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1 Pattern: Data flow architecture

Context

Sometimeghe solutionsfor differentproblemsshareseveral identical steps,yet
eachproblemrequiresits own solution.

Considerfor examplemultimediaapplicationghat processIPEGstill images
andMPEGyvideos. A JPEGviewer appliesfive transformationsandeachof them
is performedin a separatestep: JPEGsyntaxdecoderdequantizerinverseDCT
transformerframedecoderandcolor conversion. Likewise,an MPEG playerap-
plies four transformationsMPEG syntaxdecoder(for simplicity, this alsodeals
with temporaland spatial prediction), inverse DCT transformer frame decoder
and color conversion. For both applications the transformationsre appliedse-
guentially in the sameorder

The inverseDCT transformerand color corversionareidenticaland operate
on the samedatatypes—imagesepresentedvith oneluminancecomponentY)
and two chrominancecomponentyC, and C;). The interactionwith the other
transformationss limited. Controlflow is staticandthe successionf stepsrarely
changes—usuallpnly for exceptionalcircumstancesachtime theinverseDCT
transformeis presented setof coeficients,it computeshe correspondingpatial
representatioriNext thisis passedo theframedecoder

Problem

Processingvithin your domainis performedby applyinga sequencef operations
on similar dataelementsjn the sameorder You wanta reusablaoolkit thatcan

be usedto build softwaresolutionsfor a wide rangeof applicationswithin thedo-

main. Yourapplicationsarealsorequiredo dynamicallychangeheirfunctionality

and/oradaptto changingervironmentswithoutcompromisingperformanceWhat

architecturecanaccommodatéheserequirements?

Forces

¢ A high-performancéoolkit thatis applicablefor a wide rangeof problems
from a specificdomainis required;

e The applications behaior needsto be modified dynamically or adaptto
changingervironmentsat runtime;

e Theloosecouplingassociatewith theblack-boxparadigmhasperformance
penalties;
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e Scalabilityin severaldimensionss required.

Solution

A dataflow architectureorganizesapplicationsasa network of processingnod-
ules thatapply a seriesof transformationgo one or several datastreams.Each
moduletakesits input from someupstreanmodules,performsa simple,generic
transformationand passeghe resultsto someother dovnstreammodules. En-
forcing strict, simple intermodule interfacesyields a large numberof possible
combinationghat provide solutionsto mary problemswithin a particulardomain.
Therefore,in dataflow architecturesprocessingnodulesare the computational
units while the network representghe opemtional unit.
Consequent|ythefunctionality (transferfunction)is determinedy the:

e typesof processingnoduleswithin the network; and
¢ interconnectionbetweerthem.

Figure 1 shaws a dataflow JPEGdecoder The decoderreadsa JPEGfile and
shaws its contentson a display Decoderdor otherformatsareimplementedy
connectinglifferentmodules.

Static Dynamic Composition
Compositon 5

Source Sink

File Syntax decoder+ ._@_. Frame Color Display
reader dequantizer DCT decoder conversion

Figurel: A dataflow JPEGdecoder

Thisarchitecturas applicableonly for data-drvenapplicationsyherethe out-
put is obtainedby performingvarioussequentiatransformationgo the input. It
allows applicationgo scalewith the numberof datastreamsThetransferfunction
is determinedby a combinationof the individual transferfunctionsof eachpro-
cessingmodule. Controlflow is distributedacrosghe participatingentitiesandis
notexplicitly representedtthearchitecturalevel.

Modulesplay a key role in dataflow architectures.Applicationsthat follow
this patternmanifestanincreasediegreeof modularity This makesit easyto dis-
tribute the developmenteffort amongdifferentgroups.For example,visualization

1in this context, “module” is ary processinginit within the applicationdomain.
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modulesaredevelopedby thevisualizationgroup,while MPEG modulesarebuilt
by the multimediagroup, etc. Therefore the knowvledgeof domainexpertsis en-
capsulateavithin processingnoduleghatarereusablén mary differentcontexts.

Thefollowing designguidelinesareessentiafor genericandreusablgrocess-
ing modules:

e Thetransferfunction shouldnot modelthe domain,dependon a particular
solutionor have sideeffects.

e Eachmoduleshouldbe developedindependentlyf its use.

e Processingnodulesshouldcooperateonly by usingthe outputof one (or
several)astheinputto another

Decouplingthe algorithmic propertiesof processingnodulesfrom a particular
problemallows applicationgo usethemasblack-boxes. However, the black-box
approachdoesnottake into accountontext-specificfactorsandthereforehasper
formancepenalties Goodfilters balancehesewo conflictingforces.

Thefine granularitydecompositiorinto simpletransformationss anincarna-
tion of the“divide andconquer’principle: insteadf attemptingo solve acomple
problemall atonce splitit into sub-part@anddealwith eachseparatelyThisallows
applicationgo scalewith thenumberof transformationandprocessors—eagiro-
cessingnodulecanrun on a separatg@rocessorHowever, becausef thereduced
communicatioroverhead specializedrocessingnodulesare moreefficient than
implementingtheir functionality with several genericfilters. But specialization
alsolimits the numberof possibleconfigurationghat a filter canbe partof. For
example asinglespecializedPEGdecodemoduleoffersbetterperformancehan
thedecodeifrom Figure1l. However, in thelatter casefilters arereusableandcan
beemplgedfor otherapplicationge.g.,anMPEGdecoder) Filter designerhiave
to determingheright balancebetweergranularityandperformance.

Thefine granularitydecompositiorhassomeotheradvantagesConsidetow
electricalengineeranalyzeor testa circuit. They useanoscilloscopeo checkthe
signalsat differentkey points. This requiresaccesgo eady componentandthe
first stepis to remove the caversthatenclosethe circuit. Becauseof its modular
structurethedata flow architecture provideseasyaccesso its computationalinits,
the processingnodules.Like for the electricalcircuit, this enablesoftwareengi-
neersto analyzeandtestthe application.For example,the decodefrom Figurel
providesdirectaccesgo the IDCT coeficients,shouldthey berequiredfor analy-
sisor testing. Analyzing a functionally equivalentdecodemhich doesnot follow
this patternrequiresmore effort to getto thesecoeficients. Therefore,from an
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electricalengineeringperspectie, dataflow applicationsdo nothave “covers” that
preventaccesso their components.

Easyaccesso dataatdifferentprocessingtageslsoenablesieveloperdo use
signalprocessingechniquegtranslationjnterpolation,etc.). For fieldslike mul-
timediaor scientificvisualization,thesetechniqueshave beenshavn to improve
performancgPLV97].

Intermodulecommunications doneby passingmessagesr tokensthrough
unidirectionainputandoutputports—shwn asblue(input) andred (output)plugs
in Figurel. Therefore dataflow systemgeplaceintermoduledirectcallswith a
messag@assingnechanismThe overheadassociatedvith this mechanisnis the
mainliability of the pattern.

Dependingon their ports,modulesareclassifiedasfollows (a comprehense
classificatioraccordingo variouscriteriais availablein [Lea9§):

Sources Interfacewith aninputdevice andhave oneor severaloutputports.
Sinks Interfacewith anoutputdevice andhave oneor severalinputports.

Filters Have both input and output ports (not necessarilyonly onein eachdi-
rection)and performprocessingon the informationfed into the input port.
Whenprocessingompletesthefilter writestheresultsto the outputport.

In Figurel, thefile readeris a source the displayadapteris a sink andthe other
processingnodulesarefilters.

Unidirectionalinputandoutputportsarenotalimitation. Ratheythey increase
acomponens autonomyProvidedthatthereareno feed-backoops,processings
unafectedby the presencer absencef connectionat the outputport(s). There-
fore, becausary componentepend®nly ontheupstreanmodulesit is possible
to changeits outputconnectionsat runtime. This is calleddynamiccomposition
anddeterminesomeof theinterestingpropertiesof dataflow architectures.

To allow interconectiity betweertwo modulestheoutputportof theupstream
moduleandthe input port of the downstreammodulehave to be plug-compatible
(For simplicity, in Figurel all moduleshave the sametypeof port.) However, hav-
ing mary port(plug) typeslimits interconectiity andrequiresadapterso connect
incompatibleports.

Two priority levels areavailablefor processingt thefilter level. High prior-
ity processinganbe donewhenthefilter recevesa messagdrom the upstream
module. Onceacquiredthe datacanbe processeat a latertime, at lower prior-
ity. For instancesvhereprocessings time-comsuming—e.gscientificvisualiza-
tion applications—thawo priority levels areimportant. Otherwise,if the output
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valuescanbe computedrelatively fast,all processings performedat high prior-
ity. However, scheduling(i.e., “when” the actualprocessingakes place)is non-
deterministian bothcases.

Applicationsfollowing the dataflow architecturecanadaptto heterogeneous
anddynamicallychangingervironmentsat runtime. Differentimplementationgor
statelesdilters are exchangedo adjustthe resourcecostand quality characteris-
tics within someuserdefinedlimits. In Figure 1, two differentIDCT modules
areavailableanddependingntheir characteristicghe
decodeusesneor theother Thereforedynamiccom-
positionallows anapplicationto (1) adjusttheresource
consumptionof the systemat runtime, and (2) adapt
to different computingand communicationserviron-
ments,aswell aschangesn resourcevailability.

Sometimesheoverheadf intermodulecommunicatiorhasunacceptablper
formancepenalties. An effective solutionfor this problemis to trade flexibil-
ity for performancgPLV96]. This is accomplishedoy replacingthe adjacent
performance-criticanoduleswith a singleoptimizedmodule.Static
compositiorprovidestheunderlyingapplication(e.g.,compiler)with
enoughinformationto collapsehesequencef filtersinto afunction- @
ally equivalentprimitive filter, reducingthe overheadf intermodule
communicationHowever, this cannotbe modifiedat runtimearylonger

Statichbinding shouldbe usedto improve performancdor filters thathave low
reconfigurabilitydemandsindarecalledwith highfrequeng. Dynamicbindingis
bestsuitedfor filters thathave high reconfigurabilitydemandsndlow invocation
frequeng. A goodbalancebetweenthe useof staticand dynamiccomposition
ensuregfficientimplementationsvhile maintaininga flexible, configurablearchi-
tecture. Therefore dataflow applicationsarescalablewith differentcommunica-
tion andprocessingequirementskor the JPEGdecoderfrom Figure 1, thesyntax
decodeiis calledmary timesfor eachimageandthereforeis staticallyboundto
thedequantizefPLV97]. Theothercomponentarecalledwith lower frequencies
andthemessag@assingoverheads tolerable.

Usersfamiliar only with the applicationdomain(e.g.,scientificvisualization)
cancreatenew applicationsby simply connectingexisting modules without per
formingary otherprogrammingThisis accomplisheavith scriptinglanguagefLin94,
JBR9§ or visual programmingools [AEW96] that assistthe creationof module
networks[Foo08§.

Thenetwork normallytriggersrecomputationgvheneer afilter's outputvalue
changes. While manipulatedinteractvely, it shouldbe possibleto temporarily
disablethe network suchthat no computationtriggersuntil the network is in a
valid, stablestate. Disablingcomputationss usefulif several parametersieedto
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be modifiedwithout having the filters recomputesvery time a changdas made,or
if processindgakesalongtime.

To summarizethe data flow architecture hasthe following benefits (0) and
liabilities (0):

O

It emphasizeseuseat the processingnodulelevel andfacilitatestherise of
end-useprogrammingautomatiorandsoftwarecomponents.

Becausdhe interactionmechanisnbetweenmodulesis simple, the archi-
tectureis suitablefor domain-specififramevorksandoftenis the subjectof
visualprogrammingools.

Dataflow applicationsarescalablén severaldimensions—numbeaf trans-
formations,processorsgdatastreams;and communicationand processing
requirements.

Thefine granularitydecompositioninto simplefilters providesaccesgo the
datastreamat variousprocessingtages.

O A dataflow architecturas nota goodchoicefor applicationsvith dynamic

controlflow or feedbacKkoops.

O For instancesvherethe overheadof enforcingthe intermoduleinterfaceis

too high, a differentarchitecturathoicemight be a bettersolution.

O It doesnot dealwell with unanticipatecdconditions. Signalingerrorsthat

occurinsidefilter moduless cumbersomanddifficult[BMR T96]. Modules
do not male ary assumptionsbouttheir context and communicateonly
with otherdata-processingiodules. Only whencombinedwith additional
knowledgeaboutthe network topologyandthe applications domaincould
anerrormessaggeneratethy amodulebe meaningful. TheProcessing and
control partitions patternprovidesonepossiblesolution.

O Thearchitecturavorksbestfor applicationsvheremodulesxchangesimple

dataanddo not sharestate. It is not suitablewhenthe exchangeddatais
comple or for databasapplications.

Resulting context

Applicationsfollowing the data flow architecture canrun on heterogeneoudis-
tributedsystemsBecauseontrolflow is notexplicitly representedhis changes
transparentor sourcesfilters andsinks.
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template<class DataType> class Pushinput {
public:

virtual  "Pushinput() { %

vitual  void Put(DataType &data) =0;

3

Figure2: ThePushlnput class.

template<class DataType> class PushOutput {
public:

virtual ~ "PushOutput()  { }

virtual  void Attach(Pushinput<Da  taT ype> *next)

{
_port=new  PushPort<DataType>( next);
Y
virtual ~ void Detach()
{
delete _port;
%
protected:

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

3
Figure3: ThePushOutput class.

Implementation notes

This sectionfollows the guidelinesfrom [PLV96]. Processingnodulesinheritan
inputinterface(port) from Pushinput andanoutputinterfacefrom PushOutput .
Pushinput —Figure 2—is an abstractclassthat determineghe input datatype.
Subclassegmplementthe Put() methodto processthe input dataand passit
downstream. PushOutput —Figure 3—determineghe output datatype and de-
fines methodsfor dynamiccomposition-Attach()  andDetach() . Attachment
betweenwo modulesis abstractedy the PushPort class—Figuret. This facili-
tatesestablishingopne-to-mawy connectionsin which casePushOutput hasto be
modifiedaccordingly

C++templategpparameterizéhe classepresentedn Figures2—4 by 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 ); 1}
protected:

Pushinput<DataType > * module;

b

Figure4: ThePushPort class.

class Sqgrt : public Pushinput<int>, public ~ PushOutput<double>  {
public:

Sart)  { K

Sart) { k
void Put(int  &i)
{

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

3

3

Figure5: An Sgrt  processingnodule.

of datathatentersandleaveseachprocessingnodule. The compilers type check-
ing systempreventsconnectingwo moduleswhich arenot plug-compatible.

Basedon theseclassesimplementingprocessingnodulesis straightforvard.
Figure5 shavs the codecorrespondingo a modulethattakesoneinteger  input
andoutputsits squareroot. However, this simpleimplementatiorhasseverallimi-
tationswith respecto how processings initiatedandhow datais passedetween
modules.Thefollowing sectionscover theseaspect@andprovide alternatves.

In this example,type parameterization—template-ard functioninlining are
usedto implementstaticcomposition Figure6 shavs the codecorrespondingo a
filter thatincrementsts integer  input. Processing—incrementirgs performed
by the Transform()  inline method. The Fastinc  classcanparameteriz¢he fil-
ter from Figure 7. Becausd-astFilter invokes only the inlined Transform()
method,Fastinc s input and outputports are bypassednd the implementation
is efficient. Figure8 shavs how to instantiatethe staticcompositionof Fastinc
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class Fastinc : public  Pushlnput<int>, public  PushOQutput<int>  {
public:
Fastinc() { }
“Fastinc() { %
virtual  void Put(int  &i)
{
int j=i;
Transform(j);
Output());
8
inline  void  Transform(int &) { i+ }

3

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

with FastFilter . Theresultingfilter first incrementghe input andthenoutputs
its squareroot. Theideabehindimplementingstaticcompositionis bypassinghe
input andoutputportsto eliminatethe communicatioroverhead.This canbe ac-
complishedn ary languageanddoesnotrequiretemplatesaandinline methods.

Examples

1. Scientific visualization is one domainwherethe data flow architecture is
usedextensvely. Systemdike AVS [AVS93] or Iris Explorer[EXP93] al-
low userdo createvisualizationapplicationsandvisualizevariousdatatypes
in mary differentways. Thisis doneby connectingnodulesnto a network,
with the helpof a visualnetwork editor Becausehey provide awide range
of genericfilters, thesesystemsffer solutionsto a large numberof visual-
izationproblems Figure9 shawvs anexampleof an AVS network.

Wheneer required,the existing set of filters canalso be expanded. New
filtersarecreatedvith amodulebuildertool. Thisallows end-userso extend
functionalitywith a minimal amountof programming.

2. Dataflow architecturebave alsobeeninvestigatedor hardware systemgGur85,
Pap91. Theexecutionmodeloffersattractve propertiegor parallelprocessing—

implicit synchronizatiorof parallelactiities andself schedulability Unlike
the von Neumannmodel which explicitly statesthe sequenceof instruc-
tions, in the dataflow modelthe executionof ary instructionis driven by
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template<class >
class FastFilter : public  Pushinput<int>, public
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);
ok
private:
T _component;

3

Figure7: A compositdilter.

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

Figure8: Instantiatinghe compositdilter.

11

PushOutput<double>

{
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Figure9: AVS Network. Top side portsare inputs, while bottom side portsare
outputs. The port typesare colorcodedandthe network editor doesnot permit
connectingncompatibleports.

theoperandavailability. Thisemphasizea high degreeof parallelismatthe
instructionlevel. The MonsoonProject[Pap9] developedby MIT andMo-
torola produceda data-flav multiprocessotargetedto large-scalescientific
andsymboliccomputationlts successnotivatedmuchof thework on sim-
ilar projects|NPA92] andcontritutedto spreadheinterestin dataflow and
parallelprogramming.

3. AvionicsControl SystemgACS)alsoemplg thispatternfLea94. Because
ACS arecomplex systemsgonstructinga setof componentshatmerge all
possiblecombinationss notfeasible. Thedata flow architecture providesthe
meandor combiningtogethedifferenttypesof existingcomponentfilters)
to sene aparticularpurpose.

4. Anotherdomainwherethe data flow architecture is emplo/ed by applica-
tions(ActiveMavie [AMS], VuSysteniLin94]), toolkits (Berkeley Continu-
ousMediaToolkit [JBR9G) andframevorks(MET++[Ack94], Presentation
Processindgengine[PLV97], Java Media Framevork [SM97]) is multime-
dia [MN98].

VuSystenapplication$ illustrateverywell theflexibility of thisarchitecture.

25ome of the VuSystem applications are available on the world-wide web at
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In the“room monitor” the outputof a suneillancecameras analyzedsuch
that just the framesthat containmotion arerecorded. The “joke browser”
extractsonly selectegarts(e.g.,jokes)from thecompleterecordingof alate
night shaw. Althoughthesetwo applicationsarevery different(the former
processeseal-timevideo while the latter provides content-base@ccess),
both of themhave beenbuilt with the sametool just by connectingexisting
modules.

ActiveMovie allows usersto play digital moviesandsoundencodedn vari-
ousformats.It consistsof sourcesfilters andrenderergonnectedn afilter
graph.All graphcomponentareimplementecasComponenObjectModel
(COM) objects. Filters have pins which are connectedwith streams but
other communicationchannelsfor specializedcommunication(e.g., error
notifications)areavailable.

Thepresencef thedata flow architecture within theforthcomingJavaMedia
Framevork demonstrateis validity andconfirmsit asa recurringsolution
thathaspassedhetestof time.

Variants3

1. Bill Walker's Ph.D.thesis[Wal94] presents framevork thatusesthis pat-
ternin the context of computer-assistedmusic. Unlike typical dataflow
architectureshis systemhasfeedbak loopsandshaedstate The process-
ing modulesarecalledComposers andTransformers . Globalinformation
independenf thecomponentss encapsulatedithin aPolicyDictionary
object.

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

Related Patterns

e Messagegncapsulatall typesof informationexchangedoy collaborating
modules.The Payloads patternallows modulesto distinguishbetweermes-
sagesandthedatawithin them.

http://www.tns.lcs.mit.edu/vs/vusystem.html .
3Thedifferencedetweerthe dataflow architectureandthe variantsdiscussedn this sectionare
shawvn in italics.
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e Data flow architectures replacantermoduledirectcallswith amessaggass-
ing mechanismThePayload passing protocol patterngrovide severalalter
nativesfor this mechanism.

e A distinctpartof a dataflow applicationis in chagewith dynamiccomposi-
tion andhandlesrrormessagesrocessing and control partitions describes
how to organizesuchapplications.

¢ Systemdollowing theLayers patterfBMR *96] areorganizedaslayersthat
exchangeadatabetweerthem. However, in this caseeachlayer corresponds
to a differentabstractiorevel wheredatahasdifferentsemantics.

e Staticcompositionis aninstanceof the Composite patternfGHJV95. This
ensuresa consisteninterface betweenprimitive (e.g., staticallycomposed
filter) andcontainer(e.g.,sequencef filters) objects.

e Streams [Edw95, Pipes and filters [Meu95 BMR™96] andPipeline [Sha9§
provide similar solutions. However, the data flow architecture is moregen-
eral. For example Pipes and filters takesa morestaticapproachwhereonce
theprocessingipelineis setup, it is notallowedto change.
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