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Abstract

MB++ is a systemthat caters to the dynamicneedsof
applicationsin a distributed,pervasivecomputingenviron-
mentthat hasa widevarietyof devicesthat act asproduc-
ers and consumers of stream data. The architecture en-
compassesseveral elements:Thetypeserverallowsclients
to dynamicallyinject transformationcodethat operateson
datastreams.Thetransformationengineexecutesdata�ow
graphsof transformationson high-performancecomputing
resources. Thestreamservermanagesall data streamsin
thesystemanddispatchesnew data�ow graphsto thetrans-
formationenvironment.We haveimplementedthearchitec-
tureandshowperformanceresultsthatdemonstratethatour
implementationscaleswell with increasingworkload,com-
mensurate with the availableHPC resources. Further, we
showthat our implementationcanexploit opportunitiesfor
parallelismin data�ow graphs,aswell asef�ciently sharing
commonsubgraphsbetweendata�ow graphs.

1 Intr oduction

Novel sensors,handhelds,wearables,mobile phones,
and embeddeddevices enablethe creationof imaginative
pervasivecomputingapplicationsto assistusersin everyday
environments.However, many suchdevicesareconstrained
in processingcapability, memory, andpower consumption.
In contrast,high-performancesystems,suchasclustersand
grid resources,havemuchgreatercapabilitiesattheexpense
of sizeandmobility. While signi�cant advanceshave been
madein pervasive computingmiddleware, most solutions
tendto be handcraftedfor speci�c applicationsor speci�c
environments.Many systemssupportpervasiveapplications
with moderatecomputationalrequirements,but few aretar-
getedfor applicationsthat are both pervasive and require
full utilizationof high-performancecomputingresources.A
comprehensivesolutionrequiresnotonly facilitiesfor man-
agingdatatransport,but alsosupportfor managingandin-
stantiatingcomputationautomatically.

By combiningthe plethoraof new gadgetrywith high-
performancecomputing(HPC)resources,thereis anoppor-

tunity to expandthe scopeof pervasive computingappli-
cationsto domainssuchasemergency responseandtrans-
portationthat requirecomputationallyintensive processing
for whichtheedgedevicesmaynotbesuf�ciently equipped.
The following applicationscenariois intendedto represent
the more generalclassof applicationsthat MB++ is de-
signedto support:A metropolitan-areaemergency response
infrastructuremayhave datasourcesincluding traf�c cam-
eras,handheldor in-dashcomputersfrom local police, �re
andburglar alarmsin local buildings,aswell asa varietyof
otherroamingdatasources.In additionto simply capturing
suchdataandmakingit availableto humansfor monitoring,
the applicationwould alsouseHPC resourcesto moreex-
tensively analyzetheincomingdatain real-timeto perform
anomalydetectionandpotentiallypredict future problems
by monitoringeventsin differentlocations.Theadditionof
strongerdataanalysisrequiresharnessinga clusteror fed-
eratedgroupsof HPCresources,andamechanismfor auto-
maticallymanagingcomputation.

Pervasivecomputingapplicationssuchasthiswouldben-
e�t from an infrastructureproviding servicesthat integrate
solutionsto theseproblems. In particular, this infrastruc-
tureshouldbedesignedto supportapplicationsthatareboth
pervasiveandrequireextensiveprocessing,necessitatingthe
ef�cient useof HPCresources(e.g.computeclusters).Such
aninfrastructurewould leveragehigh-performancecomput-
ing resourcesin order to transformdatawhile it is being
transported.Transformationsarearbitrarycomputationson
data streams,not limited to simple format conversions–
commonexamplesincludedatafusion, featureextraction,
andclassi�cation.Theschedulingandexecutionof transfor-
mationsshouldbehandledby theruntimeandapplications
could be constructedin a straightforward mannerthrough
composition.With suchaninfrastructure,consumersof data
couldobtainthestreamsneeded,whenthey areneeded,and
in the form desired,leveragingthe ambientcomputingin-
frastructurecomposedof sensorsandHPCresources.

Prior work in this areatendsto beeitherfocusedon the
pervasive computingside, or on the side of servicecom-
position that usesHPC resources(seeSection6 for more
details).In ourwork, weexploretherequirementsof perva-



sivecomputingapplicationswith anon-trivial needfor HPC
resourcesandpresenta generalarchitecturefor addressing
suchapplications'needs.

MB++ is aninfrastructurethatallows pervasive comput-
ing devices to join and leave the systemdynamically, and
executesstreamtransformationson HPC resources.Some
of thegoalsof thesystemareto supportarbitrarytransfor-
mationsof datastreams(including fusion), to allow clients
to dynamicallyaddtransformationfunctions,andto sched-
ule transformationsin a mannerbalancingtheworkloadof
many consumers.Previouswork addressesinteroperability
of deviceswith differentcommunicationrequirements[10].
This architecturealso builds on previous work addressing
theproblemsof ef�cient datatransportto consumersrequir-
ing diversedatatypes[14].
Speci�cally, wemake thefollowing contributions:

² An architecturethat (1) allows clientsto dynamically
inject datatypesandtransformationfunctionsinto the
infrastructure,(2) enablesthedynamiccompositionof
transformationsto createcomplex data�ow graphs,(3)
executestransformationsin data�ow graphsthat re-
quire multiple inputs from different sourcestreams,
suchasdatafusionandfeatureextractors,(4) ensures
safeexecutionof transformationsby usingsandboxing,
and(5) managesavailablecomputationalresourcesby
schedulingthe executionof data�ow graphson HPC
resources.

² A prototypeimplementationof theMB++ architecture
andexperimentalevaluationof its capabilities.

Section2 discussesthe systemrequirementsin detail.
The architectureis presentedin Section3 and the MB++
implementationin Section4. Section5 givesanexperimen-
tal analysisof thetypeandtransformationsystems,followed
by relatedwork in Section6 andconclusionsin Section7.

2 Requirements

The natureof pervasive applicationsimposesa highly
dynamicenvironment,both in termsof applicationneeds
andresourceavailability, which leadsto an interestingset
of requirementsto be met by the infrastructurefor man-
agingstreamdataand transformationsthereof. Recall the
exampleapplicationscenariopresentedin Section1. One
applicationwithin that environmentmay allow authorities
to track a criminal during a burglary. Supposethe crimi-
nal trips analarmwhile enteringa store,which noti�es the
police. The police may have softwarethat actsasa client
to thepervasivesystem,anduponreceiving thisnoti�cation
submitsa requestto the systemto sendfeedsfrom all the
camerasthat can seethe criminal to the authorities. This
may requirecertainfunctionsthat are not alreadypresent
in thesystem,suchasa computervision algorithmthatde-
tectspeopleor analgorithmthatusesacollectionof motion
detectorsto �nd thepreciselocationof activity in thebuild-
ing. First, thepolicewould inject this codeinto thesystem.

Thenthey would composethe injectedcomponentsinto an
applicationthat producesthe desiredresult (i.e. tracking
the criminal) andsubmit that requestto the system.Since
this applicationmay have computationallyexpensive com-
ponents(e.g. computervision algorithms),the systemas-
signshigh-performancecomputingresourcesto run the al-
gorithms.Finally, thepolicecanreadtheoutputinformation
from lightweighthandheldor automotivedeviceswhile they
aredispatchedto thescene.

TheMB++ infrastructureis meantto facilitateinforma-
tion exchangeamongthe clients. At a minimum, it has
to provide conduitsfor datacommunicationbetweenpro-
ducersandconsumersof information.Pervasive computing
applicationstypically involve heterogeneousgadgetrythat
mayneeddifferentdataformatsfor thesamesourceof data.
For example,avideostreammaybeneededin Motion JPEG
by the automotive displayand in Java Media Formatby a
handhelddevice. Additionally, pervasive applicationsof-
tenrequiremorethanmereformatconversions:Many com-
pellingapplicationsrequirecontinuousandhighly-intensive
featureextractiononmultipledatastreams.For applications
thatrunonlightweightandmobiledevices,thecomputation
cost of thesetransformationsmay be prohibitive. There-
fore,aninfrastructurefor pervasive applicationsmustallow
transformationsto be run on high-performanceresources
notonly for purposesof dataformatconversion,but alsofor
featureextraction,datafusion,or any otherarbitrarytrans-
formationalgorithm.

As applicationsjoin the environment,the infrastructure
mustprovide thedatatypesandtransformationmethodsre-
quiredby theseapplications.Ratherthanrestrictinganap-
plicationto a setof prede�nedtransformations,which may
not meettheapplication's needs,theinfrastructuremustal-
low clientsto dynamicallyaddandremove transformations.
However, sincethis facility allowsclientsto injectcodeinto
the infrastructure,it is importantthat thecodealsobeplat-
form independentaswell assafe.

In our prior work [14], we presenteda minimal set of
services,namelystaticallyde�ned dataformat transforma-
tionsby theproducerof a stream.In this paperwe present
anarchitecturefor dynamicallyinjectingarbitrarytransfor-
mationcode,a generalstreamsharingframework, andan
infrastructurefor safelyexecutingtransformationson high-
performancecomputingresources.

3 Ar chitecture

Figure1 shows thearchitecturalelementsof thesystem,
which include: a typeserver, streamserver, andtransfor-
mationengine. Theclients(producersandconsumersof in-
formation)areon theedgeof thenetwork andconstitutethe
pervasive computingenvironment.Therestof thearchitec-
tural elementsareexpectedto behostedonHPCresources.

Client requestsfor adding and/or deleting transforma-
tions areroutedto the type server (labeled1 in Figure1).
Whena client requeststo executea setof transformations
on a stream,the streamserver dynamicallyinstantiatesthe
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Figure 1. Architecture and Contr ol Flow

necessaryplumbing,in termsof thestreamsources(labeled
2-9). The transformationengineexecutesthe transforma-
tionson theavailableresources(labeled10).

3.1 T yp e Serv er

Everystreamhasadatatypethatis indicativeof boththe
structureandsemanticsof the datastream.A datatype is
expressedasa setof extensibleuser-de�ned attributesthat
describethe necessaryaspectsof the type. A transformer
is thephysicalembodimentof a transformation.For exam-
ple, facedetectiononavideostreamis a transformationbut
a function that implementsthe facedetectionalgorithmis
a transformer. A transformeris expressedasa tuple con-
sisting of the expecteddata typesof the inputs, the code
implementingthe transformation,and the datatype of the
output,asshown in Figure2. Datatypesprovide informa-
tion aboutwhich streamsa transformercanoperateon,and
thereforeabouthow transformersmay be joined to create
largerdata�ow graphs.

Figure 2. Example Transf ormer

The type server stores information about data types
andtransformations,andallows clientsto dynamicallyadd
andremove bothdatatypespeci�cationsandtransformers.
More thanonetransformationbetweenthe samesetof in-

put andoutputtypesmay exist, provided therearedistinct
transformers(i.e. distinct code)qualifying eachsuchrela-
tionship.

3.2 Transformation Engine

The transformationengineis the logical entity respon-
sible for managingthe available resources.The transfor-
mation enginecomprisesa numberof transformationen-
vironments(TE) runningon differentHPCresources(such
asnodesin a cluster). EachTE is an independent,multi-
threadedprocessthat runs on a single computenodeand
executesdata�ow graphsassignedto it by the scheduler
(describedin the next section). The numberof TE canbe
scaledupor down dependingon theavailableresourcesand
theneedasdemonstratedby thenumberof transformations
to be performed. A data�ow graphrunning on a TE is a
long-runningentity that continuesto processstreamsuntil
theschedulersignalstheTE to stop.

One of the importantarchitecturalroles of a TE is the
safeexecutionof transformations.A TE serves to “sand-
box” the transformersby separatingthemfrom the restof
the system.Dependingon the implementationvehicle,the
TE sandboxingcanalsoconceallocal resources,suchasthe
�le systemandsystemcallsthatarenotnecessaryfor trans-
formerexecution.

The TE also provide platform independenceto trans-
formers,sincetransformerdevelopersmay not be able to
predicttheplatformonwhich thetransformermayberun.



3.3 Stream Serv er

The stream server is responsiblefor instantiatingall
streamsaswell assendingdata�ow graphsto the transfor-
mation enginefor execution. It includesa schedulerthat
determinesonwhich resourceseachnew transformationre-
questshouldbe run, andloadbalancesdata�ow graphsal-
readyrunningin thetransformationengine.

A data�ow graphidenti�es theinitial inputstreams(sup-
plied by producers),plusany transformationsto beapplied
to thosestreams,asshown in Figure3. A consumersubmits
a data�ow graphto requesttransformedstreamdatafrom
thestreamserver. Informationin thetypeserverallowsver-
i�cation of thedatatypesin thedata�ow graph.

Establishingthe plumbingfor a new data�ow graphin-
volvesthefollowing stepsasshown in Figure1: Any client
may submitdatatypesandtransformersto the type server
(1); herethe consumeris shown doing so prior to submit-
ting a new data�ow graph. The client submitsa data�ow
graphby makingtheappropriatecall to thestreamserver's
API (2). If thedata�ow graphrequirestransformation,the
streamserverestablishesanew streamfor thegraphresults,
called a consumerstream(3), and schedulesthe transfor-
mationsto beexecutedon a particulartransformationenvi-
ronmentby submittingthe data�ow graphto the queueof
commandsissuedto thatTE (4). Thenthestreamserver re-
spondsto the consumerwith the connectioninformationit
will needto begin readingfrom the new consumerstream
(5). Meanwhile,the transformationenvironmentreadsthe
transformationrequestfrom its commandstream(6) and
downloads the required transformercode from the type
server (7). Thenthe TE connectsto the producerstreams
thatit will usefor input (8) andtheconsumerstreamwhere
it will placethe resultsof the transformation(9). Finally,
theTE beginsexecutingthetransformationsontheproducer
streamdataandwriting the outputto the consumerstream
(10). Oncea TE beginsexecutinga transformationrequest,
it will continueto transformthosestreamsuntil it receivesa
commandto stopfrom thestreamserver.

Somedata�ow graphshaveastructurethatallowscertain
portionsto be executedin parallel, for example,the Face
DetectorandMotion Detectorin Figure3. To take advan-
tageof this, thestreamserver cansubmittheparallelizable
portionsto thetransformationenginesuchthat they will be
executedin parallel.It is alsopossiblethattwo or moredif-
ferentdata�ow graphsmay have a subsetof the graphsin
common.In sucha case,thecommonsubgraphmaybeex-
ecutedonly onceandtheresultsharedbetweenall data�ow
graphsthathave thissubgraphin common.

4 Implementation

In this section, we describethe statusof our current
MB++ implementation. All the componentsof the pro-
totype are implemented;however, we note wherethe im-
plementationof a componentlagsbehindthe architectural
speci�cationlaid out in theprevioussection.

4.1 T yp e Serv er

Thetypeserver is implementedin C++ andaccessedre-
motely by a lightweight client library that communicates
with the type server in an RPC-like fashion. The library
exposesmethodsto addandremove datatypesand trans-
formers,andto queryandretrieve transformercode.

The type server back-endis implementedusing a rela-
tionaldatabase.Storingdatain memoryfails to provideper-
sistence,in caseof acrash,shutdown, or migratingbetween
machines.Writing datato disk,on theotherhand,doesnot
provide thefeaturesof a database,suchastransactionalse-
manticsanda rich querylanguage(i.e. SQL).

4.2 Stream Serv er

The streamservermanagesthe necessaryplumbingbe-
tweenthe producersand consumersof the MB++ system
for theexecutionof thedata�ow graphs.It is implemented
asa multi-threadedC++ runtimesystem,assumingan un-
derlyinginfrastructuresupportfor reliabletimestampeddata
transportfor thestreams.Therequirementfor timestamped
streamtransportis met by a programmingsystemcalled
Stampede[13]. A Stampedeprogramconsistsof a dy-
namic collection of threadscommunicatingtimestamped
dataitemsthroughchannelsandqueues. Channelsprovide
randomaccessto items indexed by timestamps(including
specialwild cardvaluesfor timestampssuchas“get latest”
and“get earliest”);queuessupport�rst-in �rst-out seman-
tics for theitemscontainedin them.Thethreads,channels,
andqueuescanbelaunchedanywherein thedistributedsys-
tem, and the runtime systemtakes care of automatically
garbagecollectingthespaceassociatedwith obsoleteitems
from the channelsandqueues.D-Stampede[1] is the dis-
tributedimplementationin C of theStampedeprogramming
model,andallows Java,C, andC++ componentsof a given
applicationto sharechannelsandqueues.

Thestreamserver (implementedasa layeron top of the
D-Stampederuntime)maintainsa commandqueuefor each
transformationenvironment,implementedusingStampede
queues.Whena consumersubmitsa data�ow graphto the
streamserver, it follows thestepsoutlinedin Section3.3 to
passthegraphonto aparticulartransformationenvironment
usingits commandqueue.

Thestreamserver alsoincludesa scheduler. Uponsub-
missionof new data�ow graphs,it simply enqueuesthem
in thecommandqueuesof theTE in a roundrobin fashion.
However, the schedulingalgorithm can be changedeasily
withoutany changeto theoverallMB++ architecture.

An alternative to scheduling entire data�ow graphs
wouldbeto scheduleeachitemasit is createdby aproducer.
However, this approachintroducestoo muchoverheadinto
thecritical path.

Currently, theschedulerdoesnot performany advanced
analysisor veri�cation of the data�ow graphs,nor doesit
do any load balancingacrossthe TE. Parallelizablegraphs
maystill be run in separatethreadsof executionwithin the
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transformationengine,but it is up to the client submitting
the graphto explicitly specifyhow it is to be parallelized.
Theclient mayachieve this by submittinga data�ow graph
in separatepieces,whereeachparallelbranchis a distinct
data�ow graph.Likewise,thereis noautomaticdetectionof
data�ow subgraphsthatmaybesharedbetweenconsumers.
However, if two clientsareawareof eachotherin advance,
they may cooperateto createa sharingsituationusing the
samemechanism.

4.3 Transformers

TransformersareJava classesthat implementa common
interface. Despitethe superiorperformanceof native code
written in C or C++, Java is a better�t for thearchitectural
needsfor severalreasons.First,theJavasecuritymodelpro-
tectsthe MB++ systemfrom hostilecodewhich may per-
form unsafeactivities suchas local disk access,network
communication,creatingnew processes,loading dynamic
libraries,anddirectly calling a native method. Second,it
providesplatform independenceso that a transformermay
beimplementedonceandaddedto any MB++ instance,re-
gardlessof the underlyingplatform. Finally, the Just-In-
Time byte-codecompilation techniqueincluded in many
modernJVMs reducesthe performancedisparity between
Javaandnative codeimplementationsof transformers.

4.4 Transformation Engine

The transformationengineis a conceptualaggregation
of available computationalresourcesfor running transfor-
mationsin parallel on HPC resources.Eachparticipating
noderunsacontainerinstancecalleda transformationenvi-
ronment(TE). A TE runsin a Java Virtual Machine(JVM)
andexecutestransformersrepresentedasJavabyte-code.

A TE hasa mainthreadof executionwhosesolerespon-
sibility is handlingcommandsretrievedfrom theTE'scom-
mandqueue.Whenacommandrequeststhatanew data�ow
graphbe instantiated,thenecessarytransformercodeis re-
trieved from the type server and the transformersare in-
stantiated. Then a new Java threadis createdto execute
the data�ow graph. While the schedulingof Java threads
is JVM implementationdependent,somecommoncon�gu-
rations,suchastheSunJVM on Linux for SMP, allow true
concurrency on multiprocessorsystems.Therefore,a trans-

formation environmentmay executedata�ow graphscon-
currentlyon a multi-processor/multi-corearchitectureif the
underlyingsystem(JVM andOS)hasSMPsupport.

5 Performance

To demonstratethe performanceof MB++ we present
threeexperiments. The �rst is a set of microbenchmarks
for themostcommontypeserver requests.Thenext shows
the scalabilityof the transformationengineas the number
of data�ow graphsarevaried.The�nal experimentdemon-
stratesthe performanceimprovementgainedby paralleliz-
ing data�ow graphsandsharingcommonsubgraphs.

The type server runs on a RedHatEnterpriseLinux 4
(RHEL4) machineusingthe Linux 2.6.9SMP kernelwith
two hyperthreaded3.20 GHz Intel Xeon processors.The
streamserver andeachof the TE executeon clusternodes
that areRHEL4 machinesusingthe Linux 2.6.9SMP ker-
nelwith twohyperthreaded3.06GHzIntelXeonprocessors.
Thecluster's internalnetwork is Gigabit Ethernet.All pro-
ducersandconsumersarerun on a RHEL4 machineusing
the Linux 2.6.9 SMP kernel with two hyperthreaded3.06
GHz Intel Xeonprocessors.

For the latter two experiments,two video producersare
usedthat readvideo �les andplacethe video framesinto
their streams.Both producersexecutethe samecode,but
readfrom different video �les. In addition, they add the
FaceDetectionandMotion DetectionTransformersto the
typeserverprior to streamingvideo.Producersof livevideo
streamsarealsodeveloped,but wechoseto useprerecorded
videoin orderto make theexperimentmorereproducible.

The Motion Detection Transformer determines the
amountof motion in a video frameandoutputsthat value.
To accomplishthis, it keepsstate(independentlyfor each
instanceof the transformer)that containsthe pixels of the
previousframe,which it comparesto thecurrentframe.

TheFaceDetectionTransformerdeterminesthenumber
andpositionof any facesin a video frame. To accomplish
this, we useIntel's OpenCVlibrary which is not available
asJava byte-code.Thereis an executabledaemonwritten
in C, which is alreadypresenton thenodesrunningTE, that
receivesvideoframesvia IPC andreturnsthefaceinforma-
tion. For securityreasons,this would not be possibleon
a real deploymentof the system,andJava librarieswould
needto beusedto supporttransformers.
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API Call Time (ms) Std.Dev.
add type 80.8 0.619
add transform 82.9 4.107
query transforms 79.9 0.031

Table 1. Type Server Benc hmarks

Consumerclients submit the data�ow graphshown in
Figure 4, but submit the graphdifferently in eachexperi-
mentin orderto executetheentiredata�ow graphin serial,
in parallel,or with sharedsubgraphs.The consumersalso
provide theFaceSelectionTransformerto thetypeserver.

The FaceSelectionTransformertakestwo pairsof face
andmotionstreamsasinputs. It selectsthe videowith the
mostmotion (largestmotionstreamvalue),andreturnsthe
faceinformationfrom thecorrespondingfacestream.

5.1 T yp e Serv er Latency

The latency microbenchmarksarerecordedusinga pro-
gramthatactsasaclient to thetypeserverandmeasuresthe
end-to-endlatency for the threemostcommonrequests.In
orderto eliminatethevariableeffectof network latency, the
client wasexecutedon the samesystemasthe type server
usingthelocalhostloopbackIP address.

Table1 shows the latency associatedwith the requests.
Thesecallsareregularlyusedby producerswhenregistering
typesandby consumerswhenaddingnew transformersto
processstreams.However, they arenot in the critical path
of streamprocessingin thetransformationengine.

As the datademonstrates,clientscanaddtensof types
andtransformerspersecond,which is acceptablesincethey
areonly calledatset-uptime. In thetests,averysmallcode

sectionof 12 byteswas used. The actualadd transform
timewill increasewith thesizeof thecodecontainedwithin
the transformer, mainly due to network latency. Simi-
larly, network latency may affect the time to service a
query transformsrequestdependingonthenumberof trans-
formersthatarereturned.

5.2 Data°o w Graph Scaling

To demonstratescalingasthenumberof data�ow graphs
increases,we measuretheend-to-endlatency of theexecu-
tion of a data�ow graph. It is importantto note that this
includesnot only the time neededto executethe graphin
the transformationengine,but alsothe network communi-
cation. Eachmeasurementis takenat theproducerjust be-
forethedataitemis put in theStampedechannel,andonthe
consumerjust after the item is retrieved. Thedifferencein
thesemeasurementsis thelatency to transformasingleitem
(e.g. a video frame). The datapointspresentedbelow are
theaverageof thelatenciesencounteredwhile transforming
180items.In caseswith multiple consumers,thedatapoint
representstheaverageacrossall consumers.
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Data�o w Graphs

This experimentusestwo videoproducers,asdescribed
earlier, andthetransformationengineis comprisedof 8 TE,
eachrunningon a separateSMP clusternode. A variable
numberof consumerclients submit separatebut identical
data�ow graphs,as shown in Figure 4. The graphsfrom
differentconsumersareexecutedin parallelwith eachother,
but eachindividualgraphexecutesits transformersserially.

Theresultsareshown in Figure5, whereeachdatapoint
representsthemeanlatency of a singleitem. Little change
in latency is expectedwhile thenumberof data�ow graphs
is lessthanor equalto thenumberof processorsin thetrans-
formationengine. This is in fact what the resultsshow, as
thelatency changebetween1 consumerand16consumersis
only 10ms.However, latency beginsto degradeasthecom-
putationalresourcesbecomeloaded,asdemonstratedby a
55%increase(78ms)in latency from 16 to 32consumers.
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5.3 Data°o w Graph Parallelization

This experimentdemonstratesthe bene�t of paralleliz-
ing data�ow graphs. The setupis the sameas the previ-
ousexperimentexceptthat theconsumerclientssubmitthe
data�ow graphsso that the transformationengineexecutes
portionsof eachgraphin parallel. Eachconsumersubmits
theentiregraph,sothatthetotal numberof transformations
beingexecutedis still � ve per consumer, asshown in Fig-
ure 4. As a sideeffect, sequentialdataitemsarealsopar-
tially pipelined,sincethe Motion DetectionandFaceDe-
tectionTransformerscancomputeitemi + 1 in parallelwith
theFaceSelectionTransformercomputingitem i .

The performanceimprovement from parallelizing the
data�ow graphsshouldbesubstantialaslongasthecompu-
tationalresourcesarenotover-utilized. However, astheload
becomesheavy, the bene�t shoulddecreasesincethe sys-
temresources'limited capacityto do thework becomesthe
dominantfactor. Figure6 veri�es this hypothesisby com-
paringthe performanceof the parallelizeddata�ow graphs
with theserialversionof thesamegraphsfrom theprevious
experiment.With 4 consumerssubmittingdata�ow graphs
to the eight transformationenvironments,there is a 30%
decreasein latency by parallelizingthe graphs. However,
whenthesystemis loadedwith 12 consumerstrying to run
60 transformersin parallel,thereis only a 7.6%decreasein
latency.

5.4 Data°o w Subgraph Sharing

The �nal experimentshows how consumerswith com-
mon data�ow subgraphscan collude to reducelatency by
sharingthesesubgraphs.The consumerclients are simi-
lar to thoseusedin thedata�ow parallelizationexperiment,
except that eachof the �rst four subgraphs(the faceand
motiondetectionon thetwo videostreams)areinstantiated
only once. Eachconsumersubmitsits own faceselection

data�ow graph,but eachinstancetakesinput from thesame
four sharedsubgraphs.Therefore,for N clients the num-
ber of transformationsbeingexecutedis reducedfrom 5N
to only N + 4.

The primary differencebetweenthe sharedandparallel
casesis that the amountof computationrequiredincreases
more slowly as additionalconsumersare added. With 16
consumers,theserialandparallelcasesareboth taxing the
availableresourceswith 80 total transformations,while the
subgraphsharingcaseonly places20transformationsonthe
sixteenprocessors.Thereforethe latency shouldincrease
only aftermany moreconsumersjoin thesystemthanin the
parallelor serialexperiments.

Figure6 con�rms this by comparingtheshareddata�ow
graphlatency to the parallel and serial experiments. The
sharedexperimentshowsonly a2.8%increasein latency as
the numberof consumersincreasesfrom 1 to 16. With 16
consumers,thesharedgraphshave a latency of only 88ms,
while the parallelandserialexperimentshave latenciesof
132msand143ms,respectively.

6 RelatedWork

Piecesof the architecturalframework of MB++ canbe
foundin otherrelatedwork; however, acompositearchitec-
ture that representsa true marriageof HPC andthe perva-
sive computingenvironmentas envisionedin MB++ does
notexist to thebestof ourknowledge.

Much work in stream-handlingmiddleware focuseson
eithermultimediastreamsor sensorsstreams.IrisNet[11] is
amiddlewaredesignedto supportdatabase-oriented,sensor-
rich Internet applications,a subsetof applicationsrele-
vant to MB++'s domain. The Distributed Media Journal-
ing project [6] provides a middleware to supportthe live
indexing of mediastreams,de�ning applicationsin terms
of three typesof componenttransformations(�lters, fea-
ture extractors,or classi�ers) operatingon mediasources
or othertransformationoutputstreams.

Thereis a large body of work in more declarative and
domain-speci�cstreamprocessingsystemsusingdata�ow
graphsand transformationoperations. TelegraphCQ[2],
a continuousquery databasesystem,usesa combination
of SQL and a lower-level query languageto expressslid-
ing window basedcontinuousqueriesover streamingdata
sources.Otherstreamingdatabasesystemspresentstream
manipulationvia SQLbut donotutilize continuousqueries,
suchasGigascope[5]. Many domain-speci�candhigher-
level distributedprogramminglanguagesprovide elements
of streamprocessing,suchasSpindle[4] andSawzall [12]
(though Sawzall operateson storeddata setsrather than
streams). The actualdataprocessingmechanismis just a
pieceof the MB++ approachandwe seesuchdeclarative
processingwork ascomplementaryto ourgoals.

Solar[3] is amiddlewarefor event-driven,context-aware
applicationscomposedof eventstreamsand fusion opera-
tors.MB++ supportsstreamsof arbitrarydata,thusallowing
not only eventstreamsbut alsoothertypesof datastreams,



such as media streams. Solar also processesstreamsin
distributed planets rather than using HPC resourceslike
MB++. TheNinja Architecture[7] is a largeprojectencom-
passinga rangeof goalsrelatedto service-orientedapplica-
tions. Servicesareprovided by high-availability computa-
tional resources,like a cluster, calledbases. However, like
Solar, Ninja's primarymechanismfor processingstreaming
datais anoverlaynetwork of activeproxies.

Thereis alsoextensivework relatedto deliveringstream-
ing media contentwhere the streamsare transformedby
serviceoverlay networks or dynamicallycon�gured com-
posableservicesin orderto meetvaryingQoSdemandsof
consumers[8, 9, 15]. Many of theseworks also cite the
aforementionedNinja Architectureasa foundationaleffort
in servicecompositionas a mechanismfor creatingdis-
tributed applicationsfor this domain. All of theseframe-
works and systemsachieve similar goals as MB++ but
the applicationsthesesystemstendto supporthave differ-
ent characteristics. Applications are createdby dynami-
cally composingexisting availableserviceswith interposed
adaptersto resolve data format and protocol mismatches.
This approachtendsto favor more loosely-coupledappli-
cationswith greatergeographicdistribution, while MB++
favors more tightly-coupledand potentiallyhigher perfor-
manceapplications.

Our own prior work focusedon datastreamregistration
and discovery, and on transformationof data to different
formatsand�delities [14]. However, both the architecture
andtheimplementationof ourearliersystemwerelimited in
scope:(a)thearchitecturedid notsupportdynamicinjection
of arbitrary transformationsor fusion of multiple streams,
and (b) the implementationdid not fully exploit HPC re-
sourcesfor executingdata�ow graphs.

7 Conclusions

MB++ is an infrastructurethat establishesa union be-
tweenpervasive computingdevices and high-performance
computingresourcesin dynamicpervasive computingenvi-
ronments. At the heartof the architectureis a uniqueca-
pability for thedynamicinjection,composition,andexecu-
tion of streamtransformations.Thesystemhasbeenimple-
mentedandourexperimentalresultsshow thatperformance
scaleswith the numberof data�ow graphsbeingexecuted
andtheamountof computationalresourcesavailable.

Therearea numberof avenuesfor future research.An
online analysisof data�ow graphssubmittedto the stream
server would allow automaticdetectionof parallelizable
portions of the graph, as well as subgraphsthat can be
sharedwith othergraphsbeingexecuted. Adding priority
to data�ow graphswouldallow performancecommensurate
with their perceived importance. Federatingthe architec-
turewouldallow multipleMB++ instancesto work together
andsharestreams.Finally, deploying MB++ for a speci�c
real-world applicationwould provide valuableinsight into
its limits andcapabilities.
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