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Abstract—In the PROGRESSArtemis project [1] an architecture work-
benchis being developed. A casestudy [2] hasbeendonein order to eval-
uate a set of conceptsand techniquesencapsulatedin the workbench. In
this casestudy we mapped a modified M-JPEG application onto a shared
memory multi-pr ocessorarchitecture. We did a designspaceexploration
for alternative architecture instancesand mappings.

One of the conclusionswe draw from this casestudy is that in the ex-
ploration processwe needtechniquesto refine a given application and to
generatealternative model instancesof the application. Such techniques
are necessaryor efficient system-leel designspaceexploration. In this pa-
per we presentalgorithmic transformation techniquesfor deriving a setof
application model instancesexploiting the task-level parallelism hidden in
applications. We include thesetechniquesin a tool called Compaan[3] and
give someillustrati ve examples.

Keywords— system level design, design space exploration, application
modelinstances algorithmic transformations

|. INTRODUCTION

In the system-leel designof embeddedsignal-processing
systemsa systemdesignerdefinesthe target systemasthe pair
Application(s)- Architectuie template An exampleof suchpair
is shawvn in the left partof Figurel. The applicationspecifies
the functional behaior of the system. The architecturetem-
platespecifiegheresource®f the systemontowhich thefunc-
tional behavior is to be mapped. In this stage,a designerhas
to make somedesigndecisionsfor example,how to partition
the applicationinto tasks,how to mapthetasksontothe archi-
tecturetemplate,what kind of communicationstructureto be
usedin the architecturgemplate,etc. In orderto evaluatedif-
ferentdesigndecisionsa systemdesignerusesa modelof the
targetsystemanddoesperformanceanalysisfor alternatve ap-
plicationinstancesarchitecturenstancesndmappingshereby
exploringthedesignspaceof the Application- Architecturetem-
plate pair. A generalscheméefor a designspaceexplorationis
the Y-chartparadigm[4]. Toolslike SFADE [5] andORAS|6]
implementtechniqueshatsupportthe Y-chartparadigm.These
techniquesareefficient for the explorationof alternative archi-
tectureinstancegandmappings.

In this paperwefocusontechniqueshatsupportefficientex-
plorationof alternatie applicationinstancesn systemevel de-
sign. An applicationinstances every partitioningof anapplica-
tion into a compositionof tasksthatcanoperatdn parallel. We
usethe KahnProcesdNetwork (KPN) modelof computatior7]
to describeapplicationinstances.In the Kahn model, parallel
processesommunicatevia unbounded-IFO channels.In Fig-
urel, we showv asimpleapplicationanda setof modelinstances
of thisapplicationdescribecasKPNs(KPN_1 to KPN_5). Each
applicationmodelinstancediffersfrom the othersin thedegree
of exploitedtask-level parallelism.Thelattermeanghattheper

Application

forj=1:1:N,

[Xx(i)] = Sourcel();
end
fori=1:1K,

[y()] = Source2();
end
forj=1:1:N,

fori=1:1K,

[y(@. x()1 = F(y(@). x()):

end
end
fori=1:1K,

[Out(i)] = Sink(y(i));

end

‘ Communication Structure

Generate

Map and Explore
PE PE | ese PE, *

Architecture Template Model Instances of the Application

Fig. 1. Alternatve modelinstancesof the applicationhave to be generated,
mappedonto the architecturetemplateand explored in orderto evaluatethe
performancef the Application-Achitectue templatepair.

formanceof the Application- Architecture templatepair signif-

icantly depend®n the applicationmodelinstancemappedonto
thearchitecturdemplate So,asystendesigneneedsupporto

generateandexplore a setof modelinstancef anapplication
in orderto evaluatethe performancef the systemandto choose
an applicationpartitioningthat satisfiesrequirementshe target
systemhasto meet.

Generatin@lternatve applicatiormodelinstance$rom asin-
gle applicationis costlyin termsof thetime neededor analyz-
ing andmodelingthe application.Neverthelessa hugeamount
of modelinstancef a singleapplicationexist that have to be
derived and explored. Therefore,we presentin this paperan
Application TransformationLayer that automaticallygenerates
a setof applicationmodelinstancegKahn ProcesdNetworks)
from anapplicationdescribedasan affine nestedoop program
(NLP)[8][9]. Theapplicationtransformatioayerencapsulates
technigueshatwe have developedandimplementednamelyal-
gorithmic transformations Unfolding and Skewing andan ag-
gressve parallelcompilercalledCoMPAAN.

In the next sectionwe shaw the position of the Application
TransformationLayer in the Y-chart paradigm. The algorith-
mic transformationsare givenin Sectionlll. The COMPAAN
tool is briefly describedn SectionlV. Finally, we shov some
examplesand drav conclusionsin SectionV and SectionVI,
respectiely.
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Il. THE APPLICATION TRANSFORMATION LAYER

In this section, we discussthe application transformation
layerin the context of thedesignspaceexplorationprocessWe
usethislayerasanextensionto the Y-chart environment4].

Application Initial Values
in of
Matlab or C Parameters

‘ Algorithmic Transformations ‘

[ Intermediate Matlab or C code ]

Application Transformation
Layer

Process

Architecture

Mapping Networks
Y
Performance New Values
Analysis of
Parameters
A
. Y
Y-chart Environme
SPADE Performance

Numbers

Fig. 2. TheY-chartextendedwith the ApplicationTransformatiorLayer.

The positioningof the transformationlayer is illustratedin
Figure2. We startwith anapplicationwritten in animperatve
languagdik e Matlab or C andwe have to generateandexplore
a setof modelinstancegKahn Process\Networks) functionally
equivalentto theapplication.

First, algorithmic transformations Unfolding and Skewing
are appliedto the application. The transformationsare con-
trolled by a setof parameters.At the beginning someinitial
valuesare assignedo the parameterslependingon the struc-
ture of the architecturgemplate.Accordingto thesevaluesthe
original codeof theapplicationis transformedandstructuredn
a particularway in orderto enhancehe task-level parallelism
in the applicationor to make the parallelismthatis inherently
availablein theapplicationexplicit.

Second the transformedcodeis convertedautomaticallyto
a KPN descriptionby an aggressie parallel compiler called
CoMPAAN. Next, weusea Y-chartervironmentlike SFADE [5]
to mapthe KPN ontoanarchitectureéemplateandto do perfor-
manceanalysis.Theresultof this performanceanalysiscanbe
usedto changethe valuesof the parameter#f the architecture
performances not satishctory Then,we repeatagainthe pro-
ceduredescribedabore which is actuallya designspaceexplo-
ration of alternatve modelinstancef the application.Thisis
shavn in Figure 2 asa feed-backarrow to the transformation
layer.

By changingonly the valuesof the parametersthe applica-
tion transformatioriayerautomaticallygenerates setof KPNs
correspondingo asingleapplication.Thedifferenceamongthe
KPNs is the degree of the task-level parallelismwhich is ex-

ploited. Till the endof this paperwe describein more details
thetechniquesindtoolswe have developedandincorporatedn
thetransformatioriayer.

I1l. ALGORITHMIC TRANSFORMATIONS

In this section,we presenttwo algorithmic transformations,
namelyUnfolding and Skewing. Thesetransformationgake as
an input an affine nestedoop program(NLP) [8] anda setof
parameters.As an outputof the unfolding transformationan
affine nestedloop programis generatedvhich is functionally
equivalentto the input programbut with enhancedask-level
parallelism.The skewing transformatiormalesthe parallelism
insidetheinput affine nestedoop programexplicit.

First,we explainwhatunfoldingandskewing meanin thecon-
text of our algorithmictransformationsNext, we definetheun-
folding andskewing transformation@sprocedureshatoperate
on an affine nestedoop program. For corveniencejn our fur-
ther explanationswe assumethat affine nestedoop programs
(NLP) areexpressedsa Matlabcode.

A. Unfoldingand Skewing

Considerthe applicationprogram(NLP) andits dependence
graphshawn in Figure3-a).

l—»i
forj=1:1:4, ' XM X2 X
fori=1:1:3, Y1 —F—F)—F)—F)—
[y(@®, x()1 = Fy(@), x()); | L
end YO—~EO—O—O—E—
end I

v(3)~®ﬂ®~@l=)ﬂ®ﬁ
bbb

a) Application program (NLP) and its dependence graph

forj=1:1:4, .
if j mod 2) =1, l—'
fori=1:1:3, i D) x(@) x(3) X
o 0. X001 = /0, x0): yato!
end 1
if  mod 2) = 0, y@1®y
fori=1:1:3, (3)_;
[y(@. x@)] = Fy(@), x()): Y
end -
end
end
b) NLP with unfolded j-loop by factor 2
i
] X(1) x(2) x3) x(4)
1
forj= 2:1:4+3, Yy Al
for i = max(1,j-4):1:min(j-1,3), T ©
[y(@), x(j=i)1 = F(y(), x( j=i)); Y
end
end

¢) NLP with skewed i-loop

Fig. 3. Simpleexampleillustratingthe unfoldingandskewing transformations.

TheNLP hastwo loops(with iteratorsj, ¢) which canbe un-
folded. For example,unfolding thej-loop of the NLP by a fac-
tor of 2 createsa new NLP that hastwo copiesof the j-loop
body boundedby some”if’-statementsasit is shavn in Fig-
ure 3-b). In the conditionsof these”if’-statementswe usethe
modulooperationin a particularway to make the executionof
the two piecesof codeinsidethe "if"-statementsmutually ex-
clusive. This propertycanbe exploited by an aggressie paral-
lel compilerto partitionthe programinto two processegtasks)
thatcanoperaten parallel. Thegraphicalinterpretatioris given
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by the dependencgraphin Figure 3-b). Thefirst processwill
executethe nodesboundedby the dashedboxes. The second
processwill executethe nodesboundedby the solid boxes. An
exampleof the network connectinghesetwo processess shov
in Figure8 - seeKPN_1.

Now, we considethesameapplicationprogram(NLP) shovn
in Figure 3-a), but we skew thei-loop. The skewing createsa
new NLP in which the boundsof the loopsandthe indexes of
the variablesare changedn a particularway to make the par
allelism inside the original NLP explicit. The resulting NLP
andits dependencgraphareshown in Figure3-c). Thedepen-
dencegraphshaws that the nodesinside a dashedbox canbe
executedn parallelbecausehereis no data-dependen@mong
thesenodes. This property can be exploited by an aggressie
parallel compilerin combinationwith the unfolding described
above to partitionthe programinto processetasks)thatrunin
parallel. Also, insidetheseprocessesomepiecesof codecan
be executedn parallelor in pipelinefashion.

B. Unfoldingprocedue

Let NLP be anN-deepaffine nestedoop programwith an
iterationvector] = {iy,42,....,in}. FOreachi, € I |k =
1,2,.., N aparameteny, € N is associatedAll theseparam-
etersform a parametewvectorU = {u,us,....,un} wWhich
we call unfolding vector We define a transformationUN-
FOLD(NLRU,I) whichis describedn Figure4.

1 UNFOLD(NLP, U, I) {

if (I is enpty set) {

5 print( NLP);
return();
} else {
10 a = first elenent of the set I;
b =first element of the set U;

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 elenent;

UNFOLD ( body, templ, temp2);
printin ("end");
30}

printin ("end");
return();

Fig. 4. Pseudaodedescribinghe UNFOLD transformation.

Thepseudaodein Figure4 describesheunfoldingtransfor
mationasarecursve procedureThis procedureoperate®nthe
affine nestedoop programN L P with its iterationvector! us-
ing the valueof the unfolding vectorU. In orderto explain the

behaior of the procedurdJNFOLD we considerthe following
simpleexample.Let N L P betheprogramshawnin theleft part
of Figure5. NLP hasonly oneloop with aniterator(index) .
Hence,the iterationvector I correspondingo N LP hasonly
oneelementl = {i} andthe unfolding vectorU hasalsoone
elementU = {u}. In our examplethe parametew is equalto
10.

Following the procedurdJNFOLD, first we checkwhether!
is an emptyset. In our examplewe startwith I = {i} which
is notanemptyset. Then,we initialize four variables seelines
10,11,13and16in Figure4. As aresultwe have: variablea
takesthe characters’; variableb = 10; variableloop takesthe
string” for ¢ =1 : 1 : N,” andbody takesthe codein thebody
of the loop with iterator’i’. This codeis markedin Figure5
asarectangle.Theline 18 in Figure4 printsto the outputthe
variableloop. The resultis shavn in Figure5 - the first line
in theunfoldedNLP. Executinglines20till 32in Figure4 will
generatehe restof the codeof the unfoldedNLP in Figure5.
As aresultthe unfoldedNLP in Figure5 hasten copiesof the
loop body boundedby "if” statementsvith a ’'mod” statement
makingthemmutually exclusive.

fori=1:1:N,
if (imod 10) = 9,

loop body

end

fori=1:1:N, if (imod 10) = 8,

loop body

end

UNFOLD(NLP, U, 1) loop body
_—-—————————

end

if (i mod 10) = 0,

loop body

end
end

Application program (NLP)

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

Fig. 5. Simple exampleillustrating the UNFOLD() transformationshavn in
Figure4.

The examplein Figure5 shaws that the input NLP is trans-
formedto a functionally equivalentNLP which we call an un-
foldedNLP. The unfoldedNLP canbe easilycorvertedinto ten
tasksthat operatein parallel. Thatis why we saythat the un-
folded NLP hasenhancedask-level parallelismcomparedvith
theinputNLP.

C. Slewingprocedue

Let NLP be an N-deepaffine nestedoop programwith an
iterationvector] = {iy,4s,....,in}. Foreachi, € I |k =
1,2,.., N aparametevector D, = {my,ma,.....,my} is as-
sociatedwhereeachm, € N |p = 1,2,..,,N. All parameter
vectorsform a parametematrix

mi1 minN
M ={D],Df,..., D} =

mn1 mNN

whichwe call skewing matrix. We require M to be unimodular
We defineatransformatiorSKEW(NLEM) describedbelow:
« STEP1- Representheiterationspaceof N LP asapolytope
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P={IeZ"|AI > b}, whereA is anintegermatrixand
b is anintegervector;

o STEP2 - Usethe skewing matrix M to transformP asfol-
lows:

AMIMI > b= AT >0
whered = A.M~!andI = M.I;

o STEP3 - Use the FourierMotzkin (FM) procedure[10] to
representhe iteration space,describecby A'.I' > b, in
termsof nestedoops. Thisis thenew iterationspaceof N LP
with iterationvectorI ;

« STEP4- Changeall indexesof thevariablesn N L P accord-
ing to theequationf = M ~1.1'.

The four stepsdescribedabove areillustratedin Figure6 in
the contet of a simpleexample. We startwith a 2-deepaffine

01
STEP1,therangesof the loop indexesj andi arerepresented
asa systemof linear inequalitiesin a matrix form A.I > b.
Next, we usethe skewing matrix M to dothe mathematicaina-
nipulationsdescribedin STEP2. As a resultwe have a new
iteration spacefor the input NLP, definedby the loop indexes
4" andi’ and boundedby the systemA’.[j',i']T > b. The
FourierMotzkin (FM) procedures usedto representhe nen
iteration spaceas nestedloops as it is shawvn in Figure 6 -
STEP3. After this stepall variablesinside the loops are still
indexed by the old indexesj andi. We have to replacethem
with the new indexes j' andi’. In orderto do this we know

from STEP2that[j’,i']T = [1 1] [5,4]F, which impliesthat

nestedioop programanda skewing matrix M = [1 1]. In

01
[5,4" = [é _11] [5',4")*. So,wehavetoreplacendex j with
j' — 4’ andindex ¢ with i’ in all variables.This is illustratedin

Figure6 - STEP4.

Application program (NLP)

forj=1:1:N, ::LL g ) 1|
fori=1:.1:K, e *Hﬂ >=
STEPL (@), x()] = Fy(), x0); o1 I 1
end 0-1
end A | b
1 of] 1]
410 1-1f] [l af] fif oo
STEP2 0 1| "o 1] "o 1| "] 7|2
70_17
A Mt M b
1 i ‘i 1 H‘H 1 M for j = 2:1:N+K,
*|[| >= - for i’ = max(1,j'-N):1:min(j"-1,K),
STEP3 o) ! (). x()] = Fy(), xG);
0-1 K| end
- A - I’ b end
for j’ = 221:N+K, 4—‘
for i’ = max(1,j’=N):1:min(j'-1,K), ¥ . T
STEP4 fy(@), XG0 = Fy@), XG0 | |]= B o]l ==> Substite:
end i 01 i Jwith |-
end o 1with 1
I M |

Skewed NLP

Fig. 6. Simpleexampleillustratingthe four stepsn the SKEW(NLREM) proce-
dure.

The Unfolding and Skewing transformationgpresentedbove

arerelatedto the unfolding and retiming transformationtech-

niguesusedin the Signal-Processingommunity[11]. Also,

they arerelatedto the loop unrolling and loop skewing tech-
niguesusedin compilerdesign [12]. However, therearesome
importantdifferences:

« We useour transformationgor generatinga setof KahnPro-
cessNetworks correspondingo an application(nestedioop
program);

« we developed a procedureto do this transformationson
the algorithmic (sourcecode)level, whereasin [11] similar
transformationsre appliedon signal-flav graphs,data-flav
graphsor dependencgraphscorrespondingo analgorithm.

« our transformationsaim at exposing and exploiting the
task-level parallelism available in an application, whereas
the transformationsin [12] aim at exploiting fine-grain
instruction-level parallelism.

V. COMPAAN

ComMPAAN (Compilationof Matlabto ProcesdNetworks)[3]
is amethodandtool setfor transformingaffine nestedoop pro-
grams(NLP) [8][9] written in Matlabinto a KahnProcesd\et-
work (KPN) specification.CoOMPAAN consistsof a numberof
stepsshowvn in Figure7, wherea box representa resultandan
ellipsoidrepresentanactionor tool.

Matlab

| single assignment code |

Step 2.

polyhedral reduced
dependence graph

Step 1.

Step 3.

Network
generation

Process
generation

| Kahn network | |Kahn processesl

Fig. 7. Thethreemajorstepsn COMPAAN.

CoMPAAN startsthe transformationby corverting a Matlab
specificationinto a singleassignmentode(SAC) specification.
SAC describesall parallelismavailablein the original Matlab
specification.Thetool which doesthe Matlab-to-SAC transfor
mationis MATPARSER [13]. MATPARSER is anarray dataflow
analysiscompiler that finds all parallelismavailablein NLPs
writtenin Matlabusingaveryaggressiedata-dependenagnal-
ysis technique. This techniqueis basedon parametric inte-
ger linear programming[14]. We focuson Matlab sincemary
signal-processinglgorithmsarewritten in this language.Just
by writing anotherfront-endlanguagepre-processoMatParser
canalsooperateon NLPswritten in otherlanguagesfor exam-
ple C.
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In the secondstep showvn in Figure 7, a tool called DG-
PARSER [9] corvertsthe SAC descriptioninto a Polyhedial Re-
ducedDependenc&raph(PRDG)[15] description.The PRDG
is a compactrepresentationf a dependencgraph(DG) using
parameterizegholyhedra,makinga DG descriptionmore suit-
ablefor mathematicaimanipulations.

Finally, the PRDG descriptionis usedto generatehe Kahn
Process\Network descriptionandthe individual processesThe
PANDA tool [16] doesthis - Step3 in Figure 7. Deriving the
network descriptionis straightforvardasit followsthetopology
of the PRDG.Eachnodeof the PRDG correspondso a Kahn
processandeachedgerepresentsinunbounded-IFO channel.
Generatinghe processlescriptionof eachindividual processs
donein 3 steps:domainscanning domainreconstructionand
linearization For moredetailswe referthereaderto [16].

V. EXAMPLES

In this section,we demonstratdéhe use of our algorithmic
transformationsn combinationwith the CompPaAN tool. We
shav how, merelyby changingthe valuesof the parametersa
setof Kahn ProcessNetworks (KPN) canbe easily generated
from a singleapplication.

Considerthe applicationshowvn in the top-left cornerof Fig-
ure8. It is a 2-deepaffine nestedoop programwritten in Mat-
lab. In Figure8 first we apply the unfolding transformatioron
our applicationandthenwe useComMPAAN to convertthetrans-
formedcodeinto a KPN description.

sameapplicationasin Figure8. We obtainKPN_3, which has
only oneprocessby applyingtheskewing transformatiorwith a

parametematrix M = . Also, we shaw thatthe skewing

11
o1
transformatiorandthe unfolding transformatiorcanbe applied
bothin combination.KPN_4 in Figure9 is derived by applying
11

first the skewing transformatiorwith M = [O 1

] andthenthe

unfoldingtransformatiorwith U = [2, 1].

forj=1:1N, — | 01 ] = 2:1:N+K,
fori=11K, Transformation: if jmod 2) = 1,
en[é’(')v X1 = F(y(), x()): | skew(M) + Unfold(U), for i = max(1,j-N):1:min(-1,K),
end _|mil mi2j| i1 [y(@), x(=)1 = F(y(i), x(-1));
m21 m22|| ~|p 1 erljd
Transformation: U=[ul, u2] =[2,1] 'en.
Skew(M), if j mod 2) =0,
Im11 m12 1 for i = max(1,j-N):1:min(j-1,K),
M= Hle mZZH = HO 1H [y, x(-D] = Fy(@), x(-1));
end
end
for j = 2:1:N+K,

for i = max(1,j-N):1:min(j—-1,K),
[y, xG=D] = F(y(@), x(=i)):
end

L. g

KPN 3

Conversion to KPN:
Compaan

end

Conversion to KPN:
Compaan

@O

4

(G —
KPN 4

Fig. 9. An exampleof generatingwo possibleKahn ProcesdNetworks from
a single applicationusing the skewing and unfolding transformationsand the

COMPAAN tool.

forj=1:1:N, forj=1:1:N,
fori=1:1K, —— if jmod 2) =1,
en[c)J/(l)' XO1 = F . x0): Transformation: foi; I(i:mlo:é:; -1
end o, [y, X0 = o/, xG);
=[ul, u2] =[2,2] endl
) if i mod 2) =0,
Transformation: Ly(), x() = F(y(). x():
Unfold(U), end
U=[ul,u2] =[2,1] eﬁgd
if ( mod 2) =0,
forj=1:1:N, fo_ri‘: 1:1K,
if G mod 2) =1, if imod 2) =1,
fori=1:1:K, en[é’(i)v x()] = F(y(), x());
en[é/(i)’ X()I = F(y(@), x()); if i mod 2) =0,

end
if  mod 2) =0,
fori=1:1K,
[y (@, x(1 = F(y(), x());
end

end
end

[y(@, x()] = F(y(0), x());
end

end
end
end

Conversion to KPN:
Compaan

Conversion to KPN:
Compaan

KPN_1 m

Fig. 8. An exampleof generatingwo possibleKahn ProcesdNetworks from a
singleapplicationusingthe unfoldingtransformatiorandthe ComPAAN tool.

We assigntwo different valuesto the parametewector U,
namelyU = [2,1] andU = [2,2]. As aresultwe obtaintwo
differentKPNs. They have differentnumbersof processesnd
different communicationstructures(seeFigure 8- KPN_1 and
KPN_2).

In Figure 9, we shav anotherexamplein which we usethe

V1. CONCLUSIONS

In this paper we presentedlgorithmictransformatiortech-
nigues- UnfoldingandSlkewing for deriving a setof application
modelinstancegKahn ProcesNetworks) from a single appli-
cation. Theseechniquesupporta systemdesignein exploring
alternatve modelinstancef the applicationmappedonto an
architecturaemplate.We developedandimplementedhe Un-
foldingandSlewing transformationén the contet of the Com-
PAAN tool set. The latter meansthat the processof deriving
alternatve modelinstancess fully automatedor applications
describedasaffine nestedoop programs.

We arecurrently experimentingthe presentedechniqueson
somealgorithmsusedin signal processingapplications. The
preliminaryresultsshov thatwe areableto generateipto 30 al-
ternative modelinstancegKahn ProcesdNetworks) from a sin-
gle algorithmin 8 hours.In comparisona systemdesignercan
generatemanually lessthan one model instancefor the same
period of time. Therefore,the presentedechniquessupporta
systemdesignetto speedugsignificantlythe processof explor-
ing alternative applicationinstancesn systemlevel design.
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