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ABSTRACT
High level modelingand (quantitative) performanceanalysisof signal processingsystemsre-

quireshigh level modelsfor the applications(algorithms)andthe implementations(architectures),a
mappingof theformer into thelatter, anda simulatorfor fastexecutionof thewhole. Signalprocess-
ing algorithmsarevery oftennested-loopalgorithmswith a high degreeof inherentparallelism.This
paperpresents- for suchapplications- a suitableapplicationmodelanda methodto convert a given
imperative executablespecificationto a specificationin termsof this applicationmodel.Themethods
andtoolsareillustratedby meansof anexample.
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A new kind of embeddedarchitecturesis emerging that is composedof a micropro-

cessor, somememory, anda numberof dedicatedcoprocessorsthatarelinkedtogethervia
somekind of programmableinterconnect(SeeFigure1). Thesearchitecturesaredevisedto
beusedin real-time,high-performancesignalprocessingapplications.Examplesof these
new architecturesaretheProphidarchitecture[1], TheJacobiumarchitecture[2], andthe
Pleiadesarchitecture[3], to beusedin respectively, videoconsumerappliances,adaptive
arraysignalprocessing,andwirelessmobile communications.Thesearchitectureshave
in commonthat they exploit parallelismusinginstructionlevel parallelismofferedby the
microprocessorandcoarse-grainedparallelismofferedby thecoprocessors.Givena setof
applications,the hardware/softwarecodesignproblemis to determinewhat needsto exe-
cuteon the microprocessorandwhat on the coprocessorsand,furthermore,what should
eachcoprocessorcontain,while beingprogrammableenoughto supportthesetof applica-
tions.

Theapplicationsthatneedto executeonthearchitecturearetypically specifiedusingan
imperativemodelof computation,mostcommonlyC or Matlab. In Figure1, for example,
we show an algorithmwritten in Matlab. Although the imperative modelof computation
is well suitedto specifyapplications,it doesnot revealparallelismdueto its inherentse-
quentialnature.Compilersexist thatareableto extract instructionlevel parallelismfrom
the original specificationat a very fine level of granularity. They are,however, unableto
exploit coarse-grainedparallelismofferedby the coprocessorsof the architecture.This
makesthemappingof theapplicationsontothearchitecturedifficult.

Instead,a betterspecificationformat would be to usean inherentlyparallelmodelof
computationlike ProcessNetworks(PN) [4,5]. A PN modelsapplicationsasa network
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for k = 1:1:K,
for j = 1:1:N,

[ r(j,j), x(k,j), t ] = Vec( r(j,j), x(k,j) );
for i = j+1:1:N,

[ r(j,i), x(k,i), t ] = Rot( r(j,i), x(k,i), t );
end

end
end
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Fig. 1. Mappingtheapplicationontoanarchitectureis difficult becausetheModel of Computationof theappli-
cationdoesnot matchtheway thearchitectureoperates.

of concurrentlyexecutingsequentialprocesses.It expressesparallelismnaturallyfrom the
veryfine-grainedto theverycoarse-grained,anddoesnotpre-imposeany particularsched-
ule. Themappingthenbecomestheassignmentof theprocessesto themicroprocessorand
thecoprocessorsasshown by tools like ORAS[6], or SPADE [7]. Usingthesetools,a Y-
chart[8] canbeconstructed,allowing thequalityassessmentof mappingsonarchitectures.

This paperdescribestheCompaantool setthatautomaticallytransformscertainMat-
lab applicationsinto a processnetwork description,asshown in Figure1. It convertsa
Matlab applicationinto a polyhedral reduceddependencegraph (PRDG), that is subse-
quentlyconvertedinto a Kahnprocessnetwork(KPN) description[4]. TheCompaantool
setis confinedto operateon affine nestedloop programs(NLPs) [9] that appearoften in
applicationsof interest.

Theoutlineof thepaperis asfollows. Section2 givestheY-chart explorationscheme
underlyingour conceptof modelingand simulation. Section3 presentsthe Matlab-to-
ProcessNetwork compilerCompaan. Section4 briefly reviews the tools MatParser and
DgParserthatgeneratefrom agivenimperativespecificationasingleassignmentcodeand
a reduceddependencegraph,respectively. Section5 introducesthetool thatgeneratesthe
processesin theProcessNetwork specificationof anapplication.
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In line with Kienhuisetal. [10] weadvocatethatthedevelopmentof heterogeneousar-

chitecturesshouldfollow ageneralscheme,whichcanbevisualizedby theY-shapedfigure
in Figure2(a): TheY-chart. In theupperright partof Figure2(a) is thesetof applications
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Fig. 2. TheY-chart(a)andtheextendedY-chart(b).

that drivesthe designof the architecture. Typically, a designerstudiesthis setof appli-
cations,makessomeinitial calculations,andproposesan initial parameterizedarchitec-
ture.Theeffectivenessof this architectureis thenevaluatedby comparingits performance
for different valuesof the parameters.For this performanceanalysis, eachapplication
is mappedonto the architectureand the performanceof eachapplication–architecture–
mappingcombinationis evaluated. The resultingperformancenumbersmay inspire the
architecturedesignerto improve the architecture. The designermay also decideto re-
structuretheapplication(s)or to modify themappingof theapplication(s).Thesedesigner
actionsaredenotedby thelight bulbsin Figure2(a).

In this approach,it is assumedthat the applicationsandthe architecturearespecified
in termsof a modelof computationanda modelof implementation,respectively. For the
parallelexecutionof signalprocessingnestedloop programs(NLPs), a naturalmodelof
computationis the ProcessNetworkmodel [4,5] which is quite different from the usual
imperative modelof computationin which theapplicationsarecommonlyspecified.It is,
therefore,necessaryto provide a compiler that extractsthe availableparallelismfrom an
applicationspecifiedasanNLP, sayin Matlab,andautomaticallyconvert it into a process
network specification.WethusextendtheY-chartenvironmentshown in Figure2(a)to the
environmentshown in Figure2(b).

In Section3 to 5 wefocusontheupperright cornerin Figure2(b)whichis implemented
in our Compaantool set.
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We developedthe Compilationof Matlab to ProcessNetworks (Compaan)tool set,

which transformsa nestedloop programwritten in Matlab into a processnetwork spec-
ification. Compaandoesthis transformationin a numberof steps,shown in Figure 3,
leveraginga lot of techniquesavailablein theSystolicArray literature[11]. In Figure3, a
box representsa resultandanellipsoidrepresentsanactionor tool.

Compaanstartsthe transformationby converting a Matlab NLP specificationinto a
single-assignmentcode(SAC) specification. This makesall parallelismavailable in the
original Matlabspecificationexplicit. Next, it derivesthepolyhedral reduceddependence
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Fig. 3. Compaanconsistsof threetoolsthattransformaMatlabspecificationinto aprocessnetwork specification.

graph(PRDG)specificationfrom theSAC. Fromthis PRDG,thenetwork descriptionand
the individual processesof the PN arederived. The threestepsin Compaanarerealized
by separatetools: MatParser, DgParser, andPanda, respectively. Thelastmentionedtool,
Panda,generatesthenetwork andtheprocessesin theprocessnetwork from thePRDG.The
generationof theprocessesis furtherdecomposedinto domainscanning, datapartioning,
andlinearization. We elaborateon thesetoolsin Section4 andSection5.

In the Matlab–to–ProcessNetwork compilation,the role of the PRDGis crucial. A
PRDGis a compactrepresentationof an NLP’s dependencegraph. It is a directedgraphbdcfehgjilk�m

, where
g

is asetof nodedomainsand
k

is asetof edgedomains. ThePRDG
representation,of thealgorithmin Figure1 is shown in Figure4 n.
3.1. NodeDomain

A nodedomainis characterizedby 1) an iterationdomaino cqp � csrutwv 0yx t{z|~}1���+�
where

| c�p���z!� ����� �q��� �
is a polytope,2) a function, and 3) a set

of port domains. Here,
r

and
�

are integral matrices,and
�
,
t

,
0

, and
�

are integral
vectors.Although

r
mustnotbeinvertible,it is abijectionfrom

|'}����
to o . Thefunction

residesin eachandevery point in the iterationdomain. The function takesits arguments
from its input portsandreturnsvaluesto its outputports. A particularinput port or output
port belongsto a nodedomain’s input port domain(IPD) andoutputport domain(OPD),
respectively.

3.2. EdgeDomain

An edgedomainis anorderedpair
e�����iU����m

of nodedomainstogetherwith anordered
pair

e>� � i�� � m
of port domains,where

� �
is an OPD of

� �
and
� �

is an IPD of
� �

. Unlike
theiterationdomainof thenodedomain,theiterationdomainof

���
is definedby anaffine�

Nodes� , � , and � aresourceandsinknodes.Thecorrespondingcodeisnotincludedin theapplicationprogram
in Figure1



Deriving ProcessNetworksfromNestedLoopAlgorithms �

�
�

�  

¡

¢
£

¤
�

¥�

� ¦

§ ¨

©

ª

Fig. 4. PRDGof programin Figure1.

mapping « that is a surjectionfrom IPD to OPD which expressesthe datadependency
betweentheoutputport of thefunctionin

� �
andtheinput portof thefunctionin

� �
.

3.3. Example

To illustratethenotionof nodeandportdomains,weshow in Figure5 apart ¬®­ of node
domain ¬ in Figure4̄ . To be precise,nodedomain ¬ containsall theRot() functions
of theprogramin Figure1. Thefigureshows thenodedomain ¬(­ (a), its iterationdomain
with theiterators° and± (b), its portdomains(c)-(f), andits view asit appearsin thePRDG
(g) (becausewe left out the ² relateddomains,only theedgeswith labels ³ , ´ , ° , ± , and µ
aredepicted).

In (c) and(d), we show IPDsandin (e)and(f), we show OPDs.In (c) we identify two
IPDs, ° � ³·¶ and ° � ³+¸ . In (e) we identify two OPDs, ¹ � ³#¶ and ¹ � ³+¸ . Thefigureshows two
edgedomains:edgedomain° between¹ � ³ ¶ of portdomain(e)and ° � ³ ¸ of portdomain(c)
andedgedomain± between¹ � ³+º of port domain(f) and ° � ³»º of port domain(d).

ThePRDGis theintermediatebetweenthegivenMatlabspecificationandtherequired
processnetwork specification.

¼����!2·
�½¾2·��¿��+�wÀÂÁÃ%�½�2·��¿��+�
In the pathfrom Matlab to the PRDG,Compaanusesthe tools MatParser [12,9] and

DgParser [9]. MatParseris anarray dataflowanalysiscompilerthatfinds all parallelism
availablein affine NLPswritten in Matlabusinga very aggressive datadependency anal-
ysis techniquebasedon integer linear programming[13]. The analysisresultsin a static
representationof theapplicationwhichenablesusto analyseandmanipulateit.

MatParserfinds whethertwo variablesaredependenton eachother, andmoreover, atÄ$Å+ÆÈÇÉÅ�Ê �lË Ç Ë Æ � .
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¥

andthecorrespondingport domains.

which iteration. It partitionsthe iterationspacesdefinedby the affine control statements,
andgivesthedependencevectorbetweenpartitions.For theprogramgivenin Figure1, that
only containtsfor-next control statements,MatParsersolvesabouta hundredparametric
integerprogramproblemsto find all data-dependencies.

In Figure6,partof theoutputof MatParseris shown for thealgorithmgivenin Figure1.
It shows how the iterationspacespannedby the for-next iterators ² and ± is partitioned
usingif/elsestatements.Consequently, for differentpartitions,differentdata-dependencies
may apply. In caseof input argument °ÔÜÝ­ of functionVec(), eithera valuepreviously
definedby functionVec shouldbeused(i.e., Þß¶ e ²áàãâ i ± m ), definingthedata-dependency« e$m , or a valuefrom theoriginal r-matrix (i.e., Þ e ± i ± m ) shouldbeused.

DgParserconvertstheSAC descriptioninto thePRDGdescription,which is astraight-
forward conversion. Accordingly, the shapeof the nodedomainis given by the way the
for-next loopsaredefinedandthe partitioningof the node-domaincorrespondswith the
if/else conditions. The termsipd andopd usedin Figure6 relateto the IPD andOPD
definedin Section5.

ä���½¾24����2
OnceDgParserhasestablisheda PRDG model of an algorithm, the Pandatool can

generatea network descriptionandthe individual processes.The network descriptionis
straightforward,asit followsthetopologyof thePRDG.Eachnodein thePRDGis mapped
ontoa singleprocessandeachedgeis mappedontoan unboundedFIFO. In caseof Fig-
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%% Single Assignment Code Generated by MatParser
for k = 1 : 1 : K,

for j = 1 : 1 : N,

if k-2>= 0,
[ in_0 ] = ipd( r_1( k-1, j ) );

else %% if -k+1 >= 0
[ in_0 ] = ipd( r( j, j ) );

end
if j-2>= 0,

[ in_1 ] = ipd( x_1( k, j-1, j ) );
else %% if -j+1 >= 0

[ in_1 ] = ipd( x( k, j ) );
end

[ out_0, out_1, out_2 ] = Vec( in_0, in_1 );

[ r_1( k, j) ] = opd( out_0 );
[ x_1( k, j) ] = opd( out_1 );
[ t_1( k, j) ] = opd( out_2 );

end
end

Fig. 6. SingleAssignmentCode

ure 4, nodes
�

, æ , ç , ¬ , and
k

will definea processandedgesè to é will definean
unboundedFIFO.

As shown in Figure 3, the Pandatool divides the generationof a processinto three
differentsteps:domainscanning,datapartitioning,andlinearization.BecausethePRDG
in Figure4 in not well suitedto illustratethesethreestepswe useanotherexamplein this
section.Theexampleusedin thissectionis givenin Figure7 andFigure8. Figure7 shows
a simpleprogramin Matlabandthesingleassignmentcodegeneratedby MatParser. The
top partof Figure8 givesanunfoldedview of thePRDGthatDgParsergeneratesfrom the
SAC in Figure7. Thebottompartof Figure8 is theprocessnetwork thatPandagenerates
from thePRDG.It hastwo processnetwork nodes,calledtheproducerandtheconsumer,
andanunboundedFIFOchannelfor thecommunicationbetweenthetwo. Pandagenerates
thebottom-partof thefigurefrom thetop part.

The nodedomainsê ¬�ë and ê ¬Éì correspondto the functions ´ e$m and µ e$m , respec-
tively. Themapping« e$m representsthedatadependency andcorrespondswith theindex-
ing
e ²íàîâ i é m in line 7 of theSAC. To clearlydistinguishbetweenthe iterationspacesof

the producerandconsumerwe madea changeof variables,i.e., for the ê ¬�ë and êï¬ðì
we appliedthe transformations

e ² i é m�ñòe ±�¸ i ±�¶ m and
e ² i é m�ñòe °X¸ i °U¶ m , respectively. As a

consequencethemapping« e$m is thefunction «òó p ± ¸ c ° ¸ àãâ x ± ¶ c ° ¶ � .
5.1. DomainScanning

The first stepin Pandais to scanthe nodedomainsby lexicographicallyorderingthe
points in the node’s iteration domain. Thus,given the iteratondomains ô cõpXö � ö1cr ë t÷v 0 ë x t'z | ë }�� ¸ � for ê ¬ ë ando c�p � � � cîr ì t�v 0 ì x tøz | ì }�� ¸ � for ê ¬ ì ,
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%parameter N 4 16;
for k = 0:1:N,
for l = k:1:N,

[x(k,l)] = f();
[] = g( x(k-1,l) );

end
end

(a)Original Matlabprogram.

1. %parameter N 4 16;
2. for k = 0:1:N,
3. for l = k : 1 : N,
4. [out_0] = f( );
5. [x_1( k, l)] = opd( out_0 );
6. if k-1>= 0,
7. [in_0] = ipd( x_1(k-

1,l) );
8. else %% if -k >= 0
9. [in_0] = ipd( x(k-

1,l) );
10. end
11. [] = g( in_0 );
12. end
13. end

(b) SAC theMatParserproduces.

Fig. 7. OriginalMatlabprogramandtheSAC thanMatParserproducesfrom it.
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Fig. 8. MappingthePRDGof Figure7 ontoaProcessNetwork, runningexample.

respectively, andthe iteratorscanorders,say
e ± ¸ i ± ¶ m for ê ¬�ë and

e ° ¶ i ° ¸ m for êï¬ðì , the
taskis to returna lexicographicalorderingof thedomainsin termsof a nestedloop. The
Fourier-Motzkin procedure[14] is usedto accomplishthis. Fourier-Motzkin (FM) finds
thebounderiesof the iterators,giventhe iteratorscanorders.Thus,FM returnsfor sort
order

e ±�¸ i ±�¶ m : p��á� ±�¸ � ê i ±�¸ � ±�¶ � ê � andfor sort order
e °L¶ i °X¸ m : p��í� °U¶ �ê i��ð� ° ¸ � ° ¶ � . Theconversionto a nestedloopscanningis thenstraitforward.

5.2. Data Partitioning

MatParsergeneratesaSAC descriptionin which only theIPDsareexplicitly specified.
This meansthat the input argument °hÜ ­ in Figure7 is surroundedby if/else statements,
while the output value ¹	��
X­ is not. A consequenceof this is that output valuescan be
generatedthat arenever usedby someinput domain. This problemis illustratedin the
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top partof Figure8; thesolid shadedtriagle is known explicitly while thedashedshaded
triangleis not. Thesecondstepin Pandais to make theOPDsexplicit.

Makingtheoutputportdomainsexplicit is illustratedin Figure9. It showstwo commu-
nicatingnodedomainsêï¬ ë and êï¬ ì . Thetokensproducedby port domain 
 ë of node
domain ê ¬�ë areto beconsumedby port domain 
�ì of nodedomain ê ¬Éì , asdescribed
by thedata-dependency with mapping« ehm . Portdomain 
�ë is anOPDandport domain

 ì is anIPD. To make 
 ë explicit, Pandaapplies« e$m to IPD 
 ë .

NDND
ipdPp

M()

cP

CP

opd

Fig. 9. Making theoutputport domainexplicit.

The proceduregoesasfollows. Startingpoint is the relationbetweenIPD andOPD
through « e$m . By applying « e$m to the IPD

p��ø� ° ¶ � ê x �ø� ° ¸ � ° ¶ � of ê ¬Éì the
OPDof ê ¬ ë is found to be

p�� � ±�¸ � ê�à{â x ±�¸ v â � ±ß¶ � ê � . Comparingthese
portdomainswith therespectivenodedomains,it followsthatwhatremainsto bechecked
at run time - to detectthe port domainswhile scanningthe nodedomains- is whether±�¸ v â � ±�¶ in êï¬ ë and â � °X¸ in ê ¬ ì .
5.3. Linearization

The channelsbetweenprocessesare one dimensionalFIFO buffers. Therefore,the
orderin which a consumingprocessreadstokensfrom a channelmustbethesameasthe
orderin which tokensarewritten onto the channelby the producingprocess.Of course,
theconsumingprocesswill in generalusethereadtokensin adifferentorder(out-of-order
consumption).Thechanel’sFIFOandtheconsumerprocess’sreordermemoryaremodeled
asasingleone-dimensionalmemory� . This is shown in Figure10.

m

w(j)

r(i)

Fig. 10. Theproducer-to-consumerchaneelFIFO andtheconsumer’s memorymodeledasasinglelinar memory� .

� is a logicalstoragestructure(LSS)[15], andthereis oneLSSfor each¹ � ³��ß° � ³ pair.
The producernodewrites tokensinto the LSS in the ordergiven by a write polynomial� e ö�m . The consumernodeconsumestokensfrom this LSS in the ordergiven by a read
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polynomialÞ e � m . Thewrite polynomialfollowsfrom arankingof theOPDof theproducer.
The ranking follows the order resultingfrom the domainscanninganddatapartitioning
steps.The readpolynomialsatisfiesÞ e � m c � e « e � m�m , where « e � m is the affine mapping
from theIPD of ê ¬Éì to theOPDof ê ¬�ë . Therankingin ê ¬�ë in therunningexampleis
shown in Figure11. Thecorrespondingwrite polynomialis givenas

� e ±�¶ i ±�¸ mjc à â� ± ¸¸ v e ê à â� m ±�¸ v ±�¶ýàãâ (1)

Thecorrespondingreadpolynomialfor ê ¬ ì is givenby

Þ e ° � i °X¸ mjc � e « e °U¶ i °Ô¸ mUmuc � e °U¶ i °X¸8àãâ mc à â� ° ¸¸ v e ê v â� m ° ¸ v ° ¶ à e ê v â m (2)

The linearizationmethodin Pandarelieson methodsto countthe numberof integral
pointscontainedwithin apolytopeusingso-calledEhrhartPolynomials[16]. Thesemeth-
odsareimplementedin thelibrary PolyLib [17].

0 1 2 3 4 N=5

N=5

0

4

3

2

1

0 1 2 3 4

0

1

2

3

4

N=5

N=5

P c
i1

ij

j

2

1

2

ND ND

0 1 2 3 4

5 6 7 8

9 10 11

12 13

14

M

Fig. 11. Rankingof nodedomainsto derive readand write polynomialsfor addressingthe LSS � between
producerandconsumer.

Thethreestepsdomainscanning, datapartitioning, andlinearizationresultin acontrol
programasshown in Figure12 for the runningexample.As canbeseenfrom thefigure,

ú�Ø þ
for
Ñ Ú

=

Æ
to
ú

for
Ñ Õ

=
Ñ Ú

to
ú

[out] =
Í����������

;
�����

=
Í	�
in

�
;

in = � � �!� Ð Õ!" Ð Ú ���
;

end

end

end

end

end

if (
Ñ Ú�#%$'& Ñ Õ

)

end

� �)( #*# �
= out;

ú�Ø ÿ
for
Ð Õ

=

Æ
to
ú

for
Ð Ú

=

Æ
to
Ð Õ

if (
$'& Ð Ú

)

Fig. 12. Controlprogramfor writing in-orderto thechannelandreading- possiblyout-of-order- from memory.
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ê ¬�ë ’s ö -loopnestscanstheport domainandproducesin eachandevery point theoutput
of the function’s firing in thesepoints. If the condition ± ¸ v â � ± ¶ is true, then the
outputvaluesareput in order to the channel. êï¬ ì getsthesevaluesfrom the channel
andputs them into a reorderingmemory. ê ¬Éì ’s � -loopnestscansthe port domainand
if the condition â � °X¸ is satisfied,then the input value for the function residingin the
nodedomainat the scanpoint is readfrom thereorderingmemoryat address� e Þ e � mUm�c
� e � e « e � m�mUm .
+.� &(
����»"���¿��$
)�

With the toolsetpresentedin this paper, affine nestedloop Matlab programscanbe
convertedto KahnProcessNetworkswhichareto bemappedontoahigh level architecture
descriptionfor simulationandperformanceanalysison a high level of abstraction.Not
discussedin thepaperis a tool for performingtransformationson the intermediatePRDG
specificationof the application.Examplesof suchtransformationsare index transforma-
tionsandPRDGunrolling. All elementsof theCompaantool setareimplementedin Java.
Partof it is integratedin thePtolemyII framework(seehttp://www.gigascale.org/compaan).
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