splice, enabling more ef�cient data collection
and retention. The �nal application, sstress, enables�ne-
grainedandrepeatablecontrolover server resourceutilization,
allowing us to explore the IT/facilities relationshipsin one
machine,or emulateworkloadplaybackacrossthedatacenter.

The rest of this paper is organizedas follows. SectionII
examinesthe requirementsfor our toolkit and the high-level
architecturefor each.SectionIII describesthe implementation
of eachtool and the assumptionsbehindour decisions.Sec-
tion IV presentssomeresultsand experimentsperformedto
examinethe facilities/IT boundary, andSectionV concludes.

I I . ARCHITECTURE

This sectiondescribesour approachto datacenterinstru-
mentation,statisticalanalysis,and workload emulation.The
instrumentationand analysisarchitecturesalso serve as the
basisfor anautomated,closed-loopcontrolcomponent,or site
authority [2].

A. Monitor

The design of Splice was guided by two emerging data
center trends. First, data centersare increasinglydynamic.
New equipmentis continually addedand existing equipment
is often recon�guredor removed; both kinds of changesmay
include adjustmentsto the supporting power, cooling, and
network infrastructure.Similarly, eachsuccessive generation
of equipmentoffersnew capabilitiesandnew features.Second,
with the drive towards larger datacentersand consolidation,
the numberof measurementpoints and objects within data
centerscontinuesto grow.

Thesetrendsdrive the following goals for the Splice data
model:

1) It must be extensibleto supportnew datasources,new
objects,andnew objectproperties.

2) It must archive a history of changesto the state of
the datacenterover time, althoughmost queriesapply
to the current state.In this context, state includesthe
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 any time in the past.

3) The architecturemust be scalableto large numbersof
objectsandattributes,and long histories.

Thedatacollectionand�ltering enginelogschangingvalues
of dynamic attributes for environmental and performance
metrics, such as CPU utilization, power draw, and CPU
temperaturefor a server, along with other information that
de�nes the stateof the datacenter.
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Splicegathersdatafrom many sourcesthatmaypublishdata
through different interfacesand with different formats. The
data collection engine includesmodulesthat implement the
requiredelementsof the communicationinterfaceassociated
with each such data source.For example, we have built a
communicationmodule to interface the engine to both the
Ganglia and OpenView ServiceReporterperformancetools,
aswell asto temperatureandpower sensorsusingproprietary
interfacesandOPC(OLE for ProcessControl),a standardthat
is widely usedin commercialsensorsfor processcontrol and
manufacturingautomation.

Along with eachsuchdataitem, the communicationinter-
facesalsogathera time stampcorrespondingto whenthe item
wasrecorded.Many sensorstimestampdataat the source;for
example,somesensorinterfacescachedata readingslocally
until the aggregator “pulls” it using operationsfor polling
and retrieval. In our current implementation,we rely on the
Network Time Protocol (NTP) for clock synchronizationof
server-hostedsensors.For sensorsthat producedata at reg-
ular intervals, Splice timestampseachreadinglocally before
enteringit in the database.

A secondrole performedby thedatacollectionand�ltering
engineis to �lter theincomingdatastreamsor �lter thevalues
alreadyrecordedin thedatabase.Filtering reducestheamount
of data that is storedin the database,improving scalability.
The amountof data impactsthe speedat which datacan be
insertedinto the database,and to a greaterdegree,the speed
at which datacanbe retrieved.

Splice usesa change-of-value �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 moreaggressive �lter is appliedto older
data thereby trading increasedinformation loss for greater
compressionratios. The �lter parametersare de�ned on a
per-data-sourcebasis.Somesensorsmayalso�lter continuous
readingsbeforepublishingvaluesfor a measurementinterval.

B. Analyze

With the instrumentationinfrastructureproviding attribute
data,thenext stepis dataanalysis.Our dataanalysisfalls into
two mainclasses:attributebehavior, andcorrelation.Attribute
behavior describesboththevalueof observedreadings,aswell
ashow thosevalueschangeover time.HiddenMarkov Models
(HMMs) are useful for this purpose,as they can summarize
both the distribution of observations and how the values
will change.Attribute behavior analysis can provide data
conduitsin theinstrumentationinfrastructurewith information
on how to establish�ltering policies. For example,analysis
may indicatethata majority of consecutive CPU loadaverage
readingsdiffer by lessthan12%,with a sharpdrop-off in the
distribution above that threshold;therefore,a �ltering policy
thatdiscardsa readingthat differs from the previously logged
readingby 12% will preserve a similar degreeof accuracy as
a different cutoff value (for example,an “intuiti ve” value of
10%), but will reducenecessarystoragespacesigni�cantly.

Datacorrelationmethodsdeterminewhich attributesaffect
other attributes and the strengthof those correlations.This

analysisis necessaryto determinetheminimumsetof control
points necessaryto control an indirectly managedattribute.
In our context, correlationis a relatively lightweight process
that determinesaccessrights for our external control points;
correlationwill not tell us how to control the attributes.For
example,ourcorrelationmethodswill let usknow thatambient
temperatureis a functionof serverCPUutilization, fanspeeds,
CRAC supplytemperature,and�oor vents,but is not a factor
of serverpowerconsumption;serversconsumepowerspinning
disks,but do not releasethe power asheat.

C. Emulation

Thereis a growing bodyof work that focuseson emulation.
As opposedto simulation— in whichall aspectsof thesystem
aremodeled— emulationallowsoneto leveragerealhardware
and applications,and simulate only portions of the world.
Similar to othertools,suchasModelNet[16] andEmulab[19],
we seekto emphasizethe “science” in computerscience;it
is important to conduct repeatabletests on live systemsto
quantify 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 servers and force another set of servers to
recreatethoseconditions.Fine-grainedcontrolover thesefour
attributes also enablesus to perform detailedanalysisof a
singleserver, includingtherelationshipbetweenutilizationand
power consumption.On a larger scale,we wish to be able to
analyzethe effect of differentworkloadplacementalgorithms
on IT andfacilities-level components,includingrequestqueue
sizesandCRAC cooling costs.

I I I . IMPLEMENTATION

This section describesthe implementationof the three
portionsof our workloadmonitoring,analysis,andemulation
toolkit.

A. Splice

Splice aggregatessensorand performancedata in a rela-
tionaldatabaseusingadatabaseschemathathasbeendesigned
to treat information that rarely changesin much the same
way as those that frequently change.That is, the schema
usesthe sameset of tables to store information that rarely
changes,suchas the physicalmemorysize of a systemand
the power circuit to which it is attached,andinformationthat
frequentlychanges,suchas the power consumptionandCPU
utilization of the system.In so doing, the schemaaddresses
our two extensibility and adaptabilitygoals.However, there
are two exceptions.First, we assumethat the size of objects
is immutable,andhence,this information is storedaspart of
the objectsde�nition. Second,we track separatelythe current
andpastlocationof objectsso as to reducethe time required
to accessthis importantparameter.

Turning to speci�cs, the databaseschemacompriseseight
tables,which areillustratedin Figure2. Theobjecttypestable
records the basic information about the types of object in
the datacenter, while the objectstable recordsthe instances
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Objects
• object id
• object type id
• location id
• parent object id
• is valid
• label
• description

Objects Deltas
• time
• object id
• location id
(new, old)

• parent object id
(new, old)

• event id

Input Types
• input type id
• units
• label
• description

Locations
• location id
• coordinate (x, y, z)
• label
• description

Readings
• time
• object id
• location id
• input type id
• value
• event id

Current Readings
• time
• object id
• location id
• input type id
• value
• event id

Events
• time
• event id
• object id
• type
• description

Object Types
• object type id
• size (x,y,z)
• label
• description

Fig. 2. Databaseschemaof the Splicearchitecture.

of each object type, its parentobject identi�er, its location
identi�er, andwhetherit is currentlypresentin thedatacenter.
Theparentobjectidenti�er is usedto specifyan“attached-to”
relationshipbetweentwo objects,suchas, that a systemis a
part of a rack,or a power grid connectionpoint connectsto a
particularsystem.If anobjectis moved,its earlierlocationand
“attach-to” relationshipis recordedin the object deltastable
beforethe new location is recordedinto the objectstable.

With theexceptionof 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 supportobjectsthataremobile,andthus,the
object identi�er alone is not suf�cient to locate the reading.
The input-typeidenti�er keys into the input typestable,which
providestheunits 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
extractthecurrentvalueof all properties,andhence,facilitates
agentsthat require real-timeaccessto the information, such
asmonitoring functionsor control systems.

Each of the above mentioned tables records a location
identi�er rather than spatial coordinates.This approachwas
chosento reducethe amountof duplicateinformation in the
database.Location identi�ers are mappedto spatial coordi-
natesby the locations table. 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 managementagent to
log an user-de�ned event. Event types may be stand-alone
occurrences(e.g.,a new systemwas installed),or may mark

the startandendof a sequence(e.g.,the cooling systemwas
down for a day).As such,theevent tableprovidescontext for
the other informationmaintainedin the database.

B. SeASR

We createdtheSensorAnalysisandSyntheticReproduction
toolkit (SeASR)to provideuswith awayto discoverimportant
statisticalpropertiesof observed sensorreadings.Using these
properties,we can createsynthetictracesfor use in various
experiments.SeASRwas written with Splice in mind – par-
ticularly Splice's �ltering capabilities– and includesfeatures
that allow us to analyzeandreproducedatastoredin a Splice
database.SeASRexamineshow readingschange,how often
sensorsupdatereadings,andinto whatrangeof valuesattribute
readingsfall.

Thestatisticalpropertiesof how attributevalueschangeare
crucial to the effectivenessof Splice's �lters, andallows both
administratorsandautomatedcomponentsto setoptimal per-
attribute �ltering parameters.Simple properties,such as the
mean and standarddeviation, are of limited use; one trace
whoseattributevalueschangeseldombut with greatvariation
may have an identical meanand deviation as anothertrace
whosevalueschangeoften but with little variation.The same
logic applies to how often the values change.Given these
observations,we make two assumptions.

� First, we assertthat the observeddistribution of attribute
valuedeltasandtime deltas— the time betweenconsec-
utive readings— for any one attribute type is eachthe
sumof oneor moreGaussiandistributions.In additionto
theobserveddistributions,wecreateapseudo-distribution
having a deltaof all zeros.Thuswe have

�

“states”the
delta can be in:

�����

observed Gaussiandistributions
and the all-zerosdistribution.

� Second,we assumethat thereis arecorrelationsbetween
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
Model to predicttheoddsthatonedistributionwill follow
another.

SeASR uses one-dimensionalExpectation Maximization
(EM) clustering,a commontechniquein machinelearning,to
createtheGaussiandistributionsthatserve asthebasisfor the
HMM. We use thesedistributions as input for the forward-
backward algorithm, which produces the Hidden Markov
Model [15]. Using the set of Gaussiandistributions and the
HMM, we use our mktrace tool to createa synthetic trace
of sensorreadings.The user can specify location, attribute,
and object identi�ers for eachtrace,as well as the start and
end times of the trace. Thesestatisticsand synthetic traces
areuseful in scalability tests,setting�ltering parameters,and
detectingunusualbehavior in future readings.

C. Sstress

Sstressis an applicationfor selectively utilizing partsof a
single machineor networked servers. It is a multi-threaded
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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 attempt to determinethe
effective speedof the system,including CPU speed,random
numbergeneratorspeed,andsystemcall overhead.This burn-
in processwill run for a few secondsandthenallow the user
to entercommands.Thereare threecommands— add,mod,
del — to control threadexecution.Whenaddinga thread,you
canspecify the attributesof the new worker thread.

We can specify the numberof concurrentprocessorloads
we want to run. While we can't explicitly assignload to each
CPUof anSMPsystem,we canhave multiple threadsrunning
with load, and hopefully the schedulerwill be smartenough
to distribute the load in an intelligent manner. The worker
threadsusealternatingperiodsof executing“add” instructions
in a tight loop with periodsof sleepingby using the SELECT

systemcall. Currently thereare 100 “slots” per second,and
sstresswill performone“add” cycle per percentof CPU time
requested.

We specify the numberof megabytesof RAM we want to
use.We do this by asking for the total megabytesof RAM
to allocate,the megabytesof the working set, and the delay
(in microseconds)before“touching” eachpagein theworking
set.Sstressattemptsto keepmemoryin RAM andout of swap
by performinga randomwalk throughthe working set.This
featureis not 100%effective, as it dependson the scheduler.
The MLOCK (memory lock) function is one possibility, but
requiresrootaccess;wecurrentlytry to avoid thatrequirement.

Sstresscanestablishmultiple I/O streamsto readandwrite
data from a given �le. For eachstream,we can specify the
�lename, the blocksizein kilobytes,and the numberof I/Os
per second.Sstresscan also establishmultiple I/O streams
over thenetwork. For eachstream,we canspecifytheaddress
andport of the remoteend, the transport(UDP or TCP), the
read/writemode,the packet size,and the I/O rate in packets
per second.

A networked version off sstress– netsstress– and a perl
script that emits sstresscommandsenablesdata center-wide
trace replay with these different policies. We used sstress
extensively in preliminary stagesof our temperature-aware
workloadplacementresearch.

IV. RESULTS

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

A. Instrumentationand Analysis

Herewe examinetheresultsof runningSpliceon two clus-
ters:HP's Utility DataCenter(UDC) andtheDuke Computer
Science“Devil Cluster”. The amountof dataarriving at the
databasefrom the conduitshasthe potentialto be very large;
after only six weeks the Duke databasehas over thirteen
millions rows, consuming800 MB in data and index �les.
Complex queriesover large datasetsneedto scalegracefully
if the data is to be useful. For a single Splice site to attain

suchscalabilitywe explorethebene�tsof simpledata�ltering
techniques.For example, we can often discard consecutive
identicalor near-identicalreadingsfrom a givensensor. In this
manner, we explore delta-value�ltering and age-deltavalue
�ltering .

In delta-value �ltering we take a value as it arrives at the
databaseandcompareit to thecurrentreadingfor that sensor.
If differencebetweenthe new valueandthe old value is less
than somethreshold,we discardthe new value. If they are
suf�ciently different, however, we add the new value to the
database.The amount a value is allowed to changebefore
we log a new entry is the sizeof the �lter . We tradeperfect
accuracy – de�ned as logging every readingarriving at the
database– for scalability. Splice allows us to establishper-
conduit and per-sensor-type �ltering policies, irregardlessof
any �ltering that may or may not occur on the other end of
the conduit.

Age-deltavalue �ltering is similar to delta-value �ltering,
but with theadditionof apostprocessing�lter . Thepostproces-
sor examineshistoricaldataandallows us to increasethesize
of the�lter for olderdata.Therationalebehindthisapproachis
thatasdatagetsolder theexactvaluesbecomelessimportant.
However, to ensurethatold datadoesnot indiscriminatelyget
�ltered out, thereis an upperboundon the coarsenessof the
�ltering granularity.

1) Exploring Filtering: Filtering is a tradeoff between
accuracy andspace,andherewe explorethecostsandbene�ts
of various�ltering parameters.

Figure 3 illustratesthe effect of these�ltering modesfor
three kinds of sensors:power, temperature,and one-minute
CPU load. The CPU data (Figure 3(a)) is presentedfor the
Duke facility while the power (Figure 3(b)) and temperature
(Figure3(c)) datais presentedfor the HPL facility.

For eachgraph,the line illustrating the no-�ltering default
caseshows a large increasein the numberof readingsover
a � ve-week period when comparedto simple delta-value
�ltering. For performancedata that is loggedclose to 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 respectively. Even one sensorthat logs one
readingevery otherminutewill generateover nine megabytes
of dataper year, not includingdatabasemetadata;onerack of
machinesat the HP UDC caneasily generateover a terabyte
of measurements.

Focusingon Figures3(a) and (b), the resultsindicatethat
the delta-value�lter is very effective at reducingthe database
size.For the � ve-weektotal, this methodreducesthe number
of readingsby almost85% for the CPU load (using a delta-
value-thresholdof 0.25 in the one-minuteCPU load-average)
and60%for thepower readings(usinga delta-value-threshold
of 10W). As evident from the slopes of the curves, the
compressionratio is fairly constantindicatingthat thereis not
too much variation for thesemetrics in the sampledata set
we considered.Figure3 alsoshows the compressionpossible
with the aged-value-deltaapproach.As expected, as time
progresses,theaged-value-deltaapproachaccomplishesbetter
compressioncomparedto the base delta-value method by
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(a) Performance (b) Power (c) Temperature

Fig. 3. Demonstratingthe ®ltering modesin Splice.

(a) Cooling costs for random placement,choosingthe coolest
inlets, andbestandworst heat-recirculation-based algorithms.

(b) The amountof heat recirculating.Note that the increasein
heatrecirculationcloselymirrors the increasein cooling costs.

Fig. 4. At mid-rangeutilizations,cooling costsfor a datacenterusingtemperature-awareworkloadplacementalgorithmsare30% lessthan
randomworkloadplacementandalmost40% lessthan the worst possibleworkloaddistribution [13].

virtue of its greatercompressionof older values.

Figure 3(c) representsan interestingcasewhere the data
collection agentalreadyincludessomenon-trivial amountof
basepre-�ltering. The OPCserver logs temperaturedataonly
whenthe temperaturedifferenceexceeds0.05 degreesF or if
more than a half-hour has elapsed.Also, the collected-data-
graphshows othervariationsin theslopedueto periodswhen
the temperaturesensorswereof�ine (days25-32)anddue to
other idiosyncrasiesof interactionsbetweenthe OPC server
and our conduit. In particular, when our conduit re-connects
with theOPCserver, theprotocolsendsout thecurrentvalues
of all sensorsirrespective of when the previous value was
logged. As seenfrom Figure 3(c), the delta-value and the
ageddelta-value�ltering methodsstill performbetterthanthe
default �ltering achieving almost77% to 98% compressions.

2) Temperature-Aware 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 serversthat returnsto the inlets of otherservers
before returning to the air conditioning cycle — for four
workload placementalgorithms in a simulated1,120-server
datacenter:randomplacement(which approachesa uniform

distribution over time), selectingthe servers in the coldest
portions of the room, and algorithms that attempt to mini-
mize andmaximizethe amountof heatrecirculation.Results
show that cooling costsin a moderately-sizeddatacenterare
signi�cantly lower when using temperature-aware workload
placement.Thesesavings can representtens to hundredsof
thousandsof dollarsper year.

The next stagein this researchis to apply thesealgorithms
to a real-world datacenter. Splice is a crucial componentin
this step,allowing us to performload-balancingin a way that
combinestemperaturereadingswith currentserver utilization.

B. Workload Emulation

Our work usingsstressandSeASRhave beenvery valuable
in quickly duplicatingcomplex IT environmentsto understand
andimproveresourceusagepatterns[9], [7]. A workloadman-
agementcomponentthat understandsthe detailedrelationship
betweenserver utilization and temperatureincreasewithin a
singleserver enablesa �ne-grained level of control over per-
server power allocations.The two primary factorsdictating
server power draw — and, consequently, the temperatureof
theexhaustair — arewhetheror not theserver is on, andthe
server's CPU utilization. Figure 5(a) shows the relationship
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(a) Using sstressto explore the relationshipbetweentarget
CPU utilization, power draw, and internal temperatureon an
HP DL360-G3. There is one sensorbetweenthe CPUs and
one nearthe PCI (I/O) slots.Boundingbarsrepresenta 90%
con®denceinterval.

(b) Power draw and averageinlet temperatureof a rack of
servers during an 8-hour experimentin the HP UDC. Sstress
drove the CPU utilization changes,and Splice capturedthe
relationshipbetweenpower draw and inlet temperatures.

betweenCPU utilization and temperatureincreasefor an HP
DL360G3with two HyperThread-capableprocessors,present-
ing four logical processorsto the OS. As sstressincreases
target CPU utilization, OS and hardware limitations prevent
it from reachingits goals; however, the server continuesto
draw more power. Userspaceperformanceis not necessarily
an accurateindicatorof power consumption.

On a larger scale,sstressallows us to explore the relation-
ship betweenCPU utilization and power at the granularity
of a rack of data centerserver. Figure 5(b) shows the total
power consumptionand averageinlet temperaturefor a rack
of serversduringan8-hourexperimentin theHPUDC. Wesee
the time-delayednatureof this correlation,as it takesseveral
minutesfor the increasesin server heatto propagatethrough
the data center, and several more minutes for the ambient
temperatureto cool after the server return to an idle state.

V. CONCLUSION

As enterpriseIT systemscontinueto respondto thechanges
in recent years, it becomesincreasingly important for cor-
respondingchangesin methodsand tools targeting system
instrumentation,analysis,replay, andemulation.In particular,
this paperfocuseson two key needs:the needfor monitoring
approachesthat addresssystem instrumentationholistically
acrossthe IT and facilities domains,and the needfor more
detailedand �e xible emulationof currentcomplex multi-user
andmulti-applicationconsolidateddatacenterenvironments.

To addressthe �rst need, our work develops the notion
of knowledge planesextendedto include location and spa-
tial information and environmental sensor information. As
an illustration of such an extended knowledge plane, we
architectthe Splice framework that combinesenvironmental
sensorreadingswith performancemeasuresall normalizedto a
commonspatialframeof reference.Our proposedarchitecture
includes a data communicationand �ltering engine and a
databaseschemaimplementedon top of a relationaldatabase

and is designedto supporteasyextensibility, scalability, and
supportfor the notion of higher-level objectviews andevents
in the datacenter.

To addressthe secondneed,we are developing a broader
data analysis and playback framework. Our data analysis
capturesattributebehavior trendsandinter-attributecorrelation
properties through the use of correspondingmathematical
techniques(Hidden Markov Models, EM clustering,etc) to
enableus to captureand condenseimportantstatisticalprop-
ertiesof systembehavior logs. Our dataplaybacktools seek
to recreatesystemresourceusageconditionsat speci�ed user
levelsof interest.As speci�c examplesof suchtools,we have
built the SeASR and sstressapplicationsand used them in
conjunctionwith Splice. SeASRworks in conjunctionwith
Splice to generatestatisticalsummariesthat enablemore ag-
gressive �ltering for scalability, detectionof aberrantbehavior
andgenerationof synthetictracesfor experimentation.sstress
usestraceinformationcollectedfrom Spliceto mimic resource
utilization behavior at the systemcomponentlevel.

Thoughthe discussionsin the paperprimarily focuson the
implementationaspectsof the tools,we have usedthesetools
in our ongoingresearchon power managementin enterprise
environments as well as in broader resourcemanagement
issueswith utility computingenvironments.Our experiences
validate the bene�ts from such a toolkit. For example, our
recentwork on temperature-awareresourceprovisioning [13]
demonstratesthat an instrumentationapproachlike Splicecan
facilitate optimizationsthat were otherwisenot possibleand
reducecoolingscostsin the datacenterby up to 40%.

While our work is a good�rst stepin this direction,we are
justbeginningto scratchthesurface,in termsof addressingthe
needsthat exist for suchtools. The functionality of extended
knowledgeplanessuchasSplicecanbesigni�cantly enhanced
by theconsiderationof additionaltopologicalrelationshipsthat
go beyond simple cooling provisioning - for examplepower
grid provisioning, network redundancy provisioning, etc. We
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arealsocurrentlyexploringadditionaltechniquesto strengthen
the mathematicalanalysisin our toolkits. Similarly, workload
playbacktools in thecontext of beingableto relateto higher-
level applicationresponsetimes is an openresearchquestion.
As current trendstowards increasedcomplexity in workload
anddatacentercon�gurationsfor enterpriseenvironmentscon-
tinue, it will becomeevenmoreimportantto addresstheneed
for correspondinglymore sophisticationin the methodsand
tools for analysis,replay, andemulation.
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