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Abstract

MB++ is a systenthat catels to the dynamicneedsof
applicationsin a distributed, pervasivecomputingerviron-
mentthat hasa wide variety of devicesthat act as produc-
ers and consumes of streamdata. The architectue en-
compassesereral elementsThetypeserverallowsclients
to dynamicallyinject transformationcodethat operateson
datastreams.Thetransformationengineexecuteslata ow
graphsof transformationon high-performanceomputing
resouces. The streamservermanaesall data streamsin
thesystenanddispatthesnew data ow graphsto thetrans-
formationervironment.We haveimplementedhe architec-
tureandshowperformanceesultshatdemonstatethatour
implementatiorscaleswell with increasingworkload,com-
mensuate with the available HPC resouces. Further, we
showthat our implementatiorcan exploit opportunitiesfor
parallelismin data ow graphs,aswell asefciently sharing
commorsubgraphsbetweerdata ow graphs.

1 Intr oduction

Novel sensors,handhelds,wearables,mobile phones,
and embeddedlevices enablethe creationof imaginatize
penasive computingapplicationgo assistusersn everyday
ervironments.However, mary suchdevicesareconstrained
in processingcapability memory and powver consumption.
In contrasthigh-performanceystemssuchasclustersand
grid resourceshave muchgreatercapabilitiesattheexpense
of sizeandmobility. While signi cant advanceshave been
madein penasive computingmiddlevare, most solutions
tendto be handcraftedor speci c applicationsor specic
ernvironments.Marny systemsupporipenasie applications
with moderatecomputationatequirementshut few aretar
getedfor applicationsthat are both penasive and require
full utilization of high-performanceomputingresourcesA
comprehensk solutionrequiresnot only facilitiesfor man-
agingdatatransportbut alsosupportfor managingandin-
stantiatingcomputatiorautomatically

By combiningthe plethoraof new gadgetrywith high-
performanceomputing(HPC)resourcesthereis anoppor

tunity to expandthe scopeof penasive computingappli-
cationsto domainssuchasemepgeng responseandtrans-
portationthat requirecomputationallyintensive processing
for whichtheedgedevicesmaynotbesufciently equipped.
The following applicationscenarias intendedto represent
the more generalclassof applicationsthat MB++ is de-
signedto support:A metropolitan-areamegengy response
infrastructuremay have datasourcesncludingtrafc cam-
eras,handheldor in-dashcomputerdrom local police, re
andburglar alarmsin local buildings,aswell asa variety of
otherroamingdatasourcesIn additionto simply capturing
suchdataandmakingit availableto humangor monitoring,
the applicationwould also useHPC resourceso more ex-
tensvely analyzetheincomingdatain real-timeto perform
anomalydetectionand potentially predict future problems
by monitoringeventsin differentlocations.The additionof
strongerdataanalysisrequiresharnessing clusteror fed-
eratedgroupsof HPCresourcesanda mechanisnior auto-
matically managingcomputation.

Penasive computingapplicationsuchasthiswouldben-
et from aninfrastructureproviding servicesthatintegrate
solutionsto theseproblems. In particular this infrastruc-
tureshouldbe designedo supportapplicationghatareboth
penasive andrequireextensve processingnecessitatinghe
efcient useof HPCresourcese.g.computeclusters).Such
aninfrastructurenvould leveragehigh-performanceomput-
ing resourcesn orderto transformdatawhile it is being
transportedTransformationsarearbitrarycomputationon
data streams,not limited to simple format corversions—
commonexamplesinclude datafusion, featureextraction,
andclassi cation. Theschedulingandexecutionof transfor
mationsshouldbe handledby the runtimeandapplications
could be constructedn a straightforvard mannerthrough
composition With suchaninfrastructureconsumersf data
couldobtainthe streamseededwhenthey areneededand
in the form desired,leveragingthe ambientcomputingin-
frastructurecomposeaf sensorandHPCresources.

Prior work in this areatendsto be eitherfocusedon the
penasive computingside, or on the side of servicecom-
position that usesHPC resourcegseeSection6 for more
details).In ourwork, we exploretherequirementsf pena-



sive computingapplicationsvith anon-trivial needfor HPC
resourcesand presenta generalarchitecturdor addressing
suchapplications'needs.

MB++ is aninfrastructureghatallows penasive comput-
ing devicesto join andleave the systemdynamically and
executesstreamtransformationon HPC resources.Some
of the goalsof the systemareto supportarbitrarytransfor
mationsof datastreamgincluding fusion),to allow clients
to dynamicallyaddtransformatiorfunctions,andto sched-
ule transformationsn a mannerbalancingthe workload of
mary consumersPrevious work addressemteroperability
of deviceswith differentcommunicatiorrequirement$10].
This architecturealso builds on previous work addressing
theproblemsof ef cient datatransporto consumersequir
ing diversedatatypes[14].

Speci cally, we malke the following contritutions:

2 An architecturethat (1) allows clientsto dynamically
inject datatypesandtransformatiorfunctionsinto the
infrastructure(2) enableghe dynamiccompositionof
transformations$o createcomplex data ow graphs(3)
executestransformationdn data ow graphsthat re-
quire multiple inputs from different sourcestreams,
suchasdatafusion andfeatureextractors,(4) ensures
safeexecutionof transformation®y usingsandboxing,
and(5) managesvailablecomputationatesourcedy
schedulingthe executionof data ow graphson HPC
resources.

2 A prototypeimplementatiorof the MB++ architecture
andexperimentakvaluationof its capabilities.

Section?2 discusseghe systemrequirementsn detail.
The architectureis presentedn Section3 andthe MB++
implementationn Sectior4. Sections givesanexperimen-
tal analysioof thetypeandtransformatiorsystemsfollowed
by relatedwork in Section6 andconclusionsn Section?.

2 Requirements

The natureof penasie applicationsimposesa highly
dynamicervironment, both in termsof applicationneeds
andresourceavailability, which leadsto an interestingset
of requirementdo be met by the infrastructurefor man-
aging streamdataand transformationghereof. Recallthe
exampleapplicationscenariopresentedn Sectionl. One
applicationwithin that environmentmay allow authorities
to track a criminal during a burglary. Supposethe crimi-
nal trips an alarmwhile enteringa store,which noti es the
police. The police may have softwarethat actsasa client
to thepenasive systemanduponreceving this noti cation
submitsa requestto the systemto sendfeedsfrom all the
cameradhat can seethe criminal to the authorities. This
may require certainfunctionsthat are not alreadypresent
in the system suchasa computervision algorithmthatde-
tectspeopleor analgorithmthatusesa collectionof motion
detectorgo nd theprecisdocationof actiity in the build-
ing. First, the policewould inject this codeinto the system.

Thenthey would composeheinjectedcomponentsnto an
applicationthat producesthe desiredresult (i.e. tracking
the criminal) and submitthat requesto the system. Since
this applicationmay have computationallyexpensve com-
ponents(e.g. computervision algorithms),the systemas-
signshigh-performanceomputingresourcedo run the al-
gorithms.Finally, thepolicecanreadthe outputinformation
from lightweighthandheldbr automotve deviceswhile they
aredispatchedo thescene.

The MB++ infrastructureis meantto facilitateinforma-
tion exchangeamongthe clients. At a minimum, it has
to provide conduitsfor datacommunicationbetweenpro-
ducersandconsumersf information. Penasive computing
applicationstypically involve heterogeneougadgetrythat
may needdifferentdataformatsfor the samesourceof data.
For example avideostreanmaybeneededn Motion JPEG
by the automotve displayandin Java Media Formatby a
handhelddevice. Additionally, penasive applicationsof-
tenrequiremorethanmereformatcorversions:Many com-
pelling applicationgequirecontinuousandhighly-intensve
featureextractionon multiple datastreamsFor applications
thatrunonlightweightandmobiledevices,thecomputation
cost of thesetransformationanay be prohibitive. There-
fore, aninfrastructurefor penasive applicationamustallow
transformationgto be run on high-performanceesources
notonly for purpose®f dataformatcorversion,but alsofor
featureextraction,datafusion, or ary otherarbitrarytrans-
formationalgorithm.

As applicationgoin the ervironment,the infrastructure
mustprovide the datatypesandtransformatiormethodse-
quiredby theseapplications.Ratherthanrestrictingan ap-
plicationto a setof prede nedtransformationswhich may
not meetthe applications needstheinfrastructuremustal-
low clientsto dynamicallyaddandremove transformations.
However, sincethisfacility allows clientsto inject codeinto
theinfrastructurejt is importantthatthe codealsobe plat-
form independenaswell assafe.

In our prior work [14], we presenteda minimal set of
serviceshamelystaticallyde ned dataformat transforma-
tions by the producerof a stream.In this paperwe present
anarchitecturdor dynamicallyinjecting arbitrarytransfor
mation code,a generalstreamsharingframevork, and an
infrastructurefor safelyexecutingtransformation®n high-
performance&omputingresources.

3 Architecture

Figurel shaws the architecturaklementsf the system,
which include: a type server streamserver andtransfor
mationengine Theclients(producersandconsumersf in-
formation)areon the edgeof the network andconstitutethe
penasie computingervironment. Therestof the architec-
tural elementsareexpectedo behostedon HPCresources.

Client requestsfor adding and/or deleting transforma-
tions areroutedto the type sener (labeledl in Figurel).
Whena client requestgo executea setof transformations
on a stream the streamsener dynamicallyinstantiateghe
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Figure 1. Architecture and Control Flow

necessarplumbing,in termsof the streamsourceglabeled
2-9). The transformationengineexecutesthe transforma-
tionsontheavailableresourceglabeled10).

3.1 Type Server

Every streamhasa datatypethatis indicative of boththe
structureand semanticof the datastream. A datatypeis
expressedhsa setof extensibleuserde ned attributesthat
describethe necessanaspectof the type. A transformer
is the physicalembodimenbf a transformation For exam-
ple,facedetectionon avideostreamis atransformatiorbut
a function that implementsthe facedetectionalgorithmis
a transformer A transformeris expressedas a tuple con-
sisting of the expecteddatatypesof the inputs, the code
implementingthe transformation and the datatype of the
output,asshowvn in Figure2. Datatypesprovide informa-
tion aboutwhich streamsa transformeicanoperateon, and
thereforeabouthow transformeranay be joined to create
largerdata ow graphs.

Video Faces Present Al
arm
, Alarm Value (true/false) ‘
Video Motion Value

Figure 2. Example Transformer

The type server stores information about data types
andtransformationsandallows clientsto dynamicallyadd
andremove both datatype speci cationsandtransformers.
More thanonetransformatiorbetweenthe samesetof in-

put and outputtypesmay exist, provided thereare distinct
transformergi.e. distinctcode)qualifying eachsuchrela-
tionship.

3.2 Transformation Engine

The transformationengineis the logical entity respon-
sible for managingthe available resources. The transfor
mation enginecomprisesa numberof transformationen-
vironmentgTE) runningon differentHPC resourcegsuch
asnodesin a cluster). EachTE is an independentmulti-
threadedprocessthat runs on a single computenode and
executesdata ow graphsassignedto it by the scheduler
(describedn the next section). The numberof TE canbe
scaledup or down dependingntheavailableresourcesnd
the needasdemonstratethy the numberof transformations
to be performed. A data ow graphrunningon a TE is a
long-runningentity that continuesto processstreamsuntil
theschedulesignalsthe TE to stop.

One of the importantarchitecturalroles of a TE is the
safeexecutionof transformations.A TE senesto “sand-
box” the transformerdy separatinghemfrom the rest of
the system. Dependingon the implementatiorvehicle, the
TE sandboxinganalsoconcealocal resourcessuchasthe

le systemandsystemcallsthatarenotnecessarjor trans-
formerexecution.

The TE also provide platform independencéo trans-
formers, sincetransformerdevelopersmay not be ableto
predictthe platformon which thetransformemayberun.



3.3 Stream Server

The stream server is responsiblefor instantiatingall
streamsaswell assendingdata ow graphsto the transfor
mation enginefor execution. It includesa schedulerthat
determine®nwhich resourcegachnew transformatiorre-
guestshouldbe run, andload balanceglata ow graphsal-
readyrunningin thetransformatiorengine.

A data ow graphidenti es theinitial inputstreamgsup-
plied by producers)plusary transformationgo be applied
to thosestreamsasshavnin Figure3. A consumesubmits
a data ow graphto requesttransformedstreamdatafrom
thestreamsener. Informationin thetypesener allows ver
i cation of thedatatypesin thedata ow graph.

Establishingthe plumbingfor a nev data ow graphin-
volvesthefollowing stepsasshavn in Figurel: Any client
may submitdatatypesandtransformergo the type sener
(1); herethe consumelis shovn doing so prior to submit-
ting a new data ow graph. The client submitsa data ow
graphby makingthe appropriatecall to the streamsener's
API (2). If thedata ow graphrequirestransformationthe
streamsener establishes new streamfor thegraphresults,
called a consumerstream(3), and scheduleghe transfor
mationsto be executedon a particulartransformatiorervi-
ronmentby submittingthe data ow graphto the queueof
commandsssuedo that TE (4). Thenthe streamsener re-
spondsto the consumemvith the connectioninformationit
will needto begin readingfrom the new consumerstream
(5). Meanwhile,the transformatiorervironmentreadsthe
transformationrequestfrom its commandstream(6) and
downloads the required transformercode from the type
sener (7). Thenthe TE connectdo the producerstreams
thatit will usefor input(8) andthe consumestreanwhere
it will placethe resultsof the transformation(9). Finally,
the TE beginsexecutingthetransformationsntheproducer
streamdataandwriting the outputto the consumeistream
(10). Oncea TE bagins executinga transformatiorrequest,
it will continueto transformthosestreamsuntil it recevesa
commando stopfrom the streamsener.

Somedata ow graphshave a structurethatallows certain
portionsto be executedin parallel, for example, the Face
Detectorand Motion Detectorin Figure3. To take adwan-
tageof this, the streamsener cansubmitthe parallelizable
portionsto the transformatiorenginesuchthatthey will be
executedn parallel.lt is alsopossiblethattwo or moredif-
ferentdata ow graphsmay have a subsetof the graphsin
common.In sucha casethecommonsubgraphmaybe ex-
ecutedonly onceandtheresultsharedetweerall data ow
graphghathave this subgraphn 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-
plementatiorof a componentags behindthe architectural
speci cationlaid outin the previoussection.

4.1 Type Server

Thetype seneris implementedn C++ andaccessede-
motely by a lightweight client library that communicates
with the type sener in an RPC-like fashion. The library
exposesmethodsto add and remove datatypesand trans-
formers,andto queryandretrieve transformeicode.

The type sener back-endis implementedusing a rela-
tional databaseStoringdatain memoryfailsto provide per
sistencein caseof acrash shutdavn, or migratingbetween
machinesWriting datato disk, on the otherhand,doesnot
provide the featuresof a databasesuchastransactionase-
manticsandarich querylanguagdi.e. SQL).

4.2 Stream Server

The streamservermanageghe necessarplumbingbe-
tweenthe producersand consumerof the MB++ system
for the executionof the data ow graphs.It is implemented
asa multi-threadedC++ runtime system,assumingan un-
derlyinginfrastructuresupportor reliabletimestampedata
transportfor the streams Therequiremenfor timestamped
streamtransportis met by a programmingsystemcalled
Stampedd13]. A Stampedeprogramconsistsof a dy-
namic collection of threadscommunicatingtimestamped
dataitemsthroughchannelsandqueues Channelgrovide
randomaccesdo itemsindexed by timestampgincluding
specialwild cardvaluesfor timestampsuchas“get latest”
and“get_earliest”); queuessupport rst-in  rst-out seman-
tics for theitemscontainedn them. Thethreadschannels,
andqueueganbelaunchedarywherein thedistributedsys-
tem, and the runtime systemtakes care of automatically
garbagecollectingthe spaceassociatedvith obsoletatems
from the channelsand queues.D-Stampeddl] is the dis-
tributedimplementatiorin C of the Stamped@rogramming
model,andallows Java, C, andC++ component®f a given
applicationto sharechannelsandqueues.

The streamsener (implementedasa layeron top of the
D-Stampedeuntime)maintainsa commandjueuefor each
transformatiorervironment,implementedusing Stampede
gueues.Whena consumeisubmitsa data ow graphto the
streamsener, it follows the stepsoutlinedin Section3.3to
pasghegraphonto aparticulartransformatiorervironment
usingits commandjueue.

The streamsener alsoincludesa scheduler Uponsub-
missionof new data ow graphs,it simply enqueueshem
in thecommandjueuesf the TE in aroundrobin fashion.
However, the schedulingalgorithm can be changedeasily
withoutany changeto the overall MB++ architecture.

An alternatve to scheduling entire data ow graphs
wouldbeto scheduleachtemasit is createdy aproducer
However, this approachintroducesoo muchoverheadnto
thecritical path.

Currently the scheduledoesnot performary advanced
analysisor veri cation of the data ow graphs,nor doesit
do ary load balancingacrossthe TE. Parallelizablegraphs
may still berunin separatéhreadsof executionwithin the
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transformatiorengine,but it is up to the client submitting
the graphto explicitly specifyhow it is to be parallelized.
The client may achieve this by submittinga data ow graph
in separatepieces,whereeachparallelbranchis a distinct
data ow graph.Likewise,thereis no automaticdetectionof

data ow subgraphshatmaybe sharedbetweerconsumers.

However, if two clientsareawareof eachotherin advance,
they may cooperateo createa sharingsituationusing the
samemechanism.

4.3 Transformers

TransformersareJava classeghatimplementa common
interface. Despitethe superiorperformanceof native code
writtenin C or C++, Javais abetter t for thearchitectural
needdgor severalreasonsFirst,the Java securitymodelpro-
tectsthe MB++ systemfrom hostile codewhich may per
form unsafeactiities suchas local disk accessnetwork
communicationcreatingnewn processesloading dynamic
libraries, and directly calling a natve method. Second,it
provides platform independenceo that a transformemay
beimplementednceandaddedto ary MB++ instanceye-
gardlessof the underlying platform. Finally, the Just-In-
Time byte-codecompilation techniqueincluded in mary
modernJVMs reducesthe performancedisparity between
Javaandnative codeimplementation®f transformers.

4.4 Transformation Engine

The transformationengineis a conceptualaggreation
of available computationakesourcedor running transfor
mationsin parallelon HPC resources.Eachparticipating
noderunsa containeiinstancecalledatransformatiorenvi-
ronment{(TE). A TE runsin a Java Virtual Machine(JVM)
andexecutedransformersepresentedsJava byte-code.

A TE hasa mainthreadof executionwhosesolerespon-
sibility is handlingcommandsetrievedfrom the TE's com-
mandqueue Whenacommandequestshatanew data ow
graphbeinstantiatedthe necessaryransformercodeis re-
trieved from the type sener and the transformersare in-
stantiated. Then a new Java threadis createdto execute
the data ow graph. While the schedulingof Java threads
is JVM implementatiordependentsomecommoncon gu-
rations,suchasthe SunJVM on Linux for SMP, allow true
concurreng on multiprocessosystems.Therefore atrans-

formation ervironmentmay executedata ow graphscon-
currentlyon a multi-processor/multi-corarchitecturef the
underlyingsystem(JVM andOS)hasSMP support.

5 Performance

To demonstratehe performanceof MB++ we present
threeexperiments. The rst is a setof microbenchmarks
for the mostcommontype sener requests.The next shaws
the scalability of the transformatiorengineasthe number
of data ow graphsarevaried. The nal experimentdemon-
stratesthe performanceamprovementgainedby paralleliz-
ing data ow graphsandsharingcommonsubgraphs.

The type sener runs on a RedHatEnterpriseLinux 4
(RHEL4) machineusingthe Linux 2.6.9 SMP kernelwith
two hyperthreaded.20 GHz Intel Xeon processors.The
streamsener and eachof the TE executeon clusternodes
thatare RHEL4 machinesusingthe Linux 2.6.9 SMP ker
nelwith two hyperthreade8.06 GHz Intel Xeonprocessors.
Theclusters internalnetwork is Gigabit Ethernet.All pro-
ducersandconsumersrerun on a RHEL4 machineusing
the Linux 2.6.9 SMP kernelwith two hyperthreade®.06
GHz Intel Xeonprocessors.

For the latter two experimentstwo video producersare
usedthat readvideo les andplacethe video framesinto
their streams. Both producersexecutethe samecode, but
readfrom differentvideo les. In addition,they addthe
FaceDetectionand Motion DetectionTransformergo the
typesenerprior to streamingrideo. Producerf live video
streamsarealsodeveloped but we choseto useprerecorded
videoin orderto make the experimentmorereproducible.

The Motion Detection Transformer determinesthe
amountof motionin a video frameandoutputsthat value.
To accomplishthis, it keepsstate(independentlyfor each
instanceof the transformer)that containsthe pixels of the
previousframe,which it comparego the currentframe.

The FaceDetectionTransformerdetermineghe number
andpositionof ary facesin a videoframe. To accomplish
this, we uselntel's OpenCVlibrary which is not available
asJava byte-code.Thereis an executabledaemonwritten
in C, whichis alreadypresenbnthenodesunningTE, that
recevesvideoframesvia IPC andreturnsthefaceinforma-
tion. For securityreasonsthis would not be possibleon
a real deploymentof the system,and Java librarieswould
needto be usedto supporttransformers.
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API Call Time (ms) Std. Dev.

add type 80.8 0.619
add transform 82.9 4.107
guerytransforms 79.9 0.031

Table 1. Type Server Benc hmarks

Consumerclients submit the data ow graphshaown in
Figure 4, but submitthe graphdifferently in eachexperi-
mentin orderto executethe entiredata ow graphin serial,
in parallel, or with sharedsubgraphs.The consumerslso
provide the FaceSelectionTransformetto thetype sener.

The FaceSelectionTransformertakestwo pairsof face
andmotion streamsasinputs. It selectshe videowith the
mostmotion (largestmotion streamvalue),andreturnsthe
faceinformationfrom the correspondindacestream.

5.1 Type Server Latency

The lateny microbenchmarkarerecordedusinga pro-
gramthatactsasa clientto thetypesenerandmeasurethe
end-to-endatengy for thethreemostcommonrequestsin
orderto eliminatethe variableeffect of network lateng, the
client was executedon the samesystemasthe type sener
usingthelocalhostioopbackiP address.

Table 1 shavs the lateny associatedvith the requests.

Thesecallsareregularly usedoy producersvhenregistering
typesand by consumeravhenaddingnew transformergo
processstreams.However, they arenotin the critical path
of streamprocessingn thetransformatiorengine.

As the datademonstrates;lients canaddtensof types
andtransformergersecondwhichis acceptablaincethey
areonly calledat set-uptime. In thetests,avery smallcode

sectionof 12 byteswas used. The actual add. transform
timewill increasewith the sizeof thecodecontainedvithin
the transformer mainly due to network lateny. Simi-
larly, network latengy may affect the time to servicea
querytransformgequestependingpnthenumberof trans-
formersthatarereturned.

5.2 Data°o0 w Graph Scaling

To demonstratscalingasthenumberof data ow graphs
increaseswe measurehe end-to-endateng of the execu-
tion of a data ow graph. It is importantto note that this
includesnot only the time neededo executethe graphin
the transformatiorengine,but alsothe network communi-
cation. Eachmeasuremerit taken at the producerjust be-
forethedataitemis putin the Stampedehannelandonthe
consumejust afterthe item is retrieved. The differencein
thesemeasurements thelateny to transformasingleitem
(e.g. avideo frame). The datapointspresentedelon are
theaverageof thelatenciesencountereavhile transforming
180items. In caseswith multiple consumersthe datapoint
representthe averageacrossall consumers.

240
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Figure 5. Performance Scaling of Serial
Data o w Graphs

This experimentusestwo video producersasdescribed
earlier andthetransformatiorengineis comprisedf 8 TE,
eachrunningon a separateSMP clusternode. A variable
numberof consumerclients submit separatebut identical
data ow graphs,asshavn in Figure4. The graphsfrom
differentconsumersreexecutedn parallelwith eachother
but eachindividual graphexecutesdts transformerserially

Theresultsareshovn in Figure5, whereeachdatapoint
representshe meanlateng of a singleitem. Little change
in lateng is expectedwhile the numberof data ow graphs
is lessthanor equalto thenumberof processor thetrans-
formationengine. This is in factwhatthe resultsshow, as
thelateng changebetweeril consumeandl16 consumerss
only 10ms.However, lateny beginsto degradeasthe com-
putationalresourcedecomeloaded,as demonstratedby a
55%increas€78ms)in lateng from 16 to 32 consumers.
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5.3 Data’o w Graph Parallelization

This experimentdemonstrateshe bene t of paralleliz-
ing data ow graphs. The setupis the sameas the previ-
ousexperimentexceptthatthe consumeclientssubmitthe
data ow graphssothatthe transformatiorengineexecutes
portionsof eachgraphin parallel. Eachconsumesubmits
theentiregraph,sothatthe total numberof transformations
beingexecutedis still ve perconsumerasshavn in Fig-
ure4. As asideeffect, sequentiabataitemsarealsopar
tially pipelined,sincethe Motion Detectionand FaceDe-
tectionTransformergancomputdtemi + 1 in parallelwith
the FaceSelectionTransformeicomputingitemi.

The performanceimprovement from parallelizing the
data ow graphsshouldbe substantiahslong asthe compu-
tationalresourcesrenotover-utilized. However, astheload
becomesheary, the bene t shoulddecreasesincethe sys-
temresourceslimited capacityto do thework becomeghe
dominantfactor Figure6 veri es this hypothesisby com-
paringthe performanceof the parallelizeddata ow graphs
with the serialversionof the samegraphsfrom the previous
experiment. With 4 consumersubmittingdata ow graphs
to the eight transformationervironments,thereis a 30%
decreasen lateny by parallelizingthe graphs. However,
whenthe systemis loadedwith 12 consumersrying to run
60 transformersn parallel,thereis only a 7.6%decreasén
lateng.

5.4 Data°o0 w Subgraph Sharing

The nal experimentshovs how consumerswith com-
mon data ow subgraphsan collude to reducelateny by
sharingthesesubgraphs. The consumerclients are simi-
lar to thoseusedin the data ow parallelizationexperiment,
exceptthat eachof the rst four subgraphgqthe faceand
motiondetectionon the two video streamspreinstantiated
only once. Eachconsumersubmitsits own faceselection

data ow graph,but eachinstancetakesinputfrom thesame
four sharedsubgraphs.Therefore for N clientsthe num-
ber of transformationdeing executedis reducedfrom 5N
toonlyN + 4.

The primary differencebetweenthe sharedand parallel
caseds thatthe amountof computationrequiredincreases
more slowly as additionalconsumersare added. With 16
consumersthe serialandparallelcasesare both taxingthe
availableresourcesvith 80 total transformationswhile the
subgraptsharingcaseonly place20transformationenthe
sixteenprocessors.Thereforethe lateny shouldincrease
only aftermary moreconsumergoin the systenthanin the
parallelor serialexperiments.

Figure6 con rms this by comparingthe shareddata ow
graphlateny to the parallel and serial experiments. The
sharedexperimentshavs only a2.8%increasen lateny as
the numberof consumersncreasegrom 1 to 16. With 16
consumersthe sharedgraphshave alateng of only 88ms,
while the paralleland serial experimentshave latenciesof
132msand143ms respectiely.

6 RelatedWork

Piecesof the architecturafframevork of MB++ canbe
foundin otherrelatedwork; however, acompositearchitec-
ture thatrepresents true marriageof HPC andthe pena-
sive computingervironmentas ernvisionedin MB++ does
not exist to the bestof our knowledge.

Much work in stream-handlingniddlevare focuseson
eithermultimediastream®r sensorstreamslrisNet[11] is
amiddlevaredesignedo supporidatabase-orientedensor
rich Internet applications,a subsetof applicationsrele-
vantto MB++'s domain. The Distributed Media Journal-
ing project[6] provides a middlewvare to supportthe live
indexing of mediastreams,de ning applicationsin terms
of threetypesof componenttransformationg lters, fea-
ture extractors,or classi ers) operatingon mediasources
or othertransformatioroutputstreams.

Thereis a large body of work in more declaratve and
domain-speci cstreamprocessingsystemsusing data ow
graphsand transformationoperations. TelegraphCQ[2],
a continuousquery databasesystem,usesa combination
of SQL and a lower-level querylanguageto expressslid-
ing window basedcontinuousqueriesover streamingdata
sources.Other streamingdatabaseystemspresentstream
manipulatiorvia SQL but do not utilize continuousjueries,
suchas Gigascopdb5]. Many domain-speci cand higher
level distributed programminglanguagegrovide elements
of streamprocessingsuchas Spindle[4] and Sawzall [12]
(though Savzall operateson stored data setsrather than
streams) The actualdataprocessingnechanisnis just a
pieceof the MB++ approachand we seesuchdeclaratve
processingvork ascomplementaryo our goals.

Solar[3] isamiddlewarefor event-driven,contet-aware
applicationscomposedf event streamsand fusion opera-
tors. MB++ supportstream®f arbitrarydatathusallowing
not only eventstreamsbut alsoothertypesof datastreams,



such as media streams. Solar also processestreamsin

distributed planetsrather than using HPC resourcedike

MB++. TheNinja Architecture[7] is alargeprojectencom-
passinga rangeof goalsrelatedto service-oriente@dpplica-
tions. Servicesare provided by high-availability computa-
tional resourceslik e a cluster calledbases However, like

Solar Ninja's primary mechanisnfor processingtreaming
datais anoverlay network of activeproxies

Thereis alsoextensie work relatedto deliveringstream-
ing media contentwhere the streamsare transformedby
serviceoverlay networks or dynamically con gured com-
posableservicesn orderto meetvarying QoS demandof
consumerd8, 9, 15]. Marny of theseworks also cite the
aforementionedNinja Architectureasa foundationaleffort
in service compositionas a mechanismfor creatingdis-
tributed applicationsfor this domain. All of theseframe-
works and systemsachieze similar goals as MB++ but
the applicationsthesesystemsendto supporthave differ-
ent characteristics. Applications are createdby dynami-
cally composingexisting availableserviceswith interposed
adaptergo resohe dataformat and protocol mismatches.
This approachtendsto favor more loosely-coupledappli-
cationswith greatergeographiadistribution, while MB++
favors more tightly-coupledand potentially higher perfor
manceapplications.

Our own prior work focusedon datastreamregistration
and discorery, and on transformationof datato different
formatsand delities [14]. However, boththe architecture
andtheimplementatiorof ourearliersystemwerelimited in
scope:(a)thearchitecturelid notsupportdynamicinjection
of arbitrary transformationr fusion of multiple streams,
and (b) the implementationdid not fully exploit HPC re-
sourcedor executingdata ow graphs.

7 Conclusions

MB++ is an infrastructurethat establishes union be-
tweenpenasive computingdevices and high-performance
computingresourcesn dynamicpenasive computingervi-
ronments. At the heartof the architectures a uniqueca-
pability for the dynamicinjection,composition andexecu-
tion of streamtransformationsThe systemhasbeenimple-
mentedandour experimentakesultsshav thatperformance
scaleswith the numberof data ow graphsbeing executed
andtheamountof computationatesourcesvailable.

Therearea numberof avenuesfor future research.An
online analysisof data ow graphssubmittedto the stream
sener would allow automaticdetectionof parallelizable
portions of the graph, as well as subgraphghat can be
sharedwith othergraphsbeing executed. Adding priority
to data ow graphswould allow performance&ommensurate
with their perceved importance. Federatingthe architec-
turewould allow multiple MB++ instance$o work together
andsharestreams.Finally, deploying MB++ for a speci ¢
real-world applicationwould provide valuableinsight into
its limits andcapabilities.
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