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ABSTRACT

Following the Y-chartparadigmfor designinga system,an appli-
cationandanarchitecturearemodeledseparateljandmappednto
eachotherin an explicit designstep. Next, a performanceanaly-
sisfor alternative applicationinstancesarchitecturanstancesand
mappingshasto be done,therebyexploring the designspaceof
thetametsystem.Deriving alternatve applicationinstancess not
trivially done.Neverthelessmary instance®f asingleapplication
exist that are worth to be derived for exploration. In this paper
we presentalgorithmic transformationtechniquedfor systematic
andfastgeneratiorof alternatve applicationinstanceshatexpress
task-level concurreng hiddenin anapplicationin somedegreeof
explicitness. Thesetechniqueselp a systemdesignerto speedup
significantlythe designspaceexplorationprocess.

Keywords
system-lgel designdesignspace=xploration,applicationinstances,
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1. INTRODUCTION

In system-lgel designof embeddedsignal-processingystemsa
systemdesignerseesthe target systemas the pair Application(s)
specification- Architectuie template An exampleof sucha pair
is shawvn in theleft partof Figure 1. The applicationspecification
providesthe functional behaior of the system. The architecture
templatespecifiesthe organizationof the resource®of the system
ontowhich the functionalbehaior is to be mapped.In this stage,
adesignehasto make somedesigndecisionsfor example,how to
partition the applicationinto tasks,how to mapthe tasksonto the
architecturdemplate whatkind of communicatiorstructureto use
in the architecturegemplate etc. In orderto evaluatedifferentde-
signdecisionsa systemdesigneusesa modelof thetargetsystem
anddoesperformanceanalysisor alternatve applicationinstances,
architecturanstanceand mappingstherebyexploring the design
spaceof the Application- Architecture pair.
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forj=1:1:N,
[X(j)] = Sourcel();
end
fori=1:1K,
[y(i)] = Source2();
end
forj=1:1:N,
fori=1:1:K,
Iy, x()1 = Fy(. x());
end
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Figure 1: Alternative instances of the application have to be
generated, mapped onto the architecture template and ex-
plored in order to evaluate the performance of the Application-
Architecture pair.

paradigm[4]. Tools like SFADE [9] and ORAS [6] implement
technigueghat supportthe Y-chart paradigmbut they focusonly
on the exploration of alternatve architectureinstancesand map-
pings[8]. In this paper however, we focus on techniquesthat
supportefficient explorationof alternatve applicationinstancesn
systemlevel design. An application instanceis every partition-
ing of an applicationinto a compositionof concurent tasks We
usethe KahnProcessNetwork (KPN) modelof computatior{3] to
describeapplicationinstancesin the Kahnmodel,concurrenpro-
cessesommunicatevia unbounded=IFO channels.In Figure1,
we shav asimpleapplicatiorandasetof alternatve KPN instances
of this application(KPN_1 to KPN_5). Eachapplicationinstance
differs from the othersin the degreeof exploited task-level paral-
lelism. The performancef the Application- Architectue pair can
significantlydependon the applicationinstance.So, a systemde-
signerneedssupportto generateand explore a setof instancef
an applicationin orderto evaluatethe performanceof the system
andto chooseanapplicationpartitioningthatsatisfiegequirements
thetargetsystemhasto meet.
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In general,a systemdesignelis only ableto derive at mosta few
altennatve applicationinstances.This is so becauseo systematic
way to derive an applicationinstance Jet alonealternatves, from
anapplicationspecificatioris known, asaresultof which heuristic
andtime consumingapproachesiretaken in practice. Neverthe-
less,mary instancef a singleapplicationexist thatareworth to
be derived for exploration. We presentin this paperalgorithmic
transformationshatwe have developedandimplementedn order
to helpa systemdesignetto derive systematicallyandfastalterna-
tive applicationinstances.Thesetransformationsogetherwith an
aggressie parallelcompilercalled ComPAAN areencapsulatedh
an Application TransformationLayer that automaticallygenerates
a setof applicationinstances.The transformationsand the tools
presentedn this paperare not generallyapplicablein the sense
that the applicationspecificationhasto be an affine nestedloop
program(NLP).

In the next sectionwe shav the positionof the ApplicationTrans-
formation Layer in the Y-chartparadigm. In Section3 two spe-
cific algorithmictransformationsaregivert. The CoMPAAN tool
is briefly describedn Section4. In Section5 we shav how our
algorithmictransformationgre usedin practice. In section6 we
presenta numberof experimentsand associatedesults. Finally,
we discussrelatedwork and drav conclusionsin Section7 and
Section8, respectiely.

2. APPLICATION TRANSFORMATION
LAYER

In this section,we discussthe applicationtransformationayerin
the context of the designspaceexploration process. We usethis
layerasanextensionto the Y-chart environment4]. The position-
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Figure 2: The Y-chart extended with the Application Transfor-
mation Layer.

1 For lack of spacewe confineourselhesto only two suchtrans-
formations.We have identifiedandimplementedthertransforma-
tionsaswell, e.g.,plane-cuttinglook-aheadloop transformations.
Theapproachandtechniques uniform over all transformations.

ing of thetransformatioriayeris shawvn in Figure2. We startwith
an applicationspecificationwritten in animperatie languagdike
Matlabor C andwe have to generatendexplore a setof instances
(Kahn ProcesdNetworks) functionally equivalent to the applica-
tion. First, algorithmic transformationsare appliedto the appli-
cation specification. The transformationsare controlled by a set
of parametersAt the beginningsomeinitial valuesareassignedo
theparameterdependingntheavailableresource thearchitec-
turetemplate.With thesevalues,the original codeof the applica-
tion is automaticallytransformedandstructuredn a particularway
in orderto male the parallelismthatis inherentlyavailablein the
applicationexplicit or to enhancehe task-level parallelismin the
application. Secondthe transformedcodeis corvertedautomati-
callytoaKPN descriptiorby anaggressie parallelcompilercalled
ComPAAN. Third, we usea Y-chartervironmentto mapthe KPN
ontoanarchitectureaemplateanddo performancenalysis.There-
sult of this performanceanalysiscanbe usedto changethe values
of the parametergstep4 in Figure 2) if the systemperformance
is not satishctory Then,we repeathe proceduredescribecabore
resultingin a designspaceexploration of alternatve instanceof
the application.This is shavn in Figure2 asafeed-backarrov to
thetransformatiorayer

By changingthe valuesof the parameterghe applicationtransfor
mationlayerautomaticallygeneratesa setof KPNs corresponding
to a singleapplication. The differenceamongthe KPNsis the de-
greeof the task-level parallelismthatis exploited. Till the endof
this paperwe describein moredetailsthe techniquesandtoolswe
have developedandincorporatedn thetransformatiorayer.

3. ALGORITHMIC TRANSFORMATIONS
In this sectionwe presentwo algorithmictransformationspamely
Unfolding and Slewing. Thesetransformationdake as input an
affine nestedoop program(NLP) [2] anda setof parametersThe
outputof the unfoldingtransformatioris anaffine nestedoop pro-
gram which is functionally equivalent to the input programbut
with enhancedask-level parallelism. The skewing transformation
malesthe potentialparallelismin theinput affine nestedoop pro-
gramexplicit. We have developedandimplementedheseandother
transformationsn atool box calledMATTRANSFORM. Thetrans-
formationsin thistool box operatedirectly onthe NLP sourcecode
without using someintermediaterepresentatiorike dependence
graphssignal-flav graphsor data-flav graphscorrespondingo the
NLP.

First, we explain what unfoldingand skewing meanin the context
of our algorithmictransformationsNext, we definethe unfolding
andskewing transformationasprocedureghatoperateonanaffine
nestedoop program.For cornveniencejn our furtherexplanations,
we assumehataffine nestedoop programsNLPs) areexpressed
in Matlabcode.TheNLPscouldalsobe expressedn otherimper
ative programmindanguageske, for example,C.

3.1 Unfolding and Skewing

Considetthe applicationprogram(NLP) andits dependencgraph
(DG) shawnin Figure3-a). TheDG is agraphicakepresentatioof

theNLP. Thenodesn the DG representhe NLP functionsthatare
executedn eachloopiterationandtheedgegsepresenthedatade-
pendenciebetweerthefunctions.TheNLP hastwo loops(with it-

eratorsj, ¢) which canbeunrolledto yield theDG. Unlike common
approachesin which either the loop control is removed through
loop unrolling [10] or the DG is folded [11], our new approacho
getthe desireddegreeof parallelism- atthetasklevel - is to copy
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b) NLP with unfolded j-loop by factor 2
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forj= 2:1:4+3,
for i = max(1,j-4):1:min(j-1,3),
ly(@). x(j=1)] = F(y(@), x(j=i));
end
end

c) NLP with skewed i~loop

Figure 3: Simple exampleillustrating the unfolding and skew-
ing transformations.

aloop body a numberof timesin sucha way thatthesecopiesare
mutually exclusive We call this new approachunfoldingandwe

have implementedt in our unfolding transformation An example
of our unfolding is shawn in Figure 3-b), wherethe j-loop of the
programin Figure3-a)is unfoldedby afactorof 2. Thetwo pieces
of codeboundedby the”if” statementin Figure3-b) aremutually
exclusive. The mutually exclusivenessanbe exploited by anag-
gressie parallel compilerto partition the programin Figure 3-b)

into two processegtasks)thatcanoperatein parallel. The graph-
ical interpretationof the unfolding transformationis given by the
dependencgraphin Figure 3-b). For this simple examplethe un-

folding transformatiorpartitionsthe computationatvorkloadover
two parallel processes.The first processwill executethe nodes
boundedby thedashedoxes. Thesecondorocesswill executethe
nodeshoundeddy thesolidboxes. An exampleof the network con-
nectingthesetwo processess shavn in Figure7 - seeKPN_1. In

general,our unfolding transformations usedto partition an NLP

in N processesyvhereN is equalto the unfoldingfactor Thepro-

cessnetwork correspondingo afully unfoldedNLP is equalto the
dependencgraphof this NLP.

Now, considerthe sameapplicationprogram(NLP) shavn in Fig-

ure 3-a). Thetransformatiorof skewing is to createanenv NLP in

which the boundsof the loopsandthe indexesof the variablesare
changedn aparticularwayto make the potentialparallelismin the
original NLP explicit. For example,skewing thei-loop of the pro-
gramin Figure 3-a) leadsto the NLP in Figure3-c). The effect of

our skewing transformatioris visualizedby the dependencgraph
(DG) in Figure3-c). ThisDG explicitly shavsthatthenodesnside
adashedox canbe executedin parallelbecausehereareno data
dependenceetweerthesenodes.This propertycanbe exploited
by anaggressie parallelcompilerin combinationwith the unfold-
ing describedabore to partitionthe programinto processegtasks)
thatrunin parallel. An exampleof a network of suchparallelpro-
cessesgorrespondingo theNLP in Figure3-c)is givenin Figure8

- seeKPN_4. Moreover, insidetheseprocessesomepiecesof code
canbe executedin parallelor in a pipelinefashionbecausef the

1 UNFOLD(NLP, U, I) {
if (I is enpty set) {

5 print( NLP);
return();

}odse {

10 irst elenent of the set I;

irst element of the set U;

a =f

b =f
loop = take the code fromthe beginning of NLP
till the "for" statenment with loop iterator a,

15 i ncl udi ng;

body = take the body of loop a from NLP;

print(loop) ;
20 for (k = 1; k <= b; k++) {
printin("i f (" +a+" nod" +b+") =" +b-k+', ") ;

templ = the set U without the first elenent;
25 temp2 = the set I without the first el enent;
UNFOLD( body, templ, temp2);

printin("end");
30 }

printin("end");
return();

35 }

Figure 4: Pseudo code describing the UNFOLD transforma-
tion.

skewing transformation.

Note thatin both caseq(unfolding and skewing), the transforma-
tions proceedalongthe NLP codein Figure3. The dependence
graphsareonly shawn to visualizetheeffectof thetransformations.

3.2 Unfolding procedure

Let NLP beanN-deepaffine nestedoop programwith anitera-
tion vector] = {i1,4%2,....,in }. Foreachiy € I |k =1,2,.,N
a parameten, € N is associated.All theseparametergorm a
parametevectorU = {u1,u2, ...., un } Which we call unfolding
vector We definea transformationUNFOLD(NLRU,I) which is
describedn Figure4. The pseudocodein Figure4 describegshe
unfoldingtransformatiorasa recursve procedureThis procedure
operate®n the affine nestedoop programN L P with its iteration
vectorI andthevalueof theunfoldingvectorU. In orderto explain
thebehaior of the procedurdJNFOLD we considerthe following
simpleexample. Let NLP be the programshawn in the left part
of Figure5. NLP hasonly oneloop with an iterator (index) i.
Hence theiterationvector I correspondingo N LP hasonly one
element! = {3} andthe unfoldingvectorU hasalsooneelement
U = {u}. In our examplethe parametew is equalto 10. Follow-
ing the procedurdJNFOLD, first we checkwhether! is anempty
set. In our examplewe startwith I = {:} whichis notanempty
set. Then,we initialize four variables seelines 10, 11, 13 and 16
in Figure4. As aresultwe have: variablea takesthe characters’;
variableb = 10; variableloop takesthestring” for i =1:1: N,
andbody takesthe codein the body of the loop with iterator’s’.
This codeis markedin Figure5 asarectangleLine 18in Figure4
printsto the outputthe variableloop. Theresultis shavn in Fig-
ure5 - thefirst line in the unfoldedNLP. Executinglines 20till 32
in Figure4 will generateherestof thecodeof theunfoldedNLP in
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fori=1:1:N,
if (i mod 10) = 9,

loop body

end
fori=1:1:N, if (i mod 10) = 8,

UNFOLD(NLP, U, Iy
DR
e

end

loop body

=1
QI

if (i mod 10) = 0,

loop body

end
end

Application program (NLP)

U = {10}, 1={i} Unfolded NLP

Figure5: Simple exampleillustrating the UNFOL D() transfor-
mation shown in Figure 4.

Figure5. As aresulttheunfoldedNLP in Figure5 hastencopiesof
theloop body boundedby "if* statementsvith a”mod” statement
makingthemmutually exclusive.

Theexamplein Figure5 shavsthattheinputNLP is transformedo
afunctionallyequivalentNLP whichwe call anunfoldedNLP. The
unfoldedNLP canbe easilycorvertedinto tentasksthatoperaten
parallel. Thatis why we saythatthe unfoldedNLP hasenhanced
task-level parallelismcomparedvith theinput NLP.

3.3 Skewing procedure
Let NLP beanN-deepaffine nestedoop programwith anitera-
tion vectorl = {i1,42,....,in }. Foreachir € I |k =1,2,..,.N
aparametervectorDy, = {m1, ma,...., mn } is associatedyhere
eachm, € N|p = 1,2,.., N. All parametervectorsform a pa-
rametematrix
mi1 .. MmN

mNi1 .. MNN
whichwe call skewing matrix. WerequireM to beunimodular We
defineatransformatiorSKEW(NLRM) asdescribedelow:

e STEP1- Representheiterationspaceof N LP asapolytope
P={Ie€Z"| AI > b}, whereA is anintegral matrix
andb is anintegral vector;

e STEP2 - Usethe skewing matrix M to transformP asfol-
lows:
AM Y MI >b= AT > b,
whered = A.M~'andl = M.I:

e STEP3 - UsetheFourierMotzkin (FM) procedurdl] torep-

resentheiterationspacedescribedy AT > b,interms
of nestedoops. Thisis thenew iterationspaceof N L P with

iterationvector’ ;

e STEP4 - Changeall indexes of the variablesin NLP ac-
cordingto theequation = M 1.1 .

The four stepsdescribedabove areillustratedin Figure 6 in the
contet of a simpleexample. We startwith a 2-deepaffine nested
loop programanda skewing matrix M = [(1) ﬂ In STEP1the
rangesof theloop indexes j andi arerepresente@dsa systemof
linearinequalitiesd.I > b. Next, we usetheskewing matrix M to

Application program (NLP)

forj = 1:1:N, i g i i‘
fori=1:1K, . w7 *<> >= |~
STEP1 (), x() = Fy@), x0); 01 )\ 1
end 0-1 K
end A I b
10 1
10 -1y (11) i\ _[-N
STEP2 01 /"oy o1 *\i Tl
0-1 K
A Mt M b
iL _il <J> l%l M for j’ = 221:N+K,
- *(5, | >= 7 > for i = max(1,j'~N):1:min(j'-1,K),
STEP3 01V 1 Iy(). xG)] = F(y/G). xG):
0-1 K end
A | b end
for j' = 2:1:N+K, 4—‘
for i = max(1,j'-N):1:min(j'-1,K), 2 - N
STEP4 [y(0), XG=0] = Fy0), xG—1); <‘.>= <1'1> *<'-,>=:> P T
end i)j7\o 1 “\i jwih |
end o 1with i
Y r
Skewed NLP

Figure 6: Simple example illustrating the four steps in the
SKEW(NLP,M) procedure.

dothemathematicananipulationglescribedn STEP2.As aresult
we haveanew iterationspaceor theinputNLP, definedby theloop
indexes j' andi’ and boundedby the systemA’.[§", '] > b.
The FourierMotzkin (FM) proceduras usedto representhe new
iterationspaceasnestedoopsasit is shavn in Figure6 - STEP3.
After this stepall variablesinsidethe loopsarestill indexed by the
old indexesj andi. We have to replacethemwith the new indexes
4 and#’. In orderto do thiswe know from STEP2that[j’,4']" =

[(1) ﬂ [j, %, which implies that [, i]T = [3 ‘11] 1

So,we haveto replacendex j with j' — ' andindex 4 with 3’ in all
variables.Thisis illustratedin Figure6 - STEP4.

i

4. COMPILER

In this sectionwe briefly describeour aggressie parallelcompiler
ComMPaAN which exploits the result of the transformationgre-
sentedn Section3. CoMPAAN (Compilationof Matlabto Process
Networks)[7] is amethodandtool set(MATPARSER, DGPARSER,
PanDA) for transformingaffine nestedloop programs(NLP) [2]
written in Matlab into a Kahn ProcesdNetwork (KPN) specifica-
tion.

CoMPAAN startsthetransformatiorby corvertinga Matlabspecifi-
cationinto a singleassignmentode(SAC) specification SAC de-
scribesall parallelismavailablein theoriginalMatlabspecification.
The tool which doesthe Matlab-to-SAC transformationis MAT-
PARSER [5]. MATPARSER is anarray dataflowanalysiscompiler
thatfindsall parallelismavailablein NLPswrittenin Matlabusing
a very aggressie data-dependencgnalysistechnique.This tech-
nigueis basedon parametricinteger linear programming Also,
MATPARSER canhandlenon-linearoperatordik e Max, Min, Ceil,
Floor, Mod andDiv. Thereforejt canhandletheresultof the skew-
ing and unfolding transformationgpresentedn Section3. Next,
atool called DGPARSER [2] convertsthe SAC descriptioninto a
Polyhedal ReducedDependenc&raph (PRDG)[7] description.
The PRDGis a compactgraphicalrepresentationf the SAC us-
ing parameterizegolyhedralembedding®f the atomicfunctions.
Finally, the PANDA tool [7] usesthe PRDGdescriptionin orderto
generatehe KahnProcess\Network descriptionandtheindividual
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forj=1:1:N, forj=1:1:N,
fori=1:1:K, —— if (mod 2) =1,
en[g(i)' X001 =FOW X0 | panstormation: fo; i= lﬁ:; -
end Unfold(U), if (i mod 2) = A
U= (UL, u2] = 2.2 o 0 X001 = iy, x0);
) if (imod 2) = 0,
Transformation: @), xQ)] = Fy@), xG));
Unfold(U), egd
U =[ul, u2] =[2,1] er?cri]
if § mod 2) =0,
forj = 1:1:N, fori=1:1K,
if § mod 2) = 1, if imod 2) =1,
fori= 11K, en[é/(i)’ X()] = Fy (@), x()):
en[g(i), X(@)1 = F(y(), x()); if (imod 2) = 0,
end [y®, x()] = Fy (@), x());
if mod 2) = 0, ond
fori=1.1K, end
(@), x()] = F/Q), xG)): end
end
end
end Conversion to KPN:
l Compaan

Conversion to KPN:
Compaan
a a
o

Figure 7: An example of generating two possible Kahn Process
Networks from a single application using the unfolding trans-
formation and the ComPAAN tool.

processes.

5. EXAMPLES

In this section,we demonstratehe useof our algorithmic trans-
formationsin combinationwith the ComPAAN tool set. We shav
how, merelyby changinghevaluesof theparameters setof Kahn
Proces\Networks (KPN) canbeeasilygeneratedrom a singleap-
plication.

Considerthe applicationshavn in the top-left cornerof Figure7.
It is a 2-deepaffine nestedoop programwrittenin Matlah In Fig-
ure7 firstwe applytheunfoldingtransformatioron our application
andthenwe useComPAAN to convert the transformecdcodeinto a
KPN description.We assigntwo differentvaluesto the parameter
vectorU, namelyU = [2,1] andU = [2,2]. As aresultwe ob-
taintwo differentKPNs. They have differentnumbersf processes
anddifferentcommunicatiorstructuregseeFigure 7- KPN_1 and
KPN_2).

In Figure 8, we shav anotherexamplein which we usethe same
applicationasin Figure7. We obtainKPN_3, which hasonly one

processpy applyingthe skewing transformatiorwith a parameter
11
0 1
tion andthe unfolding transformatiorcanbe appliedin combina-
tion. KPN_4 in Figure 8 is derived by applyingfirst the skewing

matrix M = . Also, we shav thatthe skewing transforma-

transformatiorwith M = [(1) ﬂ andthentheunfoldingtransfor

mationwith U = [2, 1].

6. EXPERIMENTSAND RESULTS

In thissectionwe presensomeof theexperimentsve have donein
orderto evaluateandshav the usefulnes®f the algorithmictrans-
formation techniquegresentedn this paper We built a Y-chart
ervironmentextendedwith the Application TransformationLayer
asshavn in Figure2. As aninput applicationfor the transforma-
tion layerwe usedthe QR-decompositiomlgorithm[12] becausét

forj=1:1:N, —_—— for j = 2:1IN+K,
fori=1:1K, o Transformation: if Gmod 2) =1,
en[g(')v X1 =F@), x@); | skew(M) + Unfold(U), for i = max(1,j-N):1:min(i-1,K),
end M= mll mil2 _ 11 [y (i), x(i=1)] = F(y(i), x(-1));
m21 m22) ~\0 1 ef:jd
Transformation: U=[ul uz]=[21] ?n‘
Skew(M), if ( mod 2) =0,
~ /mi1 m12\ _/1 1) for i = max(1,j-N):1:min(j-1,K),
M=1ma1 m22) =lo 1 [y, xG-1 = F/0), XG-):
end
end
forj = 2:1:N+K, end
for i = max(1,j-N):1:min(j-1,K),
en[g(l)' (=)= Fy(@), x(-1); Conversion to KPN:
end Compaan
Conversion to KPN: |
Compaan @ ‘ '
KPN 3 KPN 4

Figure 8: An example of generating two possible Kahn Process
Networks from a single application using the skewing and un-
folding transfor mations and the ComPAAN tool.

is commoncomputationaintensie taskin mary signalprocessing
applicationdik e Digital Beamforming,Adaptive Digital Filtering
etc. The algorithmwaswritten in Matlah The applicationtrans-
formationlayerappliesthe UnfoldingandSlewing transformations
ontheQRalgorithmandgeneratealternatve applicationinstances
- ProcesdNetworks - as synthesizable/HDL. We mappedthese
instancesnto a Xilinx XCV1000E FPGA device which wasthe
architectureemplatefor our experiments.The mappingwasdone
by asynthesizeandplace-and-routéoolsprovidedby Xilinx. The
performanceanalysisvasdoneusingthetiming analysisandsim-
ulationtoolsfrom the Xilinx Foundatio*”’ package.

Figure9 shavs the estimatedotal executiontime for threeapplica-
tion instance®f the QR-decompositioalgorithm. Theseinstances
were derived automaticallyby applying the transformationtech-
niguespresentedn Section3. The resultsshav thatthe effect of

Unfolding

No transform |

Skewing +
Unfolding

0 2 4 6 8 10
Time ( micro seconds)

Figure 9: Execution time of the QR algorithm transformed by
using the unfolding and skewing transformations. The unfold-
ing factor is 3 and the size of the input data matrix is 10 by
6.

applyingourtransformationss thatwe cangeneratalternatve ap-
plicationinstancesvith differentperformancavhenmappingthem
ontoanarchitecturéaemplate(in ourcaseanFPGA).It canbeseen
from Figure9 thatthe unfolding and skewing transformationsm-

prove significantlythe performance.

Figure 10 shaws the resultsobtainedfrom the exploration of the
performanceof ten applicationinstanceof the QR algorithmde-
rivedby applyingonly theunfoldingtransformatiorwith unfolding
factorsfrom 1 to 10. Again, theresultsshav thatthe performance
can be significantly improved. In this experimentwe also mea-
suredhow muchtime it takesto obtaintheresultspresentedh Fig-
ure 10. Thetime takenfor theseten experimentsto be processed
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Figure 10: Exploration of the performance of the QR algorithm
unfolded by factors from 1 to 10. The size of the input data
matrix is48 by 16.

automaticallyfrom Matlabto a hardware mappingonto an FPGA
andVHDL simulationwaswithin 8 hours. Table1 shavs the pro-
cessingtimes for someof the experimentsin more details. The
secondow "T ransform+Compile”"shavs the processindimesfor
our tools MATTRANSFORM and COMPAAN— stepl andstep2 in
Figure2. Therow "Mapping+Simulation” givesthe time needed
to expresgheProcesdNetworksin termsof asynthesizabl&HDL
code,to mapthis VHDL codeon an FPGA andfinally to obtain
performanceiumberdrom VHDL simulation— step3 in Figure2.

Table 1: Processing Times (hh:mm:ss).

Unfold2 | Unfold5 | Unfold 10

Transform+Compile| 00:00:08 | 00:00:18 | 00:00:29
Mapping+Simulation| 00:22:54 | 01:24:44 | 04:47:30
Total 00:23:02 | 01:25:02 | 04:47:59

The lastrow of Table 1 suggestghat an extensie designspace
exploration of alternatve applicationinstancescanbe donein a
relatively shortamountof time. Moreover, the accurag of there-
sultsobtainedduringthe explorationis within 5%, becauseve did
verydetailedvHDL cycle accuratesimulation.Theresultsgivenin
thesecondow of Tablel shaw thattheapplicationtransformation
layer presentedn Section2 generatevery fastalternatve appli-
cationinstancesrom a given application. The time to do this is
only afew secondswhereaghetime to maptheinstanceontoan
FPGAandsimulatethemvariesform minutesto hours- seerow 3
of Table1. However, thereis a potentialto improve the mapping
andsimulationtime (row 3 of Table1) by usingsomesystem-lgel
designspaceaxplorationtoolslike SFADE [9] andORAS[6]. Pre-
liminary resultsindicatethatthe mappingandsimulationtime can
bereducedo afew minutesinsteadof severalhoursobtainingper
formancenumberswith reasonabl@ccurag.

7. RELATED WORK

The Unfolding and Slewing transformationgresentedn this pa-
per arerelatedto the unfolding andretiming transformatiortech-
niguesusedin the Signal-Processingommunity[11]. Also, they

arerelatedto theloop unrolling andloop skewing techniquesised
in compilerdesign [10]. However, thereare someimportantdif-

ferences. First, we use our transformationdor generatinga set
of KahnProcesdNetworkscorrespondingo anapplication(nested

loop program)therebygeneratinglternatve applicationinstances.

Using the Unfolding transformatiorto generatd’rocesNetworks
we doreversepartitioningcomparedo [13]. We startby puttingall
computationalorkloadin oneprocessandby unfolding we par
tition the workload over more processes.Second,we developed

procedurego do thesetransformation®n the algorithmic(source
code)level, whereasn [11] similar transformationsreappliedon
signal-flav graphs,data-flav graphsor dependencgraphscorre-
spondingto analgorithm. Third, ourtransformationsim at expos-
ing andexploiting the task-level parallelismavailablein anappli-
cation, whereashe transformationsn [10] aim at exploiting the
fine-graininstruction-leel parallelism.

8. CONCLUSIONS

In this paper we presentealgorithmictransformatiortechniques
for deriving asetof applicationinstancegKahnProcesdNetworks)
correspondindgo an application. Thesetechniquessupporta sys-
tem designerin exploring alternatve instancesof an application
mappedonto an architecturaemplate. We have implementedour
techniguesn the tools MATTRANSFORM and COMPAAN which
meanghatthe procesf deriving alternatve instancess fully au-
tomatedfor applicationsdescribedasaffine nestedoop programs.
Thereforethepresentedechniquedelpasystendesigneto speedup
significantlytheproces®f exploringalternatie applicationinstances
in systemlevel design. Our experimentsandresultsshav thatan
extensive designspaceexploration of alternatve applicationin-
stanceanbe donein a relatively shortamountof time with ac-
curay of theresultswithin 5%.
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