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Abstract—In the PROGRESSArtemis project [1] an architecture work-
bench is being developed. A casestudy [2] hasbeendone in order to eval-
uate a set of conceptsand techniquesencapsulatedin the workbench. In
this casestudy we mappeda 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 fr om this casestudy is that in the ex-
ploration processwe needtechniquesto refine a given application and to
generatealternative model instancesof the application. Such techniques
arenecessaryfor efficient system-level 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 spaceexploration, application
model instances,algorithmic transformations

I . INTRODUCTION

In the system-level designof embeddedsignal-processing
systems,a systemdesignerdefinesthetargetsystemasthepair
Application(s)- Architecturetemplate. An exampleof suchpair
is shown in the left part of Figure1. The applicationspecifies
the functional behavior of the system. The architecturetem-
platespecifiestheresourcesof thesystemontowhich thefunc-
tional behavior is to be mapped. In this stage,a designerhas
to make somedesigndecisions,for example,how to partition
theapplicationinto tasks,how to mapthetasksonto thearchi-
tecturetemplate,what kind of communicationstructureto be
usedin the architecturetemplate,etc. In orderto evaluatedif-
ferentdesigndecisions,a systemdesignerusesa modelof the
targetsystemanddoesperformanceanalysisfor alternative ap-
plicationinstances,architectureinstancesandmappingsthereby
exploringthedesignspaceof theApplication- Architecturetem-
plate pair. A generalschemefor a designspaceexplorationis
theY-chartparadigm[4]. Tools like SPADE [5] andORAS[6]
implementtechniquesthatsupporttheY-chartparadigm.These
techniquesareefficient for the explorationof alternative archi-
tectureinstancesandmappings.

In thispaper, wefocusontechniquesthatsupportefficientex-
plorationof alternativeapplicationinstancesin systemlevel de-
sign.An applicationinstanceis everypartitioningof anapplica-
tion into a compositionof tasksthatcanoperatein parallel.We
usetheKahnProcessNetwork (KPN) modelof computation[7]
to describeapplicationinstances.In the Kahn model,parallel
processescommunicatevia unboundedFIFO channels.In Fig-
ure1, weshow asimpleapplicationandasetof modelinstances
of thisapplicationdescribedasKPNs(KPN 1 to KPN 5). Each
applicationmodelinstancediffersfrom theothersin thedegree
of exploitedtask-levelparallelism.Thelattermeansthattheper-

for j = 1:1:N,

end
[x(j)] = Source1();

end

for i = 1:1:K,
[y(i)] = Source2();

end

for i = 1:1:K,
[Out(i)] = Sink(y(i));

end

for j = 1:1:N,
for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));
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Fig. 1. Alternative model instancesof the applicationhave to be generated,
mappedonto the architecturetemplateand explored in order to evaluatethe
performanceof theApplication-Architecture templatepair.

formanceof theApplication- Architecture templatepair signif-
icantly dependson theapplicationmodelinstancemappedonto
thearchitecturetemplate.So,asystemdesignerneedssupportto
generateandexplorea setof modelinstancesof anapplication
in orderto evaluatetheperformanceof thesystemandto choose
anapplicationpartitioningthatsatisfiesrequirementsthe target
systemhasto meet.

Generatingalternativeapplicationmodelinstancesfromasin-
gle applicationis costly in termsof thetime neededfor analyz-
ing andmodelingtheapplication.Nevertheless,a hugeamount
of model instancesof a singleapplicationexist thathave to be
derived and explored. Therefore,we presentin this paperan
ApplicationTransformationLayer thatautomaticallygenerates
a setof applicationmodel instances(Kahn ProcessNetworks)
from anapplicationdescribedasanaffine nestedloop program
(NLP) [8][9]. Theapplicationtransformationlayerencapsulates
techniquesthatwehavedevelopedandimplemented,namelyal-
gorithmic transformations- UnfoldingandSkewing andan ag-
gressiveparallelcompilercalledCOMPAAN.

In the next sectionwe show the positionof the Application
TransformationLayer in the Y-chart paradigm. The algorith-
mic transformationsare given in SectionIII. The COMPAAN

tool is briefly describedin SectionIV. Finally, we show some
examplesand draw conclusionsin SectionV and SectionVI,
respectively.
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I I . THE APPLICATION TRANSFORMATION LAYER

In this section, we discussthe application transformation
layerin thecontext of thedesignspaceexplorationprocess.We
usethis layerasanextensionto theY-chart environment[4].
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Fig. 2. TheY-chartextendedwith theApplicationTransformationLayer.

The positioningof the transformationlayer is illustratedin
Figure2. We startwith anapplicationwritten in an imperative
languagelike Matlabor C andwe have to generateandexplore
a setof modelinstances(KahnProcessNetworks) functionally
equivalentto theapplication.

First, algorithmic transformations- Unfolding and Skewing
are applied to the application. The transformationsare con-
trolled by a set of parameters.At the beginning someinitial
valuesareassignedto the parametersdependingon the struc-
tureof thearchitecturetemplate.Accordingto thesevaluesthe
original codeof theapplicationis transformedandstructuredin
a particularway in order to enhancethe task-level parallelism
in the applicationor to make the parallelismthat is inherently
availablein theapplicationexplicit.

Second,the transformedcodeis convertedautomaticallyto
a KPN descriptionby an aggressive parallel compiler called
COMPAAN. Next, weuseaY-chartenvironmentlikeSPADE [5]
to maptheKPN ontoanarchitecturetemplateandto do perfor-
manceanalysis.Theresultof this performanceanalysiscanbe
usedto changethe valuesof the parametersif the architecture
performanceis not satisfactory. Then,we repeatagainthepro-
ceduredescribedabove which is actuallya designspaceexplo-
rationof alternative modelinstancesof theapplication.This is
shown in Figure2 asa feed-backarrow to the transformation
layer.

By changingonly the valuesof the parameters,the applica-
tion transformationlayerautomaticallygeneratesa setof KPNs
correspondingto asingleapplication.Thedifferenceamongthe
KPNs is the degreeof the task-level parallelismwhich is ex-

ploited. Till the endof this paperwe describein moredetails
thetechniquesandtoolswehavedevelopedandincorporatedin
thetransformationlayer.

I I I . ALGORITHMIC TRANSFORMATIONS

In this section,we presenttwo algorithmic transformations,
namelyUnfoldingandSkewing. Thesetransformationstake as
an input an affine nestedloop program(NLP) [8] anda setof
parameters.As an output of the unfolding transformationan
affine nestedloop programis generatedwhich is functionally
equivalent to the input programbut with enhancedtask-level
parallelism.Theskewing transformationmakestheparallelism
insidetheinputaffinenestedloopprogramexplicit.

First,weexplainwhatunfoldingandskewingmeanin thecon-
text of ouralgorithmictransformations.Next, we definetheun-
folding andskewing transformationsasproceduresthatoperate
on anaffine nestedloop program.For convenience,in our fur-
ther explanations,we assumethat affine nestedloop programs
(NLP) areexpressedasa Matlabcode.

A. UnfoldingandSkewing

Considertheapplicationprogram(NLP) andits dependence
graphshown in Figure3-a).

end
end

[y(i), x(j)] = F(y(i), x(j));

for j = 1:1:4,
for i = 1:1:3,

end
end

for j = 
for i = 

[y(i), x( j−i )] = F(y(i), x( j−i ));

 2:1:4+3,
max(1,j−4):1:min(j−1,3),

[y(i), x(j)] = F(y(i), x(j));
end

end

[y(i), x(j)] = F(y(i), x(j));
end

end

end

for i = 1:1:3,

for i = 1:1:3,

for j = 1:1:4,
if (j mod 2) = 1,

if (j mod 2) = 0,
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a) Application program (NLP) and its dependence graph

c) NLP with skewed i−loop

b) NLP with unfolded j−loop by factor 2
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Fig. 3. Simpleexampleillustratingtheunfoldingandskewing transformations.

TheNLP hastwo loops(with iterators� , � ) which canbeun-
folded. For example,unfolding thej-loop of theNLP by a fac-
tor of 2 createsa new NLP that hastwo copiesof the j-loop
body boundedby some”if”-statementsas it is shown 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 propertycanbeexploitedby anaggressive paral-
lel compilerto partition theprograminto two processes(tasks)
thatcanoperatein parallel.Thegraphicalinterpretationis given
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by the dependencegraphin Figure3-b). The first processwill
executethe nodesboundedby the dashedboxes. The second
processwill executethenodesboundedby thesolid boxes.An
exampleof thenetwork connectingthesetwo processesis show
in Figure8 - seeKPN 1.

Now, weconsiderthesameapplicationprogram(NLP) shown
in Figure3-a), but we skew the i-loop. The skewing createsa
new NLP in which the boundsof the loopsandthe indexesof
the variablesarechangedin a particularway to make the par-
allelism inside the original NLP explicit. The resultingNLP
andits dependencegraphareshown in Figure3-c). Thedepen-
dencegraphshows that the nodesinsidea dashedbox canbe
executedin parallelbecausethereis nodata-dependenceamong
thesenodes. This propertycanbe exploited by an aggressive
parallel compiler in combinationwith the unfolding described
above to partitiontheprograminto processes(tasks)thatrun in
parallel. Also, insidetheseprocessessomepiecesof codecan
beexecutedin parallelor in pipelinefashion.

B. Unfoldingprocedure

Let ����� be an N-deepaffine nestedloop programwith an
iterationvector 	�
����������������������������� . For each � �"!#	%$'&(
) �+*,��������� a parameter-.�/!(0 is associated.All theseparam-
etersform a parametervector 12
3��- � ��- � ������������- � � which
we call unfolding vector. We define a transformationUN-
FOLD(NLP,U,I) which is describedin Figure4.

1 UNFOLD( �547698;:<8;= ) >
if ( = is empty set) >

5 print ( �5476 );
return();?

else >
10 @ = first element of the set = ;A

= first element of the set : ;B�CDC�E
= take the code from the beginning of �5476

till the "for" statement with loop iterator @ ,
15 including;A�C�F+G

= take the body of loop @ from �5476 ;
print (

B�CDC�E
);

20 for (k = 1; k <=
A
; k++) >

println ("if("+ @ +"mod"+ A +")="+ A -k+’,’);HJI�K E � = the set : without the first element;
25

HJI�K E � = the set = without the first element;
UNFOLD(

A�C�F+G 8 HJI K E �L8 HJI�K E � );
println ("end");

30
?

println ("end");
return();?

35
?

Fig. 4. PseudocodedescribingtheUNFOLD transformation.

Thepseudocodein Figure4 describestheunfoldingtransfor-
mationasa recursiveprocedure.Thisprocedureoperateson the
affine nestedloop program�M�N� with its iterationvector 	 us-
ing thevalueof theunfoldingvector 1 . In orderto explain the

behavior of theprocedureUNFOLD we considerthefollowing
simpleexample.Let ����� betheprogramshown in theleft part
of Figure5. ����� hasonly oneloop with aniterator(index) � .
Hence,the iterationvector 	 correspondingto ���N� hasonly
oneelement	%
O���D� andthe unfolding vector 1 hasalsoone
element1P
P��-<� . In our exampletheparameter- is equalto
10.

Following theprocedureUNFOLD, first we checkwhether	
is an emptyset. In our examplewe startwith 	Q
R���D� which
is not anemptyset.Then,we initialize four variables,seelines
10, 11, 13 and16 in Figure4. As a resultwe have: variable S
takesthe character’ � ’; variable T = 10; variable UJVWV+X takesthe
string” Y.V�Z[�\
 )^]_)`] �a� ” and TLVWbdc takesthecodein thebody
of the loop with iterator ’ � ’. This codeis marked in Figure5
asa rectangle.The line 18 in Figure4 prints to the outputthe
variable UJVWV+X . The result is shown in Figure 5 - the first line
in theunfoldedNLP. Executinglines20 till 32 in Figure4 will
generatethe restof the codeof the unfoldedNLP in Figure5.
As a resultthe unfoldedNLP in Figure5 hasten copiesof the
loop body boundedby ”if” statementswith a ”mod” statement
makingthemmutuallyexclusive.

end

for i = 1:1:N,

Application program (NLP)

UNFOLD(NLP, U, I)

U = {10}, I={i}

for i = 1:1:N,

end

end

end
end

if (i mod 10) = 9,

if (i mod 10) = 8,

Unfolded NLP

if (i mod 10) = 0,

loop body

loop body

loop body

loop body

:

:

Fig. 5. Simpleexampleillustrating the UNFOLD() transformationshown in
Figure4.

The examplein Figure5 shows that the input NLP is trans-
formedto a functionally equivalentNLP which we call an un-
foldedNLP. TheunfoldedNLP canbeeasilyconvertedinto ten
tasksthat operatein parallel. That is why we saythat the un-
foldedNLP hasenhancedtask-level parallelismcomparedwith
theinputNLP.

C. Skewingprocedure

Let ���N� be an N-deepaffine nestedloop programwith an
iteration vector 	e
f�g� � ��� � ������������� � � . For each � � !h	%$_&(
) �D*7�������D� a parametervector ij�Q
��k�����kl�m������������kn�`� is as-
sociated,whereeach k E !�0o$�Xp
 ) �D*7�������D� . All parameter
vectorsform aparametermatrixq 
#�gisr� ��isr� �����������Disr� �t
 uv k���� ���wk������� ��� ���k �[� ���xk �5�

yz
which we call skewing matrix. We require

q
to beunimodular.

We definea transformationSKEW(NLP,M) describedbelow:{ STEP1- Representtheiterationspaceof �M�N� asapolytope
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h�g	|!/}[~|$g�`� 	���Tg� , where � is anintegermatrix andT is anintegervector;{ STEP2 - Usethe skewing matrix
q

to transform � as fol-
lows:�`� qo� � � q � 	���TQ
������ � 	��l�T ,
where����
��^� qo� � and 	d��
 q � 	 ;{ STEP3 - Use the Fourier-Motzkin (FM) procedure[10] to
representthe iteration space,describedby ����� 	���� T , in
termsof nestedloops.Thisis thenew iterationspaceof �M�N�
with iterationvector 	 � ;{ STEP4- Changeall indexesof thevariablesin ���N� accord-
ing to theequation	�
 qo� � � 	�� .
The four stepsdescribedabove areillustratedin Figure6 in

the context of a simpleexample. We startwith a 2-deepaffine

nestedloop programanda skewing matrix
q 
�� )�)� )�� . In

STEP1,the rangesof the loop indexes � and � arerepresented
asa systemof linear inequalitiesin a matrix form �`� 	�� T .
Next, weusetheskewing matrix

q
to do themathematicalma-

nipulationsdescribedin STEP2. As a result we have a new
iterationspacefor the input NLP, definedby the loop indexes��� and ��� and boundedby the system ������� ���J������� r � T . The
Fourier-Motzkin (FM) procedureis usedto representthe new
iteration spaceas nestedloops as it is shown in Figure 6 -
STEP3. After this stepall variablesinside the loops are still
indexed by the old indexes � and � . We have to replacethem
with the new indexes ��� and ��� . In order to do this we know

from STEP2that � ���J������� r 
 � )�)� ) � ��� �d����� r , which implies that� ������� r 
� )���)� ) � ��� ����������� r . So,wehaveto replaceindex � with��� � ��� andindex � with ��� in all variables.This is illustratedin
Figure6 - STEP4.

for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));

end

for j = 1:1:N,

end

for j’ = 2:1:N+K,

end

for i’ = max(1,j’−N):1:min(j’−1,K),
[y(i’), x(j’−i’)] = F(y(i’), x(j’−i’));

end

for j’ = 2:1:N+K,

end

for i’ = max(1,j’−N):1:min(j’−1,K),
[y(i), x(j)] = F(y(i), x(j));

0   1

1   0
−1   0

0 −1

j
i

−N
1 

1
−K

* >=
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STEP4

FM

==>

Application program (NLP)

Skewed NLP

Fig. 6. Simpleexampleillustratingthefour stepsin theSKEW(NLP,M) proce-
dure.

TheUnfoldingandSkewing transformationspresentedabove

are relatedto the unfolding and retiming transformationtech-
niquesusedin the Signal-Processingcommunity [11]. Also,
they are relatedto the loop unrolling and loop skewing tech-
niquesusedin compilerdesign [12]. However, therearesome
importantdifferences:{ we useour transformationsfor generatinga setof KahnPro-

cessNetworks correspondingto an application(nestedloop
program);{ we developed a procedureto do this transformationson
the algorithmic (sourcecode)level, whereasin [11] similar
transformationsareappliedon signal-flow graphs,data-flow
graphsor dependencegraphscorrespondingto 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.

IV. COMPAAN

COMPAAN (Compilationof Matlabto ProcessNetworks)[3]
is amethodandtool setfor transformingaffinenestedlooppro-
grams(NLP) [8][9] written in Matlabinto a KahnProcessNet-
work (KPN) specification.COMPAAN consistsof a numberof
stepsshown in Figure7, wherea box representsa resultandan
ellipsoidrepresentsanactionor tool.

Process
generationgeneration

dependence graph
polyhedral reduced

DgParser

single assignment code

Matlab

MatParser

Network

Kahn network Kahn processes

Step 1.

Step 2.

Step 3.

Fig. 7. Thethreemajorstepsin COMPAAN.

COMPAAN startsthe transformationby convertinga Matlab
specificationinto a singleassignmentcode(SAC) specification.
SAC describesall parallelismavailable in the original Matlab
specification.Thetool which doestheMatlab-to-SAC transfor-
mationis MATPARSER [13]. MATPARSER is anarray dataflow
analysiscompiler that finds all parallelismavailable in NLPs
writtenin Matlabusingaveryaggressivedata-dependencyanal-
ysis technique. This techniqueis basedon parametric inte-
ger linear programming[14]. We focuson Matlabsincemany
signal-processingalgorithmsarewritten in this language.Just
by writing anotherfront-endlanguagepre-processor, MatParser
canalsooperateon NLPswritten in otherlanguages,for exam-
ple C.
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In the secondstep shown in Figure 7, a tool called DG-
PARSER [9] convertstheSAC descriptioninto a Polyhedral Re-
ducedDependenceGraph(PRDG)[15] description.ThePRDG
is a compactrepresentationof a dependencegraph(DG) using
parameterizedpolyhedra,makinga DG descriptionmoresuit-
ablefor mathematicalmanipulations.

Finally, the PRDGdescriptionis usedto generatethe Kahn
ProcessNetwork descriptionandthe individual processes.The
PANDA tool [16] doesthis - Step3 in Figure7. Deriving the
network descriptionis straightforwardasit followsthetopology
of the PRDG.Eachnodeof the PRDGcorrespondsto a Kahn
processandeachedgerepresentsanunboundedFIFO channel.
Generatingtheprocessdescriptionof eachindividualprocessis
donein 3 steps:domainscanning, domainreconstruction, and
linearization. For moredetailswereferthereaderto [16].

V. EXAMPLES

In this section,we demonstratethe useof our algorithmic
transformationsin combinationwith the COMPAAN tool. We
show how, merelyby changingthe valuesof the parameters,a
setof Kahn ProcessNetworks (KPN) canbe easily generated
from a singleapplication.

Considertheapplicationshown in thetop-left cornerof Fig-
ure8. It is a 2-deepaffine nestedloop programwritten in Mat-
lab. In Figure8 first we apply theunfolding transformationon
ourapplicationandthenweuseCOMPAAN to convert thetrans-
formedcodeinto a KPN description.

end
[y(i), x(j)] = F(y(i), x(j));

if (i mod 2) = 1,

if (j mod 2) = 1,
for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));

if (i mod 2) = 0,

end
end

end
[y(i), x(j)] = F(y(i), x(j));

if (i mod 2) = 1,

for j = 1:1:N,

end

if (j mod 2) = 0,
for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));

if (i mod 2) = 0,

end
end

for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));

end

for j = 1:1:N,

end

if (j mod 2) = 0,
end

if (j mod 2) = 1,
for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));

for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));

for j = 1:1:N,

end

Transformation:

U = [u1, u2] = [2,1]

Conversion to KPN:

Conversion to KPN:

Transformation:

U = [u1, u2] = [2,2]

Compaan 

Compaan 

KPN_1

KPN_2

Unfold(U),

Unfold(U),

P1 P2

P1 P2

P3 P4

Fig. 8. An exampleof generatingtwo possibleKahnProcessNetworks from a
singleapplicationusingtheunfoldingtransformationandtheCOMPAAN tool.

We assigntwo different valuesto the parametervector 1 ,
namely 1O
�� *,� ) � and 1 
�� *7�D*�� . As a resultwe obtaintwo
differentKPNs. They have differentnumbersof processesand
different communicationstructures(seeFigure 8- KPN 1 and
KPN 2).

In Figure9, we show anotherexamplein which we usethe

sameapplicationasin Figure8. We obtainKPN 3, which has
only oneprocess,by applyingtheskewing transformationwith a

parametermatrix
q 
¡� )�)� ) � . Also,weshow thattheskewing

transformationandtheunfoldingtransformationcanbeapplied
bothin combination.KPN 4 in Figure9 is derivedby applying

first theskewing transformationwith
q 
¡� )�)� ) � andthenthe

unfoldingtransformationwith 1¢
#� *,� ) � .
for i = 1:1:K,

end
[y(i), x(j)] = F(y(i), x(j));

end

for j = 1:1:N,

end

for i = max(1,j−N):1:min(j−1,K),
[y(i), x(j−i)] = F(y(i), x(j−i));

end

for i = max(1,j−N):1:min(j−1,K),
[y(i), x(j−i)] = F(y(i), x(j−i));

end

for i = max(1,j−N):1:min(j−1,K),
[y(i), x(j−i)] = F(y(i), x(j−i));

for j = 2:1:N+K,

if (j mod 2) = 0,

end

if (j mod 2) = 1,

end

end

end

for j = 2:1:N+K,

m11  m12
m21  m22

M = = 
1  1
0  1

m11  m12
m21  m22

M = = 
1  1
0  1

Conversion to KPN:

Conversion to KPN:
Compaan

Compaan

Transformation: U = [u1, u2] = [2,1]

Transformation:
Skew(M) + Unfold(U),

Skew(M),

KPN_3 KPN_4

P P2P1

Fig. 9. An exampleof generatingtwo possibleKahn ProcessNetworks from
a single applicationusing the skewing andunfolding transformationsand the
COMPAAN tool.

VI. CONCLUSIONS

In this paper, we presentedalgorithmictransformationtech-
niques- UnfoldingandSkewing for deriving asetof application
modelinstances(KahnProcessNetworks) from a singleappli-
cation.Thesetechniquessupportasystemdesignerin exploring
alternative model instancesof the applicationmappedonto an
architecturetemplate.We developedandimplementedthe Un-
foldingandSkewing transformationsin thecontext of theCOM-
PAAN tool set. The latter meansthat the processof deriving
alternative model instancesis fully automatedfor applications
describedasaffinenestedloopprograms.

We arecurrentlyexperimentingthe presentedtechniqueson
somealgorithmsusedin signal processingapplications. The
preliminaryresultsshow thatweareableto generateupto 30al-
ternative modelinstances(KahnProcessNetworks)from a sin-
gle algorithmin 8 hours.In comparison,a systemdesignercan
generatemanually lessthan one model instancefor the same
periodof time. Therefore,the presentedtechniquessupporta
systemdesignerto speedupsignificantlytheprocessof explor-
ing alternativeapplicationinstancesin systemlevel design.
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