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ABSTRACT

High level modelingand (quantitatve) performanceanalysisof signal processingsystemsre-
quireshigh level modelsfor the applications(algorithms)andthe implementationgarchitectures)a
mappingof the formerinto the latter anda simulatorfor fastexecutionof the whole. Signalprocess-
ing algorithmsarevery often nested-loomlgorithmswith a high degreeof inherentparallelism.This
paperpresents for suchapplications- a suitableapplicationmodelanda methodto corvert a given
imperatve executablespecificatiorto a specificationin termsof this applicationmodel. The methods
andtoolsareillustratedby meansf anexample.

1. Introduction

A new kind of embeddedarchitecturess emeping thatis composedf a micropro-
cessorsomememory anda numberof dedicatecdtoprocessorthatarelinkedtogethewia
somekind of programmablénterconnec{SeeFigurel). Thesearchitecturesredevisedto
be usedin real-time,high-performanceignalprocessingpplications.Examplesof these
new architecturesrethe Prophidarchitecturg1], The Jacobiumarchitecturg?2], andthe
Pleiadesarchitecturg3], to be usedin respectiely, video consumeiappliancesadaptve
array signal processingand wirelessmobile communications.Thesearchitecturehave
in commonthatthey exploit parallelismusinginstructionlevel parallelismofferedby the
microprocessoandcoarse-grainegarallelismofferedby the coprocessorsGivena setof
applicationsthe hardware/softvare codesignproblemis to determinewhat needsto exe-
cuteon the microprocessoand what on the coprocessorand, furthermore,what should
eachcoprocessocontain,while beingprogrammablenoughto supportthe setof applica-
tions.

Theapplicationghatneedto executeonthearchitectureretypically specifiedusingan
imperativze modelof computationmostcommonlyC or Matlah In Figurel, for example,
we shav an algorithmwritten in Matlah Althoughtheimperative modelof computation
is well suitedto specifyapplicationsjt doesnot reveal parallelismdueto its inherentse-
guentialnature. Compilersexist thatareableto extractinstructionlevel parallelismfrom
the original specificationat a very fine level of granularity They are,however, unableto
exploit coarse-grainegharallelismoffered by the coprocessorsf the architecture. This
malkesthe mappingof the applicationsontothearchitecturaifficult.

Instead,a betterspecificationformat would be to usean inherentlyparallelmodel of
computationlike ProcessNetworks(PN) [4,5]. A PN modelsapplicationsasa network
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Fig. 1. Mappingthe applicationontoan architecturas difficult becauseéhe Model of Computatiorof the appli-
cationdoesnot matchtheway the architectureoperates.

of concurrentlyexecutingsequentiaprocessesdlt expressegarallelismnaturallyfrom the
veryfine-grainedo thevery coarse-grainedinddoesnot pre-imposery particularsched-
ule. Themappingthenbecomegheassignmenof the processeto the microprocessoand
the coprocessorasshownn by toolslike ORAS[6], or SFADE [7]. Usingthesetools,a Y-
chart[8] canbeconstructedallowing thequality assessmermf mappingson architectures.

This paperdescribegshe Compaartool setthat automaticallytransformscertainMat-
lab applicationsinto a processnetwork description,asshovn in Figure 1. It corvertsa
Matlab applicationinto a polyhedal reduceddependencgraph (PRDG), thatis subse-
guentlycorvertedinto a Kahn processnetwork(KPN) description[4]. The Compaartool
setis confinedto operateon affine nestedoop programs(NLPs)[9] that appearoftenin
applicationsof interest.

The outline of the paperis asfollows. Section2 givesthe Y-chart explorationscheme
underlyingour conceptof modelingand simulation. Section3 presentghe Matlab-to-
ProcesdNetwork compiler Compaan Section4 briefly reviews the tools MatParser and
DgParserthatgeneratdrom a givenimperatie specificatiora singleassignmentodeand
areduceddependencgraph,respectiely. Section5 introduceshetool thatgenerateshe
processem the Process\Network specificatiorof anapplication.

2. The Modeling Concept

In line with Kienhuisetal. [10] we adwocatethatthe developmenbf heterogeneousr-
chitectureshouldfollow agenerakchemewhich canbevisualizedby the Y-shapedigure
in Figure2(a): The Y-chart. In the upperright partof Figure2(a)is the setof applications
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that drivesthe designof the architecture. Typically, a designerstudiesthis setof appli-
cations,makes someinitial calculations,and proposesan initial parameterizeérchitec-
ture. The effectivenesf this architecturds thenevaluatedby comparindts performance
for differentvaluesof 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-
structurethe application(s)r to modify the mappingof theapplication(s).Thesedesigner
actionsaredenotedoy thelight bulbsin Figure2(a).

In this approachijt is assumedhat the applicationsandthe architectureare specified
in termsof a modelof computationanda modelof implementationrespectiely. For the
parallelexecutionof signal processingnestedoop programs(NLPs), a naturalmodel of
computationis the ProcessNetworkmodel[4,5] which is quite differentfrom the usual
imperative modelof computationin which the applicationsarecommonlyspecified.lt is,
therefore,necessaryo provide a compilerthat extractsthe available parallelismfrom an
applicationspecifiedasanNLP, sayin Matlab,andautomaticallycorvertit into a process
network specification We thusextendthe Y-chartervironmentshovn in Figure2(a)to the
ervironmentshown in Figure2(b).

In Section3to 5 wefocusontheupperright cornerin Figure2(b)whichis implemented
in our Compaartool set.

3. The Compaan Tool Set

We developedthe Compilation of Matlab to ProcessNetworks (Compaan)tool set,
which transformsa nestedoop programwritten in Matlab into a processnetwork spec-
ification. Compaandoesthis transformationin a numberof steps,shavn in Figure 3,
leveraginga lot of techniquesvailablein the SystolicArray literature[11]. In Figure3, a
boxrepresents resultandanellipsoidrepresentanactionor tool.

Compaanstartsthe transformationby corverting a Matlab NLP specificationinto a
single-assignmemntode (SAC) specification. This makesall parallelismavailablein the
original Matlab specificationexplicit. Next, it derivesthe polyhedal reduceddependence
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graph (PRDG)specificationfrom the SAC. Fromthis PRDG,the network descriptionand
theindividual processesf the PN arederived. The threestepsin Compaararerealized
by separat¢ools: MatParser, DgParser, andPanda respectiely. Thelastmentionedool,
Pandageneratethenetwork andtheprocesse theprocessietwork fromthePRDG.The
generatiorof the processess further decomposethto domainscanning data partioning,
andlinearization We elaborateon thesetoolsin Section4 andSection5.
In the Matlab—to—Proceshletwork compilation,the role of the PRDGis crucial. A
PRDGis a compactrepresentatiowf an NLP’s dependencgraph. It is a directedgraph
G = (V, E), whereV is asetof nodedomainsand £ is a setof edge domains ThePRDG

representatiomf thealgorithmin Figurel is showvn in Figure4*

3.1. NodeDomain
A nodedomainis characterizedby 1) aniterationdomainZ = {i = Lk + m Ak €
P NZ"} whereP = {x € Q" | Ax < b} is a polytope,2) a function, and 3) a set
of port domains. Here, L and A areintegral matrices,andi, k, m, andb areintegral
vectors.Although L mustnotbeinvertible,it is abijectionfrom P NZ"™ to Z. Thefunction
residesin eachandevery pointin the iterationdomain. The function takesits arguments
from its input portsandreturnsvaluesto its outputports A particularinput port or output
port belongsto a nodedomains input port domain(IPD) andoutputport domain(OPD),

respectiely.

3.2. Edge Domain
An edgedomainis an orderedpair (v;,v;) of nodedomainstogethemwith anordered

pair (p;,p;) of port domains,wherep; is an OPD of v; andp; is anIPD of v;. Unlike
the iterationdomainof the nodedomain,theiterationdomainof p; is definedby anaffine

*NodesA, B, andE aresourceandsinknodes.Thecorrespondingodeis notincludedin theapplicationprogram

in Figurel
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J

Fig. 4. PRDGof programin Figurel.

mappingM thatis a surjectionfrom IPD to OPD which expresseghe datadependeng
betweerthe outputport of thefunctionin v; andtheinput portof thefunctionin v;.

3.3. Example

Toillustratethenotionof nodeandportdomainswe show in Figure5 apart D, of node
domainD in Figure4!. To be precise,nodedomainD containsall the Rot () functions
of theprogramin Figure 1. ThefigureshovsthenodedomainDy (a), its iterationdomain
with theiteratorsi andj (b), its portdomaing(c)-(f), andits view asit appearsn thePRDG
(9) (becausave left outthe k relateddomainsonly the edgeswith labelsd, f, ¢, j, andg
aredepicted).

In (c) and(d), we shov IPDsandin (e) and(f), we shav OPDs.In (c) we identify two
IPDs,ipd; andipds. In (e) we identify two OPDs, opd; andopd,. Thefigure showvs two
edgedomains:edgedomain: betweervpd; of portdomain(e) andipd, of portdomain(c)
andedgedomainj betweeropds of portdomain(f) andipds of portdomain(d).

The PRDGis theintermediatédbetweerthe given Matlab specificatiorandtherequired
processetwork specification.

4. MatParser & DgParser

In the pathfrom Matlabto the PRDG, Compaarusesthe tools MatParser[12,9] and
DgParser[9]. MatParseris anarray dataflowanalysiscompilerthatfinds all parallelism
availablein affine NLPswritten in Matlab usinga very aggressie datadependeng anal-
ysis techniquebasedon integer linear programming[13]. The analysisresultsin a static
representatioof the applicationwhich enablesisto analyseandmanipulatet.

MatParserfinds whethertwo variablesare dependenbn eachother, andmoreover, at

t1Zo =Z 0 {k = ko}.
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Fig. 5. Partof nodedomainD andthe correspondingport domains.

which iteration. It partitionsthe iterationspacedefinedby the affine control statements,
andgivesthedependenceectorbetweerpartitions.For the programgivenin Figurel, that
only containtsfor-next control statementsMatParsersolves abouta hundredparametric
integerprogramproblemsto find all data-dependencies.

In Figure6, partof theoutputof MatParsetis showvn for thealgorithmgivenin Figurel.
It shavs how the iteration spacespannecby the for-next iteratorsk and j is partitioned
usingif/else statementsConsequentlyfor differentpartitions,differentdata-dependencies
may apply. In caseof input argumenting of functionVec() , eithera value previously
definedby functionVec shouldbeused(i.e.,r; (k — 1, j)), definingthe data-dependenc
M(), or avaluefrom theoriginal r-matrix (i.e., (4, j) ) shouldbeused.

DgParsercorvertsthe SAC descriptioninto the PRDGdescriptionwhichis a straight-
forward corversion. Accordingly, the shapeof the nodedomainis given by the way the
for-next loops are definedand the partitioning of the node-domaircorrespondsvith the
if/felse conditions. Thetermsi pd andopd usedin Figure6 relateto the IPD andOPD
definedin Section5.

5. Panda

Once DgParserhasestablishech PRDG model of an algorithm, the Pandatool can
generatea network descriptionandthe individual processesThe network descriptionis
straightforvard,asit followsthetopologyof thePRDG.Eachnodein the PRDGis mapped
onto a single processand eachedgeis mappedonto an unbounded-IFO. In caseof Fig-
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%% Si ngl e Assi gnment Code Generated by Mat Parser
for k =1: 1: K,
for j =1: 1: N,

if k-2>= 0,
[ in0] =ipd( r_1( k-1, j ) );
else Woif -k+1l >= 0

[ inO] =ipd( r(j, i) )
end
if j-2>=0,
[ in_1] =ipd( x_1( k, j-1, j ) );
else Woif -j+1 >= 0
[ in_1] =ipd( x( k, j ) );
end
[ out_O, out_1, out_2 ] = Vec( in 0, in_1);
[ r_1( k, j) 1 = opd( out_O0 );
[ x_1( k, j) 1 = opd( out_1);
[ t_1( k, j) 1 = opd( out_2);
end

end
Fig. 6. SingleAssignmeniCode

ure 4, nodesA, B, C, D, and E will definea processandedgesa to ¢ will definean
unboundedIFO.

As shawvn in Figure 3, the Pandatool dividesthe generationof a processinto three
differentsteps:domainscanningdatapartitioning,andlinearization.Becauseéhe PRDG
in Figure4 in notwell suitedto illustratethesethreestepswe useanotherexamplein this
section.Theexampleusedin this sectionis givenin Figure7 andFigure8. Figure7 shavs
asimpleprogramin Matlab andthe singleassignmentodegeneratedyy MatParser The
top partof Figure8 givesanunfoldedview of the PRDGthat DgParsergenerate§rom the
SAC in Figure7. The bottompartof Figure8 is the processetwork that Pandagenerates
from the PRDG.It hastwo processetwork nodescalledthe producerandthe consumer
andanunbounded-IFO channefor thecommunicatiorbetweerthetwo. Pandagenerates
the bottom-partof thefigurefrom thetop part.

The nodedomainsN D, and ND, correspondo the functions f() andg(), respec-
tively. The mapping () representshe datadependengandcorrespondsvith theindex-
ing (k — 1, ) in line 7 of the SAC. To clearly distinguishbetweerthe iteration spacef
the producerand consumemwe madea changeof variables,i.e., for the ND, and ND,
we appliedthe transformationsk, £) — (jz2,j1) and(k,£) — (i2,i1), respectiely. As a
consequencthemappingM () is thefunction M : {jo =i2 — 1 A j1 =41},

5.1. DomainScanning

The first stepin Pandais to scanthe nodedomainsby lexicographicallyorderingthe
pointsin the nodes iteration domain. Thus, given the iteratondomainsy = {j|j =
L,k+m,Ak € P,nZ*} for ND,andZ = {i|i= L.k+m.Ak € P.NZ?} for ND,
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1. Yparaneter N 4 16;
2. for k = 0:1:N,
3. for I =k : 1 : N,
Yparaneter N 4 16; 4. [out_0] =f( );
for k = 0:1:N, 5. [x_1( k, 1)] = opd( out_0 );
for | = k:1:N, 6. if k-1>= 0,
[x(k,1)] =f(); 7. [in_0] = ipd( x_1(k-
[1 = 9( x(k-1,1) ); L) ):
end 8. else Wif -k >=0
end 9. [in_0] = ipd( x(k-
1,1) );
10. end
11. [1 =g( in0);
12. end

(a) Original Matlab program. 13. end
(b) SAC the MatParserproduces.

Fig. 7. Original Matlab programandthe SAC thanMatParserproducedgrom it.

J1 ND, i1 ND.
o 0 1 2 3 4 N=5 is 0 1 2 3 4 N=5
0 0
1 1
2 2
M |
3 = 3
4 4
N=5 N=5
0 Fifo buffer a
Producer Consumer

Fig. 8. Mappingthe PRDGof Figure7 ontoa ProcessNetwork, runningexample.

respectiely, andthe iterator scanorders,say (j2, j1) for ND, and (i, i) for ND., the
taskis to returna lexicographicalorderingof the domainsin termsof a nestedoop. The
FourierMotzkin procedure14] is usedto accomplishthis. FourierMotzkin (FM) finds
the bounderie®f theiterators,giventhe iteratorscanorders.Thus,FM returnsfor sor t

order (j2,51): {0 < ja < N, jo <j1 < N}andforsort order (ig,i2): {0 <i; <
N, 0 <iy <i1}. Thecorversionto a nestedoop scannings thenstraitforward.

5.2. Data Partitioning

MatParsergenerates SAC descriptionin which only thelPDsareexplicitly specified.
This meansthat the input argumenting in Figure 7 is surroundedy if/else statements,
while the outputvalue outy is not. A consequencef this is that outputvaluescan be
generatedhat are never usedby someinput domain. This problemis illustratedin the



Deriving ProcessNetworksfrom Nested_oopAlgorithms 9

top partof Figure8; the solid shadedriagle is known explicitly while the dashedshaded
triangleis not. The secondstepin Pandais to make the OPDsexplicit.

Making theoutputportdomainsexplicit is illustratedin Figure9. It shavstwo commu-
nicatingnodedomainsN D, and N D.. Thetokensproducedby port domainF, of node
domainN D, areto be consumedy portdomainF, of nodedomainN D, asdescribed
by the data-dependeowith mappingM (). PortdomainP, is an OPD andport domain
P, isanlIPD. To make P, explicit, Pandaapplies)M () to IPD P,.

MO

opd ipd) ||Fe
ND, P P ND

Fig. 9. Making the outputport domainexplicit.

The proceduregoesasfollows. Startingpoint is the relationbetweenlPD and OPD
throughM (). By applying M () tothelPD {0 < i; < N A0 < iy < 41} of ND, the
OPDof ND, isfoundtobe {0 < jo < N —1Aj,+1 < j; < N}. Comparingthese
portdomainswith therespectie nodedomainsijt followsthatwhatremainsto be checled
at run time - to detectthe port domainswhile scanningthe nodedomains- is whether
Jjo+1<j1inNDy,andl <iyin ND,.

5.3. Linearization

The channelsbetweenprocessesre one dimensionalFIFO buffers. Therefore,the
orderin which a consumingprocesseadstokensfrom a channeimustbe the sameasthe
orderin which tokensare written onto the channelby the producingprocess.Of course,
theconsumingoroceswill in generalusethereadtokensin adifferentorder(out-of-order
consumption)Thechanels FIFO andtheconsumeprocesssreordermemoryaremodeled
asasingleone-dimensionainemorym. Thisis shavnin Figurel0.

(IILITITITITT ]S

Fig. 10. Theproduceito-consumechaneeFIFO andthe consumes memorymodeledasa singlelinar memory
m.

m is alogical storagestructure(LSS)[15], andthereis oneLSSfor eachopd/ipd pair.
The producernodewrites tokensinto the LSS in the order given by a write polynomial
w(j). The consumemodeconsumegokensfrom this LSSin the ordergivenby a read
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polynomialr(i). Thewrite polynomialfollows from arankingof the OPD of the producer
The ranking follows the orderresultingfrom the domainscanningand datapartitioning
steps. The readpolynomialsatisfies (i) = w(M (1)), whereM (i) is the affine mapping
fromthelPD of N D, totheOPDof N D,. Therankingin N D, in therunningexampleis
shavnin Figurell. Thecorrespondingvrite polynomialis givenas

.. 1. 1.. .
w(j1,j2) = —§J§+(N— 5)]2 +j1—1 (1)

The correspondingeadpolynomialfor N D, is givenby
T(ii,ig) = U}(M(il,ig)) = W(il,iQ - ].)

1 1
=—§i§+(N+§)iz+i1 —(N+1)

)

The linearizationmethodin Pandarelieson methodsto countthe numberof integral
pointscontainedwithin a polytopeusingso-calledEhrhart Polynomialg[16]. Thesemeth-
odsareimplementedn thelibrary PolyLib [17].

iz NDp i ND
iz 0 1 2 3 4 Ns5 i 0 1 2 3 4 N=5
0 0 1 2 3 4 0
1 5 6 7 8 1
2 9 Do Ju1 2
9 M |
3 \1\2 13 3
4 ~ 4
N=5 N=5

Fig. 11. Rankingof node domainsto derive readand write polynomialsfor addressinghe LSS m between
producerandconsumer

Thethreestepsdomainscanningdatapartitioning, andlinearizationresultin acontrol
programasshown in Figure 12 for the runningexample. As canbe seenfrom thefigure,

ND, ND.

for jo =0to N for i1, =0 to N
for j1 = ja to N for 49 = 0 to iq

if (1<1i9)
| — " in = m(r(i, i2));
end

[out] = /‘()Y P f(|r-|)Y

it (jo+1<j1)
m(w + +) = out; "]
end

end end
end end

Fig. 12. Controlprogramfor writing in-orderto the channelandreading- possiblyout-of-order- from memory
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ND,’s j-loopnestscanghe port domainandproducesn eachandevery point the output
of the function’s firing in thesepoints. If the conditionj, + 1 < j; is true, thenthe
outputvaluesare put in orderto the channel. ND_ getsthesevaluesfrom the channel
and putstheminto a reorderingmemory N D_'s i-loopnestscansthe port domainand
if the condition1 < i, is satisfied,thenthe input valuefor the function residingin the
nodedomainat the scanpoint is readfrom the reorderingmemoryat addressn(r(i)) =

m(w(M(i))).

6. Conclusion

With the toolsetpresentedn this paper affine nestedloop Matlab programscan be
corvertedto KahnProcesdNetworkswhich areto bemappedntoahighlevel architecture
descriptionfor simulationand performanceanalysison a high level of abstraction. Not
discussedn the paperis atool for performingtransformation®n the intermediatdPRDG
specificationof the application. Examplesof suchtransformationgreindex transforma-
tionsandPRDGunrolling. All elementf the Compaartool setareimplementedn Java.
Partof it isintegratedn thePtolemyll framework (seehttp://www.gigascale.ay/compaai
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