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1 Pattern: Data flow architecture

Context

Sometimesthe solutionsfor differentproblemsshareseveral identicalsteps,yet
eachproblemrequiresits own solution.

Considerfor examplemultimediaapplicationsthatprocessJPEGstill images
andMPEGvideos.A JPEGviewer appliesfive transformationsandeachof them
is performedin a separatestep: JPEGsyntaxdecoder, dequantizer, inverseDCT
transformer, framedecoderandcolor conversion.Likewise,anMPEGplayerap-
plies four transformations:MPEG syntaxdecoder(for simplicity, this alsodeals
with temporaland spatialprediction), inverseDCT transformer, frame decoder
andcolor conversion. For both applications,the transformationsareappliedse-
quentially, in thesameorder.

The inverseDCT transformerandcolor conversionare identicalandoperate
on the samedatatypes—imagesrepresentedwith oneluminancecomponent(Y)
and two chrominancecomponents(Cb and Cr). The interactionwith the other
transformationsis limited. Controlflow is staticandthesuccessionof stepsrarely
changes—usually, only for exceptionalcircumstances.Eachtime theinverseDCT
transformeris presentedasetof coefficients,it computesthecorrespondingspatial
representation.Next this is passedto theframedecoder.

Problem

Processingwithin yourdomainis performedby applyingasequenceof operations
on similar dataelements,in thesameorder. You wanta reusabletoolkit thatcan
beusedto build softwaresolutionsfor a wide rangeof applicationswithin thedo-
main.Yourapplicationsarealsorequiredto dynamicallychangetheirfunctionality
and/oradaptto changingenvironments,withoutcompromisingperformance.What
architecturecanaccommodatetheserequirements?

Forces
� A high-performancetoolkit that is applicablefor a wide rangeof problems

from aspecificdomainis required;

� The application’s behavior needsto be modified dynamicallyor adaptto
changingenvironmentsat runtime;

� Theloosecouplingassociatedwith theblack-boxparadigmhasperformance
penalties;
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� Scalabilityin severaldimensionsis required.

Solution

A dataflow architectureorganizesapplicationsasa network of processingmod-
ules1 that apply a seriesof transformationsto oneor several datastreams.Each
moduletakesits input from someupstreammodules,performsa simple,generic
transformationand passesthe resultsto someother downstreammodules. En-
forcing strict, simple inter-module interfacesyields a large numberof possible
combinationsthatprovidesolutionsto many problemswithin aparticulardomain.
Therefore,in dataflow architectures,processingmodulesare the computational
units, while thenetwork representstheoperational unit.

Consequently, thefunctionality(transferfunction)is determinedby the:

� typesof processingmoduleswithin thenetwork; and

� interconnectionsbetweenthem.

Figure 1 shows a dataflow JPEGdecoder. The decoderreadsa JPEGfile and
shows its contentson a display. Decodersfor otherformatsareimplementedby
connectingdifferentmodules.
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Figure1: A dataflow JPEGdecoder.

Thisarchitectureis applicableonly for data-drivenapplications,wheretheout-
put is obtainedby performingvarioussequentialtransformationsto the input. It
allowsapplicationsto scalewith thenumberof datastreams.Thetransferfunction
is determinedby a combinationof the individual transferfunctionsof eachpro-
cessingmodule.Controlflow is distributedacrosstheparticipatingentitiesandis
notexplicitly representedat thearchitecturallevel.

Modulesplay a key role in dataflow architectures.Applicationsthat follow
this patternmanifestanincreaseddegreeof modularity. Thismakesit easyto dis-
tributethedevelopmenteffort amongdifferentgroups.For example,visualization

1In thiscontext, “module” is any processingunit within theapplicationdomain.
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modulesaredevelopedby thevisualizationgroup,while MPEGmodulesarebuilt
by themultimediagroup,etc. Therefore,theknowledgeof domainexpertsis en-
capsulatedwithin processingmodulesthatarereusablein many differentcontexts.

Thefollowing designguidelinesareessentialfor genericandreusableprocess-
ing modules:

� The transferfunctionshouldnot modelthedomain,dependon a particular
solutionor have sideeffects.

� Eachmoduleshouldbedevelopedindependentlyof its use.

� Processingmodulesshouldcooperateonly by using the outputof one(or
several)astheinput to another.

Decouplingthe algorithmic propertiesof processingmodulesfrom a particular
problemallows applicationsto usethemasblack-boxes. However, theblack-box
approachdoesnot take into accountcontext-specificfactorsandthereforehasper-
formancepenalties.Goodfiltersbalancethesetwo conflictingforces.

Thefine granularitydecompositioninto simpletransformationsis an incarna-
tion of the“divideandconquer”principle: insteadof attemptingto solveacomplex
problemall atonce,split it intosub-partsanddealwith eachseparately. Thisallows
applicationsto scalewith thenumberof transformationsandprocessors—eachpro-
cessingmodulecanrun on a separateprocessor. However, becauseof thereduced
communicationoverhead,specializedprocessingmodulesaremoreefficient than
implementingtheir functionality with several genericfilters. But specialization
alsolimits the numberof possibleconfigurationsthat a filter canbe part of. For
example,asinglespecializedJPEGdecodermoduleoffersbetterperformancethan
thedecoderfrom Figure1. However, in thelattercasefilters arereusableandcan
beemployedfor otherapplications(e.g.,anMPEGdecoder).Filter designershave
to determinetheright balancebetweengranularityandperformance.

Thefine granularitydecompositionhassomeotheradvantages.Considerhow
electricalengineersanalyzeor testacircuit. They useanoscilloscopeto checkthe
signalsat differentkey points. This requiresaccessto each component, andthe
first stepis to remove thecoversthatenclosethecircuit. Becauseof its modular
structure,thedata flow architecture provideseasyaccessto its computationalunits,
theprocessingmodules.Like for theelectricalcircuit, this enablessoftwareengi-
neersto analyzeandtesttheapplication.For example,thedecoderfrom Figure1
providesdirectaccessto theIDCT coefficients,shouldthey berequiredfor analy-
sisor testing.Analyzinga functionallyequivalentdecoderwhich doesnot follow
this patternrequiresmoreeffort to get to thesecoefficients. Therefore,from an
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electricalengineeringperspective,dataflow applicationsdonothave “covers” that
preventaccessto their components.

Easyaccessto dataatdifferentprocessingstagesalsoenablesdevelopersto use
signalprocessingtechniques(translation,interpolation,etc.). For fields like mul-
timediaor scientificvisualization,thesetechniqueshave beenshown to improve
performance[PLV97].

Inter-modulecommunicationis doneby passingmessagesor tokensthrough
unidirectionalinputandoutputports—shown asblue(input)andred(output)plugs
in Figure1. Therefore,dataflow systemsreplaceinter-moduledirectcallswith a
messagepassingmechanism.Theoverheadassociatedwith this mechanismis the
mainliability of thepattern.

Dependingon their ports,modulesareclassifiedasfollows (a comprehensive
classificationaccordingto variouscriteriais availablein [Lea96]):

Sources Interfacewith aninputdevice andhave oneor severaloutputports.

Sinks Interfacewith anoutputdevice andhave oneor severalinputports.

Filters Have both input and output ports (not necessarilyonly one in eachdi-
rection)andperformprocessingon the informationfed into the input port.
Whenprocessingcompletes,thefilter writestheresultsto theoutputport.

In Figure1, thefile readeris a source,thedisplayadapteris a sink andtheother
processingmodulesarefilters.

Unidirectionalinputandoutputportsarenota limitation. Rather, they increase
acomponent’s autonomy. Providedthattherearenofeed-backloops,processingis
unaffectedby thepresenceor absenceof connectionsat theoutputport(s).There-
fore,becauseany componentdependsonly on theupstreammodules,it is possible
to changeits outputconnectionsat runtime. This is calleddynamiccomposition
anddeterminessomeof theinterestingpropertiesof dataflow architectures.

To allow interconectivity betweentwo modules,theoutputportof theupstream
moduleandtheinput port of thedownstreammodulehave to beplug-compatible.
(For simplicity, in Figure1 all moduleshave thesametypeof port.) However, hav-
ing many port (plug) typeslimits interconectivity andrequiresadaptersto connect
incompatibleports.

Two priority levelsareavailablefor processingat thefilter level. High prior-
ity processingcanbe donewhenthe filter receivesa messagefrom the upstream
module. Onceacquired,thedatacanbeprocessedat a later time, at lower prior-
ity. For instanceswhereprocessingis time-comsuming—e.g.,scientificvisualiza-
tion applications—thetwo priority levels areimportant. Otherwise,if the output
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valuescanbecomputedrelatively fast,all processingis performedat high prior-
ity. However, scheduling(i.e., “when” the actualprocessingtakesplace)is non-
deterministicin bothcases.

Applicationsfollowing the dataflow architecturecanadaptto heterogeneous
anddynamicallychangingenvironmentsatruntime.Differentimplementationsfor
statelessfilters areexchangedto adjustthe resourcecostandquality characteris-
tics within someuser-definedlimits. In Figure 1, two different IDCT modules
areavailableanddependingontheircharacteristics,the
decoderusesoneor theother. Therefore,dynamiccom-
positionallowsanapplicationto (1) adjusttheresource
consumptionof the systemat runtime, and (2) adapt
to different computingand communicationsenviron-
ments,aswell aschangesin resourceavailability.

Sometimestheoverheadof inter-modulecommunicationhasunacceptableper-
formancepenalties. An effective solution for this problemis to tradeflexibil-
ity for performance[PLV96]. This is accomplishedby replacingthe adjacent
performance-criticalmoduleswith asingleoptimizedmodule.Static
compositionprovidestheunderlyingapplication(e.g.,compiler)with
enoughinformationto collapsethesequenceof filtersinto afunction-
ally equivalentprimitivefilter, reducingtheoverheadof inter-module
communication.However, thiscannotbemodifiedat runtimeanylonger.

Staticbindingshouldbeusedto improve performancefor filters thathave low
reconfigurabilitydemandsandarecalledwith highfrequency. Dynamicbindingis
bestsuitedfor filters thathave high reconfigurabilitydemandsandlow invocation
frequency. A goodbalancebetweenthe useof staticand dynamiccomposition
ensuresefficient implementationswhile maintainingaflexible, configurablearchi-
tecture.Therefore,dataflow applicationsarescalablewith differentcommunica-
tion andprocessingrequirements.For theJPEGdecoderfrom Figure1, thesyntax
decoderis calledmany timesfor eachimageandthereforeis staticallyboundto
thedequantizer[PLV97]. Theothercomponentsarecalledwith lower frequencies
andthemessagepassingoverheadis tolerable.

Usersfamiliar only with theapplicationdomain(e.g.,scientificvisualization)
cancreatenew applicationsby simply connectingexisting modules,without per-
formingany otherprogramming.Thisisaccomplishedwith scriptinglanguages[Lin94,
JBR96] or visualprogrammingtools [AEW96] thatassistthecreationof module
networks[Foo88].

Thenetwork normallytriggersrecomputationswheneverafilter’soutputvalue
changes. While manipulatedinteractively, it shouldbe possibleto temporarily
disablethe network suchthat no computationtriggersuntil the network is in a
valid, stablestate.Disablingcomputationsis usefulif severalparametersneedto
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bemodifiedwithout having thefilters recomputeevery time a changeis made,or
if processingtakesa long time.

To summarize,the data flow architecture hasthe following benefits (✓) and
liabilities (✗):

✓ It emphasizesreuseat theprocessingmodulelevel andfacilitatestheriseof
end-userprogramming,automationandsoftwarecomponents.

✓ Becausethe interactionmechanismbetweenmodulesis simple, the archi-
tectureis suitablefor domain-specificframeworksandoftenis thesubjectof
visualprogrammingtools.

✓ Dataflow applicationsarescalablein severaldimensions—numberof trans-
formations,processors,datastreams;and communicationand processing
requirements.

✓ Thefine granularitydecompositioninto simplefilters providesaccessto the
datastreamatvariousprocessingstages.

✗ A dataflow architectureis not a goodchoicefor applicationswith dynamic
controlflow or feedbackloops.

✗ For instanceswheretheoverheadof enforcingthe inter-moduleinterfaceis
toohigh,adifferentarchitecturalchoicemightbeabettersolution.

✗ It doesnot dealwell with unanticipatedconditions. Signalingerrorsthat
occurinsidefilter modulesis cumbersomeanddifficult [BMR � 96]. Modules
do not make any assumptionsabout their context and communicateonly
with otherdata-processingmodules.Only whencombinedwith additional
knowledgeaboutthenetwork topologyandtheapplication’s domaincould
anerrormessagegeneratedby amodulebemeaningful.TheProcessing and
control partitions patternprovidesonepossiblesolution.

✗ Thearchitectureworksbestfor applicationswheremodulesexchangesimple
dataanddo not sharestate. It is not suitablewhenthe exchangeddatais
complex or for databaseapplications.

Resultingcontext

Applicationsfollowing the data flow architecture canrun on heterogeneousdis-
tributedsystems.Becausecontrolflow is not explicitly represented,this changeis
transparentfor sources,filtersandsinks.
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template<class DataType> class PushInput {
public:

virtual ˜PushInput() { };
virtual void Put(DataType &data) =0;

};

Figure2: ThePushInput class.

template<class DataType> class PushOutput {
public:

virtual ˜PushOutput() { };
virtual void Attach(PushInput<Da taT ype > *next)

{
_port=new PushPort<DataType>( nex t);

};
virtual void Detach()

{
delete _port;

};
protected:

inline void Output(DataType &data) { _port->Output(data ); };
private:

PushPort<DataType> *_port;
};

Figure3: ThePushOutput class.

Implementation notes

This sectionfollows theguidelinesfrom [PLV96]. Processingmodulesinherit an
input interface(port) from PushInput andanoutputinterfacefrom PushOutput .
PushInput —Figure 2—is an abstractclassthat determinesthe input datatype.
Subclassesimplementthe Put() methodto processthe input dataand passit
downstream. PushOutput —Figure 3—determinesthe outputdatatype and de-
finesmethodsfor dynamiccomposition—Attach() andDetach() . Attachment
betweentwo modulesis abstractedby thePushPort class—Figure4. This facili-
tatesestablishingone-to-many connections,in which casePushOutput hasto be
modifiedaccordingly.

C++ templatesparameterizetheclassespresentedin Figures2–4by thetypes
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template<class DataType> class PushPort {
public:

PushPort(PushInput <DataT ype > *module)
: _module(module) { };

˜PushPort() { };
inline void Output(DataType &data) { _module->Put(data ); };

protected:
PushInput<DataType > *_module;

};

Figure4: ThePushPort class.

class Sqrt : public PushInput<int>, public PushOutput<double> {
public:

Sqrt() { };
˜Sqrt() { };
void Put(int &i)
{

double d=sqrt(i);
Output(d);

};
};

Figure5: An Sqrt processingmodule.

of datathatentersandleaveseachprocessingmodule.Thecompiler’s typecheck-
ing systempreventsconnectingtwo moduleswhicharenotplug-compatible.

Basedon theseclasses,implementingprocessingmodulesis straightforward.
Figure5 shows thecodecorrespondingto a modulethattakesoneinteger input
andoutputsits squareroot. However, this simpleimplementationhasseverallimi-
tationswith respectto how processingis initiatedandhow datais passedbetween
modules.Thefollowing sectionscover theseaspectsandprovidealternatives.

In this example,typeparameterization—templates—and functioninlining are
usedto implementstaticcomposition.Figure6 shows thecodecorrespondingto a
filter thatincrementsits integer input. Processing—incrementing—is performed
by the Transform() inline method.The FastInc classcanparameterizethefil-
ter from Figure7. BecauseFastFilter invokes only the inlined Transform()
method,FastInc ’s input andoutputportsarebypassedandthe implementation
is efficient. Figure8 shows how to instantiatethestaticcompositionof FastInc
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class FastInc : public PushInput<int>, public PushOutput<int> {
public:

FastInc() { };
˜FastInc() { };
virtual void Put(int &i)

{
int j=i;
Transform(j);
Output(j);

};
inline void Transform(int &i) { i++; };

};

Figure6: A filter for staticcomposition.Only the inlined methodis usedby the
compositefilter.

with FastFilter . Theresultingfilter first incrementsthe input andthenoutputs
its squareroot. Theideabehindimplementingstaticcompositionis bypassingthe
input andoutputportsto eliminatethecommunicationoverhead.This canbeac-
complishedin any languageanddoesnot requiretemplatesandinline methods.

Examples

1. Scientific visualization is one domainwherethe data flow architecture is
usedextensively. Systemslike AVS [AVS93] or Iris Explorer[EXP93] al-
low usersto createvisualizationapplicationsandvisualizevariousdatatypes
in many differentways.This is doneby connectingmodulesinto anetwork,
with thehelpof a visualnetwork editor. Becausethey provide a wide range
of genericfilters, thesesystemsoffer solutionsto a largenumberof visual-
izationproblems.Figure9 shows anexampleof anAVS network.

Whenever required,the existing setof filters canalsobe expanded. New
filtersarecreatedwith amodulebuildertool. Thisallowsend-usersto extend
functionalitywith aminimalamountof programming.

2. Dataflow architectureshavealsobeeninvestigatedfor hardwaresystems[Gur85,
Pap91]. Theexecutionmodeloffersattractivepropertiesfor parallelprocessing—
implicit synchronizationof parallelactivitiesandself schedulability. Unlike
the von Neumannmodel which explicitly statesthe sequenceof instruc-
tions, in the dataflow model the executionof any instructionis driven by
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template<class T>
class FastFilter : public PushInput<int>, public PushOutput<double> {
public:

FastFilter(T &component)
: _component(compon ent ) { };

˜FastFilter() { };
virtual void Put(int &i)

{
int j=i;
_component.Transf orm(j) ;
double d=sqrt(j);
Output(d);

};
private:

T _component;
};

Figure7: A compositefilter.

FastInc fi;
FastFilter<FastInc > ff(fi);

Figure8: Instantiatingthecompositefilter.
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Figure9: AVS Network. Top sideportsare inputs,while bottomsideportsare
outputs. The port typesarecolor-codedandthe network editor doesnot permit
connectingincompatibleports.

theoperandavailability. Thisemphasizesahighdegreeof parallelismat the
instructionlevel. TheMonsoonProject[Pap91] developedby MIT andMo-
torolaproduceda data-flow multiprocessortargetedto large-scalescientific
andsymboliccomputation.Its successmotivatedmuchof thework onsim-
ilar projects[NPA92] andcontributedto spreadtheinterestin dataflow and
parallelprogramming.

3. AvionicsControl Systems(ACS)alsoemploy thispattern[Lea94]. Because
ACSarecomplex systems,constructinga setof componentsthatmergeall
possiblecombinationsis notfeasible.Thedata flow architecture providesthe
meansfor combiningtogetherdifferenttypesof existingcomponents(filters)
to serve aparticularpurpose.

4. Anotherdomainwherethe data flow architecture is employed by applica-
tions(ActiveMovie [AMS], VuSystem[Lin94]), toolkits(Berkeley Continu-
ousMediaToolkit [JBR96]) andframeworks(MET++ [Ack94], Presentation
ProcessingEngine[PLV97], Java Media Framework [SM97]) is multime-
dia [MN98].

VuSystemapplications2 illustrateverywell theflexibility of thisarchitecture.

2Some of the VuSystem applications are available on the world-wide web at
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In the“room monitor,” theoutputof a surveillancecamerais analyzedsuch
that just the framesthat containmotion arerecorded.The “joke browser”
extractsonlyselectedparts(e.g.,jokes)from thecompleterecordingof alate
night show. Althoughthesetwo applicationsarevery different(the former
processesreal-timevideo while the latter provides content-basedaccess),
bothof themhave beenbuilt with thesametool just by connectingexisting
modules.

ActiveMovie allows usersto playdigital moviesandsoundencodedin vari-
ousformats.It consistsof sources,filters andrenderersconnectedin a filter
graph.All graphcomponentsareimplementedasComponentObjectModel
(COM) objects. Filters have pins which are connectedwith streams,but
other communicationchannelsfor specializedcommunication(e.g., error
notifications)areavailable.

Thepresenceof thedata flow architecture within theforthcomingJavaMedia
Framework demonstratesits validity andconfirmsit asa recurringsolution
thathaspassedthetestof time.

Variants3

1. Bill Walker’s Ph.D.thesis[Wal94] presentsa framework thatusesthis pat-
tern in the context of computer-assistedmusic. Unlike typical dataflow
architectures,thissystemhasfeedback loopsandsharedstate. Theprocess-
ing modulesarecalledComposers andTransformers . Global information
independentof thecomponentsis encapsulatedwithin aPolicyDictionary
object.

2. In [Rit84], DennisRitchie describesa variantof this patternandhow it is
implementedin the UNI X stream system. Dataflow is bidirectionaland
filters have queuesfor eachdirection. The queuesare also employed for
flow control—Section??.

RelatedPatterns
� Messagesencapsulateall typesof informationexchangedby collaborating

modules.ThePayloads patternallows modulesto distinguishbetweenmes-
sagesandthedatawithin them.

http://www.tns.lcs.mit.edu/vs/vusystem.html .
3Thedifferencesbetweenthedataflow architectureandthevariantsdiscussedin thissectionare

shown in italics.
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� Data flow architectures replaceinter-moduledirectcallswith amessagepass-
ing mechanism.ThePayload passing protocol patternsprovideseveralalter-
nativesfor thismechanism.

� A distinctpartof adataflow applicationis in chargewith dynamiccomposi-
tion andhandleserrormessages.Processing and control partitions describes
how to organizesuchapplications.

� Systemsfollowing theLayers pattern[BMR � 96] areorganizedaslayersthat
exchangedatabetweenthem. However, in this caseeachlayercorresponds
to adifferentabstractionlevel wheredatahasdifferentsemantics.

� Staticcompositionis aninstanceof theComposite pattern[GHJV95]. This
ensuresa consistentinterfacebetweenprimitive (e.g.,staticallycomposed
filter) andcontainer(e.g.,sequenceof filters)objects.

� Streams [Edw95], Pipes and filters [Meu95, BMR � 96] andPipeline [Sha96]
provide similar solutions.However, thedata flow architecture is moregen-
eral.For example,Pipes and filters takesamorestaticapproach,whereonce
theprocessingpipelineis setup, it is notallowedto change.
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