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Abstract

AstheInternetmatures,streamingdataservicesaretakingan increasinglyimportantplacealongsidetraditional
HTTPtransactions.Theneedto dynamicallyadjust the deliveryof such servicesto changesin availablenetwork
andprocessingresourceshasspawnedsubstantialresearchonapplication-specificmethodsfor dynamicadaptation,
includingvideoandaudiostreamingapplications.Such adaptationtechniquesarewell developed,but they arealso
highly specialized,with the client (receiver)and server(sender)implementingwell-definedprotocolsthat exploit
content-specificstreamproperties. This paper describesour efforts to bring the benefitsof such content-aware,
application-level serviceadaptationto all typesof streamingdata and to do so in a mannerthat is efficient and
flexible. Our contribution in this domainis ECho,a high-performanceevent-deliverymiddleware system.ECho's
basic functionalityprovidesefficient binary transmissionof eventdata with uniquefeaturesthat supportdynamic
data-typediscoveryand serviceevolution. ECho's contribution to data streamadaptationis in the mechanismsit
providesfor its clientsto customizetheir dataflowsthroughtype-safedynamicserverextension.

1 Intr oduction

Internet-deliveredcontenthasevolvedsignificantlyin therecentpast. Wherecontentonceconsistedprincipally
of simpletext andgraphicsrequestedanddeliveredvia HTTP, it hasbroadenedto includestreamingcontentsuchas
Internettelephony, broadcast-styleaudioandvideostreams,andstock,sports,andweatherupdates.Streamingdata
contenttendsto bemoresensitive to delaysin contentdelivery thanHTTP-styletraffic, resultingin theneedto adapt
streamcontentto provide differentlevelsof servicesfor clientswith differentneeds.For example,MPEG-encoded
video streamscan be adaptedfor clientswith lower bandwidthby droppingB-frames. Audio clientswith limited
resourcescantradeoff bandwidthandfidelity with differentcompressionmechanisms.Thesetechniquescanresult
in significantusabilityimprovementsby adaptingthedemandsof theserviceto matchtheneedsof theclientandthe
availableresources.

Traditionally, serviceadaptationslike thosefor videodeliveryhavebeenachievedvia servicenegotiationbuilt into
theservice-specificdelivery protocols.However, this approachhasthedisadvantageof complicatingthedesignand
implementationof thoseprotocols.More importantly, building serviceadaptationsinto theprotocolimpliesdesign-
timedecisionsonthetypesof adaptationswhichtheclientcannegotiate,essentiallyrequiringtheserviceimplementor
to anticipateandprovide for the needsof future clients. For example,considera datastreamthat consistsof stock
tradeinformation. Protocoldesignersmight reasonablyanticipatethat a client would want to limit his datastream
to informationaboutonly a few stocks,ratherthanreportingall trades.The protocolcould requirethat the server
sendinformationindiscriminantly, forcing theclient to discardthatwhichheis not interestedin. However, giving the
client the ability to tailor his dataflow would resultin significantbandwidthsavings andreducethe computational
demandson bothsides.As a result,supportfor basictailoring is likely to beincludedin theprotocol.However, what
if theclientonly wantedinformationonstockswhichweretradingoutsideof acertainrange?Or thosewhichshowed
a certainpercentageincreaseabove a particulartradingvolume? What if the client waswilling to acceptdegraded
serviceandbesentonly the5-minutemoving averageinsteadof a reporton every trade?Noneof theseconditions
arecomputationallycomplex, but assupportingevery conceivableconditionis impractical,protocoldesignersmust�

This work wassupportedin part by NCSA/NSFgrantC36-W63,NSFequipmentgrantsCDA-9501637,CDA-9422033,andECS-9411846,
equipementdonationsfrom SUNandIntel Corporations,andNSFgrantASC-9720167.



“draw a line in the sand”demarkingwhat they will support.Clientswith morespecificneedswill be left with less
thanoptimaldatastreams,resultingin wastedresources.

Situationslike thosedescribedfor theprovisionof stockdatahavetwo principaleffects:(1) thewasteof resources
impactsthe numberof clients that can be serviced,and (2) limited optionsarepresentedto clients who find that
they arenot receiving adequatequality of service. Conversely, a highly tailorableservicewould allow anunhappy
client to negotiatea lower level of servicethatmight meetits mostcritical needsevenin highly resourceconstrained
environments.

Thestockexampleis representativeof avarietyof real-worldsituationsthatinvolvethegenerationanddistribution
of datasuchthat endusersneedsaremet. Anotherexamplewith which we have considerablefamiliarity is in the
domainof scientificvisualization.Considera largeparallelclimatesimulationrunningon a clustermachine.Sucha
simulationis capableof generatinglargeamountsof stateinformationonacontinuousbasis,andthisstateinformation
is invaluablefor scientistsmonitoringtheprogressof thesimulation.Yetnoteverydisplayprogramneedsor is capable
of renderingall of thisdata,andin responseto this fact,weshouldnot requirethesimulationto betailoredto meetthe
needsof every possibledisplayprogram.A client-tailorablestreamingdataserviceis anappropriatesolutionto this
problem.

Well-designedmiddlewarecanplaya key role in supportingthecreationof effective methodsfor runtimestream
adaptation,blurring theline betweenprotocolsandapplication-level adaptation[23]. Our contribution in this domain
is ECho,an efficient event-basedmiddlewaredesignedto optimizethe delivery of streamingdata. EChocontains
uniquefeaturesto addressthe serviceadaptationdifficulties raisedin the previous paragraphs.In particular, ECho
allows clients to dynamicallyextendservers with codefragmentsto customizetheir service. It employsdynamic
codegenerationto ensurethat thesefragmentscanbe executedefficiently, without the overheadsof an interpreted
language.It alsoallows clientsto modify the behavior of thesecodefragmentsby updatingparametersassociated
with the fragments.In additionthe EChosystememphasizesthreeothercharacteristicsof importancefor Internet
services:

Interoperability – EChoavoidsassumptionsaboutthearchitecturesandoperatingsystemshostingclientsandservers.
It runstransparentlyacrossavarietyof Unix andWindowsplatforms.

Performance– EChoutilizesnaturaldatarepresentation(NDR) asa transmissionformatandusesa non-centralized
eventdistributionscheme,therebyyieldingdatadeliveryoverheadscomparableto raw networktimes.

Evolvabili ty – Serviceendpointsin EChooffer semanticsthatsupporttransparenttypeextensionanddatatypedis-
covery. Thisallowsservicedatacontentsto evolveover timewhile minimizing therisk to existing clients.

Section2 of this paperdescribesECho's basicfunctionality andits ability to specializeinformationflows with
derivedeventchannels. Section3 briefly characterizestheperformanceof ECho'sbasiceventdelivery, thencompares
it to otherinfrastructurescommonlyusedto implementstreamingdatasystems.In particular, we compareECho's
basiclatency anddeliveredbandwidthwith that of CORBA event channels,Java's Jini distributedevents,and an
XML-basedcommunicationscheme.Like ECho,eachof theseis ahigher-leveldeliveryschemethatoffersevolvability
throughsomeform of typeextensionor datatypediscovery. In addition,we includeperformancemeasuresof ECho
comparedto MPI, a popularmessagingsystemin the scientificcomputingcommunity, to indicatethe performance
thatmight beexpectedfrom a datastreamwithout themeta-dataoverheadof theothersystems.Section3 continues
by examining the performancecharacteristicsof our servicespecializationmechanismin several simpleexamples.
Additionally, becauseJava-basedmechanismsoffer themostlikely alternative implementationsfor specializingdata
streams,wepresentmicrobenchmarksfor ourapproachandcomparethemwith whatmightbeachievedin aJava-based
approach.Finally, Section4 discussessomekey areasof futurework andsummarizesourconclusions.
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Figure1: UsingEventChannelsfor Communication.

2 ECho Functionality

EChois an event-delivery system.Unlike someevent systemswhoseperformancecharacteristicsaresuchthat
they areprincipallyusefulfor controlandnotificationpurposes,EChois designedasahigh-performancedatatransport
mechanismfor both intra-processandnetworkcommunication.While ECho's ability to transparentlysupportboth
localandremoteclientsis usefulin many circumstances,this paperwill concentrateonECho's roleasa transportfor
networkstreamingdata,whereelementsin thedatastreammapto datacarriedby EChoevents.

EChosharessemanticscommonto aclassof eventdeliverysystemsthatusechannel-basedsubscriptions. Thatis,
aneventchannelis themechanismthroughwhicheventsinksandsourcesarematched.Sourceclientssubmitevents
to aspecificchannel,andonly thesinkclientssubscribedto thatchannelarenotifiedof theevent.Essentially, channels
aretheentitiesthroughwhich the extentof event propagationis controlled. The CORBA Event Service[10]is also
channel-based,with channelsbeingdistributedobjects.

2.1 Efficient Event Propagation

Unlike many CORBA eventimplementationsandothereventservicessuchasElvin[21], EChoeventchannelsare
notcentralized.Instead,channelsarelight-weightvirtual entities.Figure1A depictsasetof processescommunicating
usingeventchannels.Theeventchannelsareshown asexisting in thespacebetweenprocesses,but in theirEChoreal-
ization,depictedin Figure1B, they aredistributedentitieswith bookkeepingdataresidingin eachprocesswherethey
arereferenced.As a result,eventmessagesarealwayssentdirectly from aneventsourceto all sinks.Furthermore,by
aggregatingmultiple eventchannels'communicationsinto a singleeventstreamlinking two communicatingaddress
spaces,traffic for individualchannelsis multiplexedover sharedcommunicationslinks. Thesemappingsareachieved
by channelscreatedonceby someprocessandopenedanywhereelsethey areused.Theprocesscreatingthe event
channelis distinguished,in that it is the contactpoint for otherprocesseswishing to usethe channel.The channel
ID, which mustbe usedto openthe channel,containsthe contactinformation for the creatingprocess(aswell as
informationidentifying thespecificchannel).

EChois implementedon top of DataExchange[6]andPBIO[3], packagesdevelopedat Georgia Techto simplify
connectionmanagementandheterogeneousbinary datatransfer. As such,it inheritsfrom thesepackagesits porta-
bility to differentnetworktransportlayersandthreadspackages.DataExchangeandPBIOoperateacrossthevarious
versionsof Unix andWindows NT, have beenusedover theTCP/IP, UDP, andATM communicationprotocolsand
acrossbothstandardandspecializednetworklinks.

Event channelsprovide the moststraightforwardmechanismthroughwhich a server applicationcan segregate



dataaccordingto its clients' anticipatedneeds.For example,in thestocktrackingexampledescribedin Section1, an
eventchannelmightbecreatedfor eachindividualstock,andtradeinformationfor thatstockis submittedonly to that
channel.Clientsdesiringall tradeinformationcouldsubscribeto all channels,but clientsinterestedin only asubsetof
stockscanlimit their datastreamby subscribingonly to theappropriatechannels.Of course,this approachcanonly
beusedfor subdivisionsof datathat the servicedesignercanreasonablyanticipate.EChoallows clientswith more
specificneedsto furtherrefinetheseeventstreamswith derivedeventchannels,asdescribedbelow in Section2.3.

2.2 Event Typesand Typed Channels

Oneof thedifferentiatingcharacteristicsof EChois itssupportfor efficienttransmissionandhandlingof fully typed
events.Typesmaybeassociatedwith eventchannels,sinksandsources,andPBIO usesthesetypesto automatically
handleheterogeneousdatatransferissues. Building this functionality into EChoallows for efficient layering that
nearlyeliminatesdatacopiesduring marshallingandunmarshalling.As othershave noted[15], careful layeringto
minimize datacopiesis critical to delivering full networkbandwidthto higher levels of softwareabstraction.The
layeringwith PBIO is a key featureof EChothatmakesit suitablefor applicationswhich demandhigh performance
for largeamountsof data.

BaseType Handling and Optimization Functionally, EChoevent typesaremostsimilar to user-definedtypesin
MPI. Themaindifferencesarein expressive power andimplementation.As with MPI, EChoevent typesdescribeC-
stylestructuresmadeup of atomicdatatypes,andbothsystemssupportnestedstructuresandstatically-sizedarrays.
However, ECho'stypesystemalsosupportsnull-terminatedstringsanddynamicallysizedarrays.1

While fully declaringmessagetypesto theunderlyingcommunicationsystemgivesthesystemtheopportunityto
optimizetheir transport,MPI implementationstypically donotexploit thisopportunityandoftentransportuser-defined
typesevenmoreslowly thanmessagesdirectly marshalledby theapplication.In contrast,EChoandPBIO achieve a
performanceadvantageby avoidingXDR, IIOP or other'wire' representationsdifferentthanthenativerepresentation
of thedatatype. Instead,the wire formatusedis equivalentto the naturaldatarepresentation(NDR) of the sender.
Conversionto the native representationof the receiver is doneuponreceiptwith dynamicallygeneratedconversion
routines.As shown by themeasurementsin [5], PBIO 'encode' timesdo not vary with datasize,and'decode'times
aremuchfasterthanMPI's. Becauseasmuchastwo-thirdsof the latency in a heterogeneousmessageexchangeis
softwareconversionoverhead[5],PBIO'sNDR approachyieldsround-tripmessagelatenciesaslow as40%of thatof
MPI's.

Type Extension EChosupportstherobustevolution of setsof programscommunicatingwith events,by allowing
variationin datatypesassociatedwith asinglechannel.In particular, aneventsourcemaysubmitaneventwhosetype
is a supersetof theevent typeassociatedwith its channel.Conversely, aneventsink mayhave a typethat is a subset
of theeventtypeassociatedwith its channel.Essentiallythis allows a new field to beaddedto aneventat thesource
without invalidatingexisting event receivers. This functionality canbe valuablewhena systemevolvesbecauseit
meansthateventcontentscanbechangedwithout theneedto simultaneouslyupgradeevery componentto accommo-
datethenew type. EChoevenallows typevariationin intra-processcommunication,imposingno conversionswhen
sourceandsink useidenticaltypesbut performingthenecessarytransformationswhensourceandsink typesdiffer in
contentor layout.

The type variationallowed in EChodiffers from that supportedby messagepassingsystemsand intra-address
spaceevent systems.For example,the Spinevent systemsupportsonly staticallytypedevents[2]. Similarly, MPI's
userdefinedtype interfacesdo not offer any mechanismsthroughwhich a programcaninterpreta messagewithout
a priori knowledgeof its contents.Additionally, MPI performsstrict typematchingon messagesendsandreceives,
specificallyprohibitingthetypevariationthatEChoallows.

1In thecaseof dynamicallysizedarrays,thearraysizeis givenby aninteger-typedfield in therecord.Full informationaboutthetypessupported
by EChoandPBIOcanbefoundin [3].
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Figure2: Sourceandsinkwith interposedeventfilter.

In termsof theflexibility offeredto applications,ECho'sfeaturesmostcloselyresemblethefeaturesof systemsthat
supportthemarshallingof objectsasmessages.In thesesystems,subclassingandtypeextensionprovidesupportfor
robustsystemevolution thatis substantivelysimilar to thatprovidedby ECho'stypevariation.However, object-based
marshallingoften suffers from prohibitively poor performance.ECho's strengthis that it maintainsthe application
integration advantagesof object-basedsystemswhile significantly outperformingthem. As the measurementsin
Section3 will show, EChoalsooutperformsmoretraditionalmessage-passingsystemsin many circumstances.

2.3 Derived Event Channels

ECho's principalcontribution to specializingdataflows is theconceptandrealizationof derivedeventchannels.
While it bearssomesimilarity to priorwork oncontent-basedfiltering (asin Siena[1]andElvin[21]) andpattern-based
filter/transformation(asin Gryphon[22]), EChoallows moregeneralcomputationsover eventdataandaccomplishes
thosecomputationsefficiently. This efficiency is basedon semanticsthatdon't requirecentralizedeventdistribution
andtheuseof dynamiccodegenerationto createnative filter/transformationfunctions.Our work is complementary
with thatof the Gryphonprojectaswe arenot looking at the optimalmappingof an informationflow graphonto a
networkof brokersbut ratherconcernourselfwith themostefficientexecutionof suchcomputations.TheJava-based
approachof DACE[9] offers broadgeneralityin content-basedsubscriptions,but lacksthe transformationcapacity
of derivedevent channelsandofferssignificantlylower throughputandhigh latency thanECho. Our approachand
implementationof ECho'sderivedeventchannelfacility is describedbelow.

2.3.1 GeneralModel

Considerthesituationwhereaneventchannelclientis notreallyinterestedin everyeventsubmitted,butonly wants
every *,+.- event,or everyeventwhereaparticularvaluein thedataexceedssomethreshold.Muchcomputationaland
networkoverheadcouldbeavoidedif only theeventsof interestweretransmitted.Oneway to approachthis problem
is to createa new eventchannelandinterposeaneventfilter asshown in Figure2.

Theeventfilter canbelocatedonthesamenodeastheeventsourceandis anormaleventsink to theoriginalevent
channelanda normalsourceto thenew, or filtered,eventchannel.Thissolutiondoesnot disturbthenormalfunction
of theoriginaleventchannel.However, it fails if thereis morethanoneeventsourceassociatedwith theoriginalevent
channel.Thedifficulty is that,asa normalsink, theeventfilter mustlive in somespecificprocess.If multiplesources
have subscribedto theoriginal eventchannelandthosesourcesarenot co-located,asshown in Figure3A, thenthere
arestill raw, unfilteredeventstravelingover thenetworkfrom ProcessA to ProcessB.

Thenormalsemanticsof eventdeliveryschemesdonotoffer anappropriatesolutionto theeventfilteringproblem.
Yet it is an importantproblemto solve becauseof thegreatpotentialfor reducingresourcerequirementsif unwanted
eventscanbesuppressed.Ourapproachinvolvesextendingeventchannelswith theconceptof aderivedeventchannel.
Ratherthanexplicitly creatingnew event channelswith interveningfilter objects,applicationsthat wish to receive
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filteredeventdatacreatea new channelwhosecontentsarederivedfrom thecontentsof anexisting channelthrough
anapplication-suppliedderivationfunction, 1 . Theeventchannelimplementationwill move thederivationfunction1 to all event sourcesin the original channel,executeit locally whenever eventsaresubmitted,and transmitany
resultingevent via the derived channel.This approachhasthe advantageof eliminatingunwantedevent traffic and
theassociatedwasteof computationalandnetworkresources.In fact, if thederivedeventchannelhassinksthatare
local to any of thesourcesin theoriginal traffic, networktraffic betweenthoseelementsis avoidedentirely. Figure3B
showsthelogical configurationof a derivedeventchannel.

2.3.2 Mobile Functionsand the E-codeLanguage

A critical issuein theimplementationof derivedeventchannelsis thenatureof thefunction 1 andits specification.
Since 1 is specifiedby theclient but mustbeevaluatedat the(possiblyremote)source,a simplefunctionpointeris
obviously insufficient.Thereareseveralpossibleapproachesto this problem,including:

2 severelyrestricting 1 , suchasto preselectedvaluesor to booleanoperators,

2 relyingonpre-generatedsharedobjectfiles,or

2 usinginterpretedcode.

Having arelatively restrictedfilter language,suchasonelimited to combinationsof booleanoperators,is theapproach
chosenin theCORBA NotificationServices[11]andin Siena[1]. Thisapproachfacilitatesefficient interpretation,but
therestrictedlanguagemaynotbeableto expressthefull rangeof conditionsusefulto anapplication,thuslimiting its
applicability. To avoid this limitation, it is desirableto express1 in theform of amoregeneralprogramminglanguage.
Onemight considersupplying 1 in theform of a sharedobjectfile thatcouldbedynamicallylinked into theprocess
of theeventsource.Usingsharedobjectsallows 1 to bea generalfunction,but requirestheclient to supply 1 asa
nativeobjectfile for eachsource.This is relatively easyin a homogeneoussystem,but becomesincreasinglydifficult
asheterogeneityis introduced.

In order to avoid problemswith heterogeneityonemight supply 1 in an interpretedlanguage,suchasa TCL
function or Java code. This would allow generalfunctionsandalleviate the difficulties with heterogeneity, but it
wouldimpactefficiency. Becauseof our intendedapplicationin theareaof highperformancecomputing,andbecause



{
if ((input.trade_price < 75.5) || (input.trade_price > 78.5)) {

return 1; /* submit event into derived channel */
}
return 0; /* do not submit event into derived channel */

}

Figure4: A specializationfilter thatpassesonly stocktradesoutsidea pre-definedrange.

many usefulfilter andtransformationfunctionsarequite simple,we choosea differentapproachthatmaintainsthe
highestefficiency. However, we considerinterpretedlanguagesasa complementaryapproachwhich hasa placein
lessdemandingapplications.

Theapproachtakenin EChopreservestheexpressivenessof ageneralprogramminglanguageandtheefficiency of
sharedobjectswhile retainingthegeneralityof interpretedlanguages.Thefunction 1 is expressedin E-Code,asubset
of a generalprocedurallanguage,anddynamiccodegenerationis usedto createa native versionof 1 on thesource
host. E-Codemaybeextendedasfutureneedswarrant,but currentlyit is a subsetof C, supportingtheC operators,
for loops,if statementsandreturn statements.Extensionsto otherlanguagefeaturesarestraightforwardand
severalareunderconsiderationasdescribedin Section4.

E-Code's dynamiccodegenerationcapabilitiesarebasedon Icode,aninternalinterfacedevelopedat MIT aspart
of the 'C project[18]. Icodeis itself basedon Vcode[8],alsodevelopedat MIT by DawsonEngler. Vcodesupports
dynamiccodegenerationfor MIPS,AlphaandSparcprocessors.Wehave extendedit to supportMIPSn32and64-bit
ABIs, Sparc64-bitABI, andx86processors2. Vcodeoffersavirtual RISCinstructionsetfor dynamiccodegeneration.
TheIcodelayeraddsregisterallocationandassignment.E-Codeconsistsprimarilyof a lexer, parser, semanticizerand
codegenerator.

EChocurrentlysupportsderivedevent channelsthatuseE-Codein two ways. In the first, the event type in the
derivedchannelis thesameasthatof thechannelfrom which it is derived(theparentchannel).In this case,theE-
Coderequiredis abooleanfilter functionacceptingasingleparameter, whichis theinputevent. If thefunctionreturns
a non-zerovalue,it is submittedto the derivedevent channel,otherwiseit is filteredout. Event filters maybequite
simple,suchastheexamplein Figure4. Applied in thecontext of our stocktradingexample,this filter passestrade
informationinto thederivedeventchannelonly whenthestockis tradingoutsideof a specifiedrange.Whenusedto
derivea channel,thiscodeis transportedin stringform to theeventsourcesassociatedwith theparentchannel,where
it is parsedandnativecodeis generated.Theimplicit context in whichthiscodeevaluatedis afunctiondeclarationof
theform:

int f( 3 input eventtype4 input)

where 5 input eventtype6 is the typeassociatedwith theparentchannel.3 Oncederived,thecreatedchannelbehaves
asa normalchannelwith respectto sinks. It hasall of thesourcesof theparentchannelasimplicit sources,but new
sourcesproviding unfilteredeventscouldalsobeassociatedwith it.

While this basicsupportfor eventfiltering is a very powerful mechanismfor suppressingunwantedeventsin an
datastream,EChoalsosupportsderivedeventchannelswheretheeventtypesassociatedwith thederivedchannelare
not thesameasthatof theparentchannel.In this case,E-Codeis evaluatedin thecontext of a functiondeclarationof
theform:

int f( 3 input eventtype4 input, 3 outputeventtype4 output)

The returnvaluecontinuesto specifywhetheror not the event is to be submittedinto the derived channel,but the
differentiationbetweeninputandoutputeventsallowsanew rangeof processingto bemigratedto eventsources.

2Integerx86supportwasdevelopedatMIT. We extendedVcodeto supportthex86 floatingpoint instructionset(only whenusedwith Icode).
3Sinceeventtypesarerequired,new channelscanonly bederivedfrom typedchannels.



{
int i;
int j;
double sum = 0.0;
for(i = 0; i<37; i= i+1) {

for(j = 0; j<253; j=j+1) {
sum = sum + input.wind_velocity[j][i];

}
}
output.average_velocity = sum / (37 * 253);
return 1;

}

Figure5: A specializationfilter thatcomputestheaverageof aninputarrayandpassestheaverageto its output.

Oneusefor this capabilityis remotedatareduction. For example,considerevent channelsusedfor monitoring
of scientificcalculations,suchastheglobal climatemodeldescribedin [14]. Further, considera client thatmay be
interestedin somepropertyof themonitoreddata,suchasanaveragevalueover therangeof data.Insteadof requiring
the client to receive the entireevent anddo its own datareduction,considerablenetworkresourcescould be saved
by just sendingthe averageinsteadof the entireevent data. This canbeaccomplishedby deriving a channelusing
a function which performsthe appropriatedatareduction. For example,the E-Codefunction definedin Figure5
performssuchanaverageover atmosphericdatageneratedby theatmosphericsimulationdescribedin [14], thereby
reducingtheamountof datato betransmittedby nearlyfour ordersof magnitude.

Static Variables and ParameterizedFilters While the examplesabove arepurefunctionswhich have no scope
beyondtheir inputandoutputparameters,thefull functionalityofferedby derivedeventchannelsis somewhatricher.
Theadditionalfeaturesdonot fundamentallyaffect thenatureof servicespecializationofferedby derivedeventchan-
nels,but they do extend the rangeof possiblespecializations.Onesuchfeatureis the ability to label variablesas
“static”, sothat their valuespersistacrossmultiple invocationsof thefilter function. This allows theimplementation
of filters that requiresomeamountof persistentstate,suchasa moving averagecomputation,or a filter thatsimply
passesevery secondor third streamelement.However, asnotedabove, in thesituationwheretheoriginalchannelhas
sourcesin multiple locations,eachsourcegetsits own copyof thederivationfunctionandof its persistentstate. Thus,
a filter thatpassesevery otherevent will endup deliveringevery otherelementfromeach source, ratherthanevery
othereventsubmittedto thechannelasawhole.

Anotherusefulfeatureis the ability to parameterizea derivation function. Parameterizationallows a parameter
block to be associatedwith the derivation function. This block is read-onlyto the derivation function, but canbe
updatedremotelyin a push-typeoperation.This is usefulin situationswherea clientneedsto adapttheservicewith
even finer granularity. For example,in the rangefilter in Figure4, the rangeitself is specifiedasconstantsin the
body of the filter. Yet it is clearly conceivablethat a client might want to changethe rangeover time. Onecould
periodicallydestroyandre-derive channelswith updatedfilter functions,but parameterizedderivationsallow a more
straight-forwardapproach.As shown in Figure6, theparameterblock is usedto hold thehigh andlow boundsof the
range.This allowstheclient to effect fine-grainadaptationsto changingneedswith relatively low overhead.

{
if ((input.trade_price < param.range_low_bound) ||

(input.trade_price > param.range_high_bound)) {
return 1; /* submit event into derived channel */

}
return 0; /* do not submit event into derived channel */

}

Figure6: Specializationfilter rangerepresentedby parameterizationdata.
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Figure7: Comparisonwith otherevent infrastructures

3 ECho Performance

3.1 BasicData Streaming

In orderto establishECho'sbasicusabilityasa transportmechanismfor streamingdata,wefirst compareits per-
formancewith othertransportmechanismswhich might beusedto implementa streamingdatasystem.In particular,
wecompareECho'sbasiclatency anddeliveredbandwidthwith thatof CORBA eventchannels,Java'sJini distributed
events,andanXML-basedcommunicationscheme.Like ECho,thesearehigher-level deliveryschemesthatcanoffer
evolvability throughsomeform of typeextensionor datatypediscovery. In addition,we includeperformancemea-
suresof MPI, a popularmessagingsystemin the scientificcomputingcommunity, to indicatethe performancethat
mightbeexpectedfrom a datastreamwithout themeta-dataoverheadof theothersystems.

Thepreciseperformancecharacteristicsof thesepackagesdependuponsucha wide varietyof variablesthatwe
couldnot hopeto characterizetheentireperformancespace.Instead,we takeanillustrativeexampleandexamineit.
In this case,we presentperformancecharacteristicsfor a situationthatmight betypical of thescientificvisualization
exampleof Section1 andusedatafrom a mechanicalengineeringsimulationof theeffectsof micro-structuralprop-
ertiesonsolid-bodybehavior. Thedatastreamin this caseconsistsof 100Kbstaterecords,whichwestreambetween
a SunSparcandan x86-basedPC over 100Mbpsethernet.4 This situationmight occurwhena datastreamfrom a
cluster-basedsimulationis directedto a nearbyhostfor visualization.

Figures7A and7B show basicevent latency andbandwidthfor severalmiddlewaresystemsin this sampleenvi-
ronment.To show how theperformancecharacteristicsmight vary with messagesize,we subsettheoriginal 100Kb
staterecordsandpresentmeasurementsfor 10Kb,1Kb and100brecords,aswell. Themeasurementscover eventdata
exchangewith ECho,anXML-basedeventdeliveryscheme,a CORBA eventchannel(usingtheORBacussystem),a
Java-basedscheme(makinguseof Jini DistributedEvents)andourbaselineMPICH.

Figure 7A shows that ECho's round-trip event latency is abouthalf that of the other systems. While a more
detaileddiscussionof the causesof the performancedifferencesis beyond the scopeof this paper, we can briefly
characterizetheir nature.In latency measures,XML is hamperedby a very high up/down conversionoverheadanda
bulky wire representation(ASCII). CORBA's latency is adverselyaffectedby a centralizedeventdistributionscheme

4TheSunmachineis anUltra 30 with a247MHz cpurunningSolaris7. Thex86machineis a450MHz PentiumII, alsorunningSolaris7.



thatassignstheeventchannelobjectto a separateprocess.Thefigureshows thatEChoactuallyimproveson MPI's
latency performancein mostcases.This is largely a resultof MPI's relianceon XDR asa wire format,which results
in moredatacopyingthanis requiredin ECho.

Figure 7B comparesthe bandwidthdeliveredby eachsystemrelative to the original (unencoded)datasize. It
shows that EChomatchesMPI's deliveredbandwidthat large messagesizesandperformsconsiderablybetterfor
smallersizes.Again, theextra datacopyingperformedin MPICH playsa significantrole in theseresults.CORBA
maintainsreasonablebandwidthfor largemessagesizes,but the additionalinterveningprocesssignificantlyaffects
bandwidthfor smallersizes. XML is greatlyhandicappedin any measurein which it is usedasa wire format for
transmittingbinarydata.TheASCII-basedXML representationof a binarydatastructureis oftenfive to seventimes
largerthantheoriginaldatastructure,wastingasignificantamountof bandwidth.

A morecompletediscussionanalyzingthecausesof theperformancedifferencesin moredetailandalsopresenting
ananalysisof thebehavior of thesecommunicationssystemsin thecontext of applicationevolutionandtypeextension
canbefoundin [4].

3.2 Effectsof StreamSpecialization

The primary benefitof streamspecializationis the elimination of wastefulmessagetraffic and the subsequent
reductionof bandwidthrequirements.As such,many of the benefitsthatareachievablethroughsuchspecialization
vary significantlywith theextentof theunnecessarytraffic. Gainsachievedwith ECho's eventfiltering approachare
suchthat the resultingdecreasein messagetraffic is directly proportionalto the rejectionrateof the specialization
filter. Understandingsuchgainsis a relatively straightforwardexercisewhenignoring issueslike server, client, or
networkcontention.For instance,if onehalf of thedatastreamingto a client is unwanted,thenspecializationallows
him to receive twice theamountof useful informationwith thesamebandwidth.If all theclientsof a server exploit
specializationto reducetheir bandwidthrequirementsby onethird, thentheserver cansupport50%moreclientsat
thesamelevel of serviceit offeredpreviously.

However, with the gainsin reducednetworkusagecomeadditionalcostsin the form of generatingandexecut-
ing specializationfunctionsin the derived event channel. Thosecostsvary with the natureof the filter code,but
interestingly, therearesecondary, sometimesimportanteffects,suchastheeliminationof unnecessaryprotocolstack
execution,sothatadditionalfilter codeexecutionmayactuallyresultin lesstotalcodeexecutedby aserver. Therefore,
it is informativeto examinethecostsof filtering for representative examples.

First considertherangefilter examplesin Figure4, takenfrom thecontext of our stocktradingexampleandrep-
resentinga simplerangefunctionon the stock's tradeprice. To realizethis filter, ECho's dynamiccodegeneration
facility requires4 millisecondsonaSunSparcUltra 30 to createanativesubroutineimplementingthefilter. Thegen-
eratedfilter subroutinecontains27 Sparcinstructions,andit executesin about165nanoseconds.In contrast,ECho's
7.5Mbpstransferratefor small(100byte)messagesimpliesthattheserveris spendingabout107microsecondsto send
eachmessage.In otherwords,in thiscase,it is 'cheaper'to executethefilter thanit is to sendanunneededmessage.
Consequently, contraryto intuition, server loadmaybedecreased,not increased,by theserversruntime,client-based
extensionwith filters. In comparison,thesamefilter functionimplementedin Java, themostlikely alternative repre-
sentationof specializationfunctions,requires1.8microsecondsfor executionwith Just-In-Timecompilationenabled
(3.7microsecondsotherwise).Therefore,argumentsconcerningthereductionvs. theincreasein server loadby their
extensionwith filtersdonot trivially translatefrom EChoto othersystemsandfrom simplefilters like this exampleto
morecomplex filter functions.

Becauseservicespecializationpotentially increasesthe computationalload of the server, ECho's realizationof
specializationfunctionsasdynamicallygeneratednative codeplaysa key role in makingservicespecializationan
attractive option. In particular, considertherelationshipbetweenthe filter executionspeedandthe time requiredto
senda messagegivenin thepreviousparagraph.If thefilter doesnot rejecta particularmessage,thetime requiredto
executetheserver functionis a wastedresourceover andabove whatit would have requiredto sendthemessageon
anunfilteredstream.However, if themessageis rejectedby the filter, theserver savesthe time it would have spent
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sendingthemessage.Thus,theratio betweenthefilter executiontime andthe time requiredto sendthemessageon
the unfilteredchanneldeterminesthe break-even point of the specializationfilter. A low ratio meansthat even if a
filter hasa relatively poorrejectionratio, it canstill becomputationallycheaperfor theserver do thefiltering thanit
wouldhave beento simply sendtheunfilteredmessages.In thecaseof thesamplefilter operatingonaneventstream
with 100byterecords,if thefilter eliminatesaslittle as1 event in 30 it is still computationallycheaperfor theserver
thantheunfilteredsituation.

Figure8A illustratesthe cost/benefitsof filtering graphically. It shows the CPU utilization of a server sending
a datastreamto a singleclient. In this case,the datastreamconsistsof 100 byte recordsgeneratedat a particular
rate. The figure shows the server's CPU utilization for four specializationscenarios:(1) an unspecializedstream,
(2) a specializedstreamin which no eventsarerejected,(3) a specializedstreamin which 50% of the eventsare
rejected,and(4) a specializedstreamin which all eventsarerejected. Streamspecializationobviously addsto the
server's computationalload in the form of additionaloverheadswhennoneof thedatastreamis rejected.However,
theoverheadis slightandis quickly recoveredif thespecializationfilter rejectsasignificantfractionof thedatastream.
At higherrejectionrates,theuseof a specializeddatastreamrepresentsa costsavingsto theserver, despitetheneed
to executethefilter functionfor every event.

The secondexamplefilter in Section1 (Figure 5) is takenfrom the scientific visualizationdomain. A client
might usethis specializationfunction if it was only interestedin the averageof a large array in a datastream,as
typically necessarywhendownsamplinga datastreamfor visualrenderingonvariable-qualitydisplays.This function
is somewhatmorecomplex thanthefirst example.It requires5.5msecsfor codegenerationand1.28msecsto execute.
Furthermore,unlike the first example,this filter never rejectsa dataelement,but merelytransformsit by taking an
averageandforwardingtheaverageinstead.As a result,resourcesavingsaredueto reductionsin requirednetwork
processingat theserver andin thereductionof requirednetworkbandwidth,importantconsiderationsfor remotedata
visualization[12]. By comparison,the samefilter function implementedin Java requires13.33msecsfor execution
with Just-In-Time compilationenabled,(75.43msecsotherwise).This indicatesthat Java-basedspecializationmay
have sucha costlyrun time thatserver extensionwould no longerbea win-win situation,i.e., the increasein server
computationcostmightnot berecoupedin reducednetworkcosts.

Figure8B examinestheimpactof thissortof server adaptation.In particular, it showsabreakdown of theserver's
time costsin sendinga client 1000dataelements. If server adaptationis not available, the server must sendthe



client theunprocessedarray, with costsrepresentedby thebar labeled“No Specialization.” Alternatively, if derived
eventchannelsareusedto specializetheservice,theserverperformstheaveragingcomputationandexperiencescosts
representedby thebarlabeled“Server-sideAveraging.” Obviously, specializingtheservicesignificantlyincreasesthe
“usercputime” componentof thecosts,but this is morethanoffsetby thedramaticreductionin systemandnetwork
blockingcostswhich resultfrom thedecreasein messagesize.

4 Conclusionsand Futur eWork

This paperexaminedECho,anevent-basedmiddlewaredesignedto optimizethedelivery of streamingdata.The
EChosystemprovidesa publish-subscribecommunicationmodel thatsupportsefficient event delivery in heteroge-
neoussystems,runtimetypeextension,andtypediscovery. More importantly, EChoprovidesaninnovative support
for runtimestreamspecializationthrougha mechanismcalledderivedeventchannels. Thismechanismallowsclients
to dynamicallyextendserverswith codefragmentsto tailor datastreamsto suit theirneeds.

Theperformanceevaluationin Section3 establishedtwo salientpoints.First,while object-basedsystemsprovide
functionality that is similar to the type extensionand type discovery featuresof ECho,EChodoesit with signifi-
cantly betterperformance,both in termsof deliveredbandwidthandend-to-endlatency. In fact, the measurements
in Section3.1show thatEChomatchesand,in mostcases,outperformsMPI in bothmetrics,therebydemonstrating
performancethatoutpacesthatof a commonlyacceptedhigh-performancecommunicationparadigm.

Secondly, theevaluationin Section3.2showsthatdatastreamspecializationcanbeawin-win situationfor servers
andclients,reducingnetworktraffic andloweringthecomputationalcostsfor bothsides.Streamspecializationnat-
urally reducestheamountof networktraffic andtheclient's computationalloadby moving client-sidecomputations
to the server. In a obvious result, the timings presentedhereshow that while oneportion of the server's costsare
necessarilyincreasedby theneedto run theclient-providedspecializationcode,it is not unusualto recoupthecosts
throughthroughothersavings. In particular, thereducednetworktraffic thatcomeswith streamspecializationmeans
thattheserver spendslesstime in networktransmission.ECho'sdynamicallycodegeneratedspecializationfunctions
aresufficiently fast that filters needonly reducethe datastreamby a relatively small fraction to repaytheir costs.
Alternative implementationmechanismsbasedon interpretedlanguageswould imply significantlyhigherserver-side
costs,makingstreamspecializationbeneficialin fewer situations.

While thispaperdemonstratesinitial resultswith thedeploymentof EChoandits notionof derivedeventchannels,
aswe aregainingexperienceswith usingthem,we areaddingto thesystemseveralkey notionsthatwill enableusto
createthefuture,ubiquitous,stream-basedapplicationswearetargetingwith ourwork. A few of theseextensionsare
describednext.

Visibility into SourceProcess [7] anticipatesusingthefunctionalityofferedby derivedeventchannelsfor program
steeringor moregenerally, for runtimeadaptationof programs.Currently, externalprogramsteeringtypically requires
monitoring eventsto be deliveredto an external process. Therethey are interpretedand actionscan be takento
affect the stateof the applicationbeingsteered.Like filter functions,steeringdecisionfunctionsmay be assimple
ascomparinganincomingvaluewith a thresholdandsteeringtheprogramif the thresholdis exceeded.As a result,
programsteeringrequiresa minimum of a network round-trip,and it is an asynchronousprocess. If the steering
functionscould bemigratedinto the steeredapplication,muchlike we aremoving filter functionsto event sources,
steeringlatenciescould be reducedby several ordersof magnitudeandundertakensynchronously. Whenprogram
steeringis performedby a human-in-the-loopsystem,latency andsynchronicityareof little importance.But some
programsteering,andmuchof programandprotocoladaptation,canbeperformedalgorithmically, with externalcode
makingtheadaptationor steeringdecisions.Suchadaptationsmustberapidandoftenmustbesynchronousin orderto
bevalid. Thiswork holdssignificantpotentialin termsof allowing programs,systemabstractionsandevenoperating
systemsto adaptto changingusageandresourcesituations[20, 17].

However, doing programsteeringor programadaptationin a derivationfunction requiresthat the functionhave



visibility into applicationprogramto call functionsor affect valuesthere. To accomplishtheseends,we envision
associatinga“context” with aneventchannel.Thecontext wouldspecifyprogramelementswhichmightbeaccessible
to derivationfunctions. In this way, visibilit y into thesendingapplicationwould becontrolledby thesenderbut the
useandupdatingof visibleelementswouldbespecifiedby thereceiver throughderivationfunction.

Function Analysis Thereis alsopotentialbenefitin specializingandanalyzingderivationfunctionsthemselves. In
particular, an event sourceclearly hasan interestin understandingthe natureof the codeit agreesto executefor a
derivationfunction. While thesimplestfunctionsmaybesafein the sensethat they have no visibility into source's
environment,they may walk off theendof event arraysor containinfinite loops. However, in this environmentwe
know thesizeandextentof all datatypes.Therefore,wecaneasilygeneratearrayboundschecksandcanalsoconsider
analyzingthespecifiedfunctionsfor computationalcomplexity andtermination.An eventsourceon a highly loaded
machinemight begiventheoptionof rejectinga derivationthatwould increaseits workload. More generally, since
derived event channelsalwaysrepresentsometradeoff betweencomputeandnetwork resources,we can consider
creatinga more generalizedmechanismthroughwhich tradeoff decisionscan be madein the context of dynamic
feedbackfrom resourcemonitoring. Sucha systemcould greatlyeasethe processof building applicationswhich
performrobustly in today'sdynamicnetworkenvironments.

Futureapplicationsbeingdevelopedwith EChoincludethosetargetedby the Infosphereproject[19], which in-
cludeContinualQueriesto web sites[16], ubiquitousapplicationsvia wirelesscommunicationmediaandinvolving
embeddedsystems(i.e., we arecurrentlyportingEChoto wireless-connectedLinux laptopsandto Palmtops),and
applicationsin smarthomes(i.e., we aregoing to useEChowithin Georgia Tech's SmartHomeproject[13] asthe
delivery mediumfor bothdataandcontrolsignalsin homeapplicationsrangingfrom simplesensordatacaptureand
analysisto the transportandanalysisof imagedatastreams.).EChohasalsobeenusedin a rangeof high perfor-
manceapplications,includinga HydrologyWorkbenchusedby collaboratingscientistsanda similar systemusedfor
collaborationacrosstheInternet[12].
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