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ABSTRACT
Following the Y-chartparadigmfor designinga system,an appli-
cationandanarchitecturearemodeledseparatelyandmappedonto
eachother in an explicit designstep. Next, a performanceanaly-
sis for alternative applicationinstances,architectureinstancesand
mappingshasto be done,therebyexploring the designspaceof
the targetsystem.Deriving alternative applicationinstancesis not
trivially done.Nevertheless,many instancesof asingleapplication
exist that are worth to be derived for exploration. In this paper,
we presentalgorithmic transformationtechniquesfor systematic
andfastgenerationof alternative applicationinstancesthatexpress
task-level concurrency hiddenin anapplicationin somedegreeof
explicitness.Thesetechniqueshelpa systemdesignerto speedup
significantlythedesignspaceexplorationprocess.

Keywords
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algorithmictransformations

1. INTRODUCTION
In system-level designof embeddedsignal-processingsystems,a
systemdesignerseesthe target systemas the pair Application(s)
specification- Architecture template. An exampleof sucha pair
is shown in theleft partof Figure1. Theapplicationspecification
provides the functionalbehavior of the system. The architecture
templatespecifiesthe organizationof the resourcesof the system
ontowhich the functionalbehavior is to bemapped.In this stage,
adesignerhasto make somedesigndecisions,for example,how to
partition the applicationinto tasks,how to mapthe tasksonto the
architecturetemplate,whatkind of communicationstructureto use
in thearchitecturetemplate,etc. In orderto evaluatedifferentde-
signdecisions,asystemdesignerusesamodelof thetargetsystem
anddoesperformanceanalysisfor alternativeapplicationinstances,
architectureinstancesandmappings,therebyexploring thedesign
spaceof theApplication- Architecture pair.

A generalschemefor a designspaceexploration is the Y-chart

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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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 SPADE [9] and ORAS [6] implement
techniquesthat supportthe Y-chartparadigmbut they focusonly
on the exploration of alternative architectureinstancesand map-
pings [8]. In this paper, however, we focus on techniquesthat
supportefficient explorationof alternative applicationinstancesin
systemlevel design. An application instanceis every partition-
ing of an applicationinto a compositionof concurrent tasks. We
usetheKahnProcessNetwork (KPN) modelof computation[3] to
describeapplicationinstances.In theKahnmodel,concurrentpro-
cessescommunicatevia unboundedFIFO channels.In Figure1,
weshow asimpleapplicationandasetof alternativeKPN instances
of this application(KPN 1 to KPN 5). Eachapplicationinstance
differs from the othersin thedegreeof exploited task-level paral-
lelism. Theperformanceof theApplication- Architecture pair can
significantlydependon theapplicationinstance.So,a systemde-
signerneedssupportto generateandexplore a setof instancesof
an applicationin orderto evaluatethe performanceof the system
andto chooseanapplicationpartitioningthatsatisfiesrequirements
thetargetsystemhasto meet.
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In general,a systemdesigneris only ableto derive at mosta few
alternati� ve applicationinstances.This is sobecauseno systematic
way to derive an applicationinstance,let alonealternatives,from
anapplicationspecificationis known, asaresultof whichheuristic
and time consumingapproachesare taken in practice. Neverthe-
less,many instancesof a singleapplicationexist thatareworth to
be derived for exploration. We presentin this paperalgorithmic
transformationsthatwe have developedandimplementedin order
to helpa systemdesignerto derive systematicallyandfastalterna-
tive applicationinstances.Thesetransformationstogetherwith an
aggressive parallelcompilercalledCOMPAAN areencapsulatedin
anApplicationTransformationLayer thatautomaticallygenerates
a setof applicationinstances.The transformationsand the tools
presentedin this paperare not generallyapplicablein the sense
that the applicationspecificationhasto be an affine nestedloop
program(NLP).

In thenext sectionwe show thepositionof theApplicationTrans-
formation Layer in the Y-chartparadigm. In Section3 two spe-
cific algorithmictransformationsaregiven1. The COMPAAN tool
is briefly describedin Section4. In Section5 we show how our
algorithmic transformationsareusedin practice. In section6 we
presenta numberof experimentsandassociatedresults. Finally,
we discussrelatedwork and draw conclusionsin Section7 and
Section8, respectively.

2. APPLICATION TRANSFORMATION
LAYER

In this section,we discussthe applicationtransformationlayer in
the context of the designspaceexplorationprocess.We usethis
layerasanextensionto theY-chart environment[4]. Theposition-
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Figure 2: The Y-chart extended with the Application Transfor-
mation Layer.�
For lack of spacewe confineourselves to only two suchtrans-

formations.Wehave identifiedandimplementedothertransforma-
tionsaswell, e.g.,plane-cutting,look-ahead,loop transformations.
Theapproachandtechniqueis uniformover all transformations.

ing of thetransformationlayeris shown in Figure2. We startwith
anapplicationspecificationwritten in an imperative languagelike
Matlabor C andwe have to generateandexploreasetof instances
(Kahn ProcessNetworks) functionally equivalent to the applica-
tion. First, algorithmic transformationsare appliedto the appli-
cation specification. The transformationsare controlledby a set
of parameters.At thebeginningsomeinitial valuesareassignedto
theparametersdependingontheavailableresourcesin thearchitec-
ture template.With thesevalues,theoriginal codeof theapplica-
tion is automaticallytransformedandstructuredin aparticularway
in orderto make the parallelismthat is inherentlyavailablein the
applicationexplicit or to enhancethe task-level parallelismin the
application. Second,the transformedcodeis convertedautomati-
cally to aKPN descriptionby anaggressiveparallelcompilercalled
COMPAAN. Third, we usea Y-chartenvironmentto maptheKPN
ontoanarchitecturetemplateanddoperformanceanalysis.There-
sult of this performanceanalysiscanbeusedto changethevalues
of the parameters(step4 in Figure2) if the systemperformance
is not satisfactory. Then,we repeattheproceduredescribedabove
resultingin a designspaceexploration of alternative instancesof
theapplication.This is shown in Figure2 asa feed-backarrow to
thetransformationlayer.

By changingthevaluesof theparameters,theapplicationtransfor-
mationlayerautomaticallygeneratesa setof KPNscorresponding
to a singleapplication.ThedifferenceamongtheKPNsis thede-
greeof the task-level parallelismthat is exploited. Till theendof
this paperwe describein moredetailsthetechniquesandtoolswe
have developedandincorporatedin thetransformationlayer.

3. ALGORITHMIC TRANSFORMATIONS
In thissection,wepresenttwo algorithmictransformations,namely
Unfolding and Skewing. Thesetransformationstake as input an
affine nestedloop program(NLP) [2] anda setof parameters.The
outputof theunfoldingtransformationis anaffinenestedlooppro-
gram which is functionally equivalent to the input programbut
with enhancedtask-level parallelism.Theskewing transformation
makesthepotentialparallelismin theinput affine nestedloop pro-
gramexplicit. Wehavedevelopedandimplementedtheseandother
transformationsin a tool box calledMATTRANSFORM. Thetrans-
formationsin this tool boxoperatedirectlyontheNLP sourcecode
without using someintermediaterepresentationlike dependence
graphs,signal-flow graphsor data-flow graphscorrespondingto the
NLP.

First, we explain whatunfoldingandskewing meanin thecontext
of our algorithmictransformations.Next, we definetheunfolding
andskewing transformationsasproceduresthatoperateonanaffine
nestedloopprogram.For convenience,in our furtherexplanations,
we assumethataffine nestedloop programs(NLPs)areexpressed
in Matlabcode.TheNLPscouldalsobeexpressedin otherimper-
ative programminglanguageslike, for example,C.

3.1 Unfolding and Skewing
Considertheapplicationprogram(NLP) andits dependencegraph
(DG) shown in Figure3-a).TheDG is agraphicalrepresentationof
theNLP. Thenodesin theDG representtheNLP functionsthatare
executedin eachloop iterationandtheedgesrepresentthedatade-
pendenciesbetweenthefunctions.TheNLP hastwo loops(with it-
erators

�
, � ) whichcanbeunrolledto yield theDG.Unlikecommon

approaches,in which either the loop control is removed through
loop unrolling [10] or theDG is folded [11], our new approachto
get thedesireddegreeof parallelism- at thetasklevel - is to copy
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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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Figure 3: Simple example illustrating the unfolding and skew-
ing transformations.

a loop bodya numberof timesin sucha way thatthesecopiesare
mutuallyexclusive. We call this new approachunfoldingandwe
have implementedit in our unfoldingtransformation.An example
of our unfolding is shown in Figure3-b), wherethe j-loop of the
programin Figure3-a)is unfoldedby a factorof 2. Thetwo pieces
of codeboundedby the”if” statementsin Figure3-b)aremutually
exclusive. Themutuallyexclusivenesscanbe exploitedby anag-
gressive parallelcompiler to partition the programin Figure3-b)
into two processes(tasks)thatcanoperatein parallel. Thegraph-
ical interpretationof the unfolding transformationis given by the
dependencegraphin Figure3-b). For this simpleexampletheun-
folding transformationpartitionsthecomputationalworkloadover
two parallel processes.The first processwill executethe nodes
boundedby thedashedboxes.Thesecondprocesswill executethe
nodesboundedby thesolidboxes.An exampleof thenetwork con-
nectingthesetwo processesis shown in Figure7 - seeKPN 1. In
general,our unfolding transformationis usedto partition an NLP
in � processes,where � is equalto theunfoldingfactor. Thepro-
cessnetwork correspondingto a fully unfoldedNLP is equalto the
dependencegraphof this NLP.

Now, considerthesameapplicationprogram(NLP) shown in Fig-
ure3-a). Thetransformationof skewing is to createa new NLP in
which theboundsof the loopsandtheindexesof thevariablesare
changedin aparticularwayto make thepotentialparallelismin the
original NLP explicit. For example,skewing thei-loop of thepro-
gramin Figure3-a) leadsto theNLP in Figure3-c). Theeffect of
our skewing transformationis visualizedby thedependencegraph
(DG) in Figure3-c). ThisDG explicitly showsthatthenodesinside
a dashedbox canbeexecutedin parallelbecausethereareno data
dependencesbetweenthesenodes.This propertycanbeexploited
by anaggressive parallelcompilerin combinationwith theunfold-
ing describedabove to partitiontheprograminto processes(tasks)
that run in parallel.An exampleof a network of suchparallelpro-
cessescorrespondingto theNLP in Figure3-c) is givenin Figure8
- seeKPN 4. Moreover, insidetheseprocessessomepiecesof code
canbeexecutedin parallelor in a pipelinefashionbecauseof the

1 UNFOLD( ���	��

��

� ) �
if ( � is empty set) �

5 print( ���	� );
return();�

else �
10 � = first element of the set � ;�

= first element of the set � ;�������
= take the code from the beginning of ���	�

till the "for" statement with loop iterator � ,
15 including;�������

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

�������
);

20 for (k = 1; k <=
�
; k++) �

println("if("+ � +"mod"+ � +")="+ � -k+’,’);� �"! �$#
= the set � without the first element;

25
� �"! �&%

= the set � without the first element;
UNFOLD(

������� 
 � �'! �$# 
 � �"! �&%
);

println("end");

30
�

println("end");
return();�

35
�

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

skewing transformation.

Note that in both cases(unfolding andskewing), the transforma-
tions proceedalong the NLP codein Figure3. The dependence
graphsareonly shown to visualizetheeffectof thetransformations.

3.2 Unfolding procedure
Let �)(�* beanN-deepaffine nestedloop programwith an itera-
tion vector +-,/.0� �21 �43 1�565656561 �4798 . For each�4:-;<+-=0>?,A@ 1�BC1�565D1 �
a parameterE : ;GF is associated.All theseparametersform a
parametervector HI,J.0E � 1 E 3 12565D56561 E 7 8 which we call unfolding
vector. We definea transformationUNFOLD(NLP,U,I) which is
describedin Figure4. Thepseudocodein Figure4 describesthe
unfoldingtransformationasa recursive procedure.This procedure
operateson theaffine nestedloop program�)(K* with its iteration
vector + andthevalueof theunfoldingvector H . In orderto explain
thebehavior of theprocedureUNFOLD we considerthefollowing
simpleexample. Let �L(�* be theprogramshown in the left part
of Figure 5. �)(K* hasonly one loop with an iterator (index) � .
Hence,the iterationvector + correspondingto �L(�* hasonly one
element+-,M.0�N8 andtheunfoldingvector H hasalsooneelementHG,/.2EO8 . In our exampletheparameterE is equalto 10. Follow-
ing theprocedureUNFOLD, first we checkwhether+ is anempty
set. In our examplewe startwith +P,Q.0�N8 which is not anempty
set. Then,we initialize four variables,seelines10, 11, 13 and16
in Figure4. As a resultwe have: variable R takesthecharacter’ � ’;
variable S = 10;variable TVUWUYX takesthestring” Z[UW\]�^,G@`_a@`_C� 1 ”
and S�UWbCc takesthe codein the body of the loop with iterator ’ � ’.
This codeis markedin Figure5 asarectangle.Line 18 in Figure4
prints to the outputthe variable T�UWUYX . The result is shown in Fig-
ure5 - thefirst line in theunfoldedNLP. Executinglines20 till 32
in Figure4 will generatetherestof thecodeof theunfoldedNLP in
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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

:

:

Figure 5: Simple example illustrating the UNFOLD() transfor-
mation shown in Figure 4.

Figure5. As aresulttheunfoldedNLP in Figure5 hastencopiesof
the loop bodyboundedby ”if” statementswith a ”mod” statement
makingthemmutuallyexclusive.

Theexamplein Figure5 showsthattheinputNLP is transformedto
afunctionallyequivalentNLP whichwecall anunfoldedNLP. The
unfoldedNLP canbeeasilyconvertedinto tentasksthatoperatein
parallel. That is why we saythat theunfoldedNLP hasenhanced
task-level parallelismcomparedwith theinputNLP.

3.3 Skewing procedure
Let �)(K* beanN-deepaffine nestedloop programwith an itera-
tion vector +d,/.2� � 1 � 3 1�565D56561 � 7 8 . For each� : ;<+-=0>e,A@ 1'Bf1256561 �
a parametervector g : ,h.0i �21 iP3 1�565D56561 iP7j8 is associated,where
eachi-k<;lFG=�Xl,m@ 1YBf1256561 � . All parametervectorsform a pa-
rametermatrixn ,h.0gdo� 1 gdo3 1�565656561 gdo7 8�, pq i �"�r565 i � 75D5 565 565i 7 � 565 i 7s7

tu
whichwecall skewingmatrix. Werequire

n
to beunimodular. We

definea transformationSKEW(NLP,M) asdescribedbelow:v STEP1 - Representtheiterationspaceof �)(�* asapolytope*w,I.0+<;yx]zP=${ 5 +}|~S08 , where { is an integral matrix
and S is anintegral vector;v STEP2 - Usetheskewing matrix

n
to transform * asfol-

lows:{ 5 nG� � 5 n 5 +G|�S�,���{9� 5 +f�)|�S ,
where{ � ,�{ 5 n/� �

and + � , n 5 + ;v STEP3 - UsetheFourier-Motzkin (FM) procedure[1] to rep-
resenttheiterationspace,describedby { � 5 + � |�S , in terms
of nestedloops.This is thenew iterationspaceof �)(K* with
iterationvector + � ;v STEP4 - Changeall indexes of the variablesin �)(K* ac-
cordingto theequation+�, n � � 5 + � .

The four stepsdescribedabove are illustratedin Figure 6 in the
context of a simpleexample.We startwith a 2-deepaffine nested

loop programanda skewing matrix
n ,�� @�@� @�� . In STEP1,the

rangesof the loop indexes
�

and � arerepresentedasa systemof
linearinequalities{ 5 +�|mS . Next, weusetheskewing matrix

n
to

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));

Substitute:
j with j’−i’
i with i’

M
−1

M
−1

Application program (NLP)

Skewed NLP

STEP1

STEP2

STEP3

STEP4

FM

==>

A

−N
1 

1
−K

* >=

I b

A

0  1
1−1

* 0  1
1  1

* * >=

IM

−N
1 

1
−K

b

−N
1 

1
−K

* >=

I’ b

0   1
0 −1
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−1   1
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j’
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j
i

I

*0  1
j’
i’
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−1   0
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j
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j
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Figure 6: Simple example illustrating the four steps in the
SKEW(NLP,M) procedure.

dothemathematicalmanipulationsdescribedin STEP2.As aresult
wehaveanew iterationspacefor theinputNLP, definedby theloop
indexes

�$�
and � � andboundedby the system { � 5D� �$� 1 � �D� o |�S .

TheFourier-Motzkin (FM) procedureis usedto representthenew
iterationspaceasnestedloopsasit is shown in Figure6 - STEP3.
After this stepall variablesinsidetheloopsarestill indexedby the
old indexes

�
and � . We have to replacethemwith thenew indexes� �

and � � . In orderto do this we know from STEP2that � � � 1 � � � o�,� @�@� @ � 5D� � 1 � � o , which implies that � � 1 � � ow,�� @��`@� @ � 5D� � � 1 � � � o .

So,wehaveto replaceindex
�

with
�$� �e� � andindex � with � � in all

variables.This is illustratedin Figure6 - STEP4.

4. COMPILER
In thissection,webriefly describeouraggressive parallelcompiler
COMPAAN which exploits the result of the transformationspre-
sentedin 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 ProcessNetwork (KPN) specifica-
tion.

COMPAAN startsthetransformationby convertingaMatlabspecifi-
cationinto a singleassignmentcode(SAC) specification.SAC de-
scribesall parallelismavailablein theoriginalMatlabspecification.
The tool which doesthe Matlab-to-SAC transformationis MAT-
PARSER [5]. MATPARSER is anarray dataflowanalysiscompiler
thatfindsall parallelismavailablein NLPswritten in Matlabusing
a very aggressive data-dependencyanalysistechnique.This tech-
nique is basedon parametric integer linear programming. Also,
MATPARSER canhandlenon-linearoperatorslike Max, Min, Ceil,
Floor, Mod andDiv. Therefore,it canhandletheresultof theskew-
ing andunfolding transformationspresentedin Section3. Next,
a tool called DGPARSER [2] converts the SAC descriptioninto a
Polyhedral ReducedDependenceGraph (PRDG) [7] description.
The PRDGis a compactgraphicalrepresentationof the SAC us-
ing parameterizedpolyhedralembeddingsof theatomicfunctions.
Finally, thePANDA tool [7] usesthePRDGdescriptionin orderto
generatetheKahnProcessNetwork descriptionandtheindividual



In: Proc.10thInt. Symposiumon Hardware/SoftwareCodesign(CODES’02),EstesPark,Colorado,USA, May 6–8,2002

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

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 demonstratethe useof our algorithmic trans-
formationsin combinationwith the COMPAAN tool set. We show
how, merelybychangingthevaluesof theparameters,asetof Kahn
ProcessNetworks(KPN) canbeeasilygeneratedfrom a singleap-
plication.

Considerthe applicationshown in the top-left cornerof Figure7.
It is a 2-deepaffine nestedloopprogramwritten in Matlab. In Fig-
ure7 first weapplytheunfoldingtransformationonourapplication
andthenwe useCOMPAAN to convert thetransformedcodeinto a
KPN description.We assigntwo differentvaluesto theparameter
vector H , namely H�, � BC1 @ � and HI, � Bf1YB � . As a resultwe ob-
tain two differentKPNs.They havedifferentnumbersof processes
anddifferentcommunicationstructures(seeFigure7- KPN 1 and
KPN 2).

In Figure8, we show anotherexamplein which we usethe same
applicationasin Figure7. We obtainKPN 3, which hasonly one
process,by applyingtheskewing transformationwith a parameter

matrix
n ,�� @�@� @�� . Also, we show thattheskewing transforma-

tion andtheunfolding transformationcanbe appliedin combina-
tion. KPN 4 in Figure8 is derived by applyingfirst the skewing

transformationwith
n , � @�@� @�� andthentheunfoldingtransfor-

mationwith H�, � Bf1 @ � .
6. EXPERIMENTS AND RESULTS
In thissection,wepresentsomeof theexperimentswehavedonein
orderto evaluateandshow theusefulnessof thealgorithmictrans-
formation techniquespresentedin this paper. We built a Y-chart
environmentextendedwith theApplicationTransformationLayer
asshown in Figure2. As an input applicationfor the transforma-
tion layerweusedtheQR-decompositionalgorithm[12] becauseit

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,

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

M = = 
1  1
0  1

M = = 
1  1
0  1

m11  m12
m21  m22

m11  m12
m21  m22

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

is commoncomputationalintensive taskin many signalprocessing
applicationslike Digital Beamforming,Adaptive Digital Filtering
etc. The algorithmwaswritten in Matlab. The applicationtrans-
formationlayerappliestheUnfoldingandSkewing transformations
ontheQRalgorithmandgeneratesalternativeapplicationinstances
- ProcessNetworks - as synthesizableVHDL. We mappedthese
instancesonto a Xilinx XCV1000EFPGA device which wasthe
architecturetemplatefor our experiments.Themappingwasdone
by asynthesizerandplace-and-routetoolsprovidedby Xilinx. The
performanceanalysiswasdoneusingthetiming analysisandsim-
ulationtoolsfrom theXilinx FoundationR

�
package.

Figure9 showstheestimatedtotalexecutiontimefor threeapplica-
tion instancesof theQR-decompositionalgorithm.Theseinstances
were derived automaticallyby applying the transformationtech-
niquespresentedin Section3. The resultsshow that the effect of

0 2 4 6 8 10

No transform

Unfolding

Skewing +
Unfolding

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.

applyingourtransformationsis thatwecangeneratealternativeap-
plicationinstanceswith differentperformancewhenmappingthem
ontoanarchitecturetemplate(in ourcaseanFPGA).It canbeseen
from Figure9 that theunfoldingandskewing transformationsim-
prove significantlytheperformance.

Figure10 shows the resultsobtainedfrom the explorationof the
performanceof ten applicationinstancesof the QR algorithmde-
rivedby applyingonly theunfoldingtransformationwith unfolding
factorsfrom 1 to 10. Again, theresultsshow thattheperformance
can be significantly improved. In this experimentwe also mea-
suredhow muchtime it takesto obtaintheresultspresentedin Fig-
ure 10. The time taken for 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 is 48 by 16.

automaticallyfrom Matlab to a hardwaremappingonto anFPGA
andVHDL simulationwaswithin 8 hours.Table1 shows thepro-
cessingtimes for someof the experimentsin more details. The
secondrow ”T ransform+Compile”shows theprocessingtimesfor
our tools MATTRANSFORM andCOMPAAN– step1 andstep2 in
Figure2. The row ”Mapping+Simulation” givesthe time needed
to expresstheProcessNetworksin termsof asynthesizableVHDL
code,to map this VHDL codeon an FPGA andfinally to obtain
performancenumbersfrom 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 last row of Table 1 suggeststhat an extensive designspace
exploration of alternative applicationinstancescan be donein a
relatively shortamountof time. Moreover, theaccuracy of there-
sultsobtainedduringtheexplorationis within 5%,becausewe did
verydetailedVHDL cycleaccuratesimulation.Theresultsgivenin
thesecondrow of Table1 show thattheapplicationtransformation
layer presentedin Section2 generatesvery fastalternative appli-
cation instancesfrom a given application. The time to do this is
only a few seconds,whereasthetime to maptheinstancesontoan
FPGAandsimulatethemvariesform minutesto hours- seerow 3
of Table1. However, thereis a potentialto improve themapping
andsimulationtime (row 3 of Table1) by usingsomesystem-level
designspaceexplorationtoolslikeSPADE [9] andORAS[6]. Pre-
liminary resultsindicatethatthemappingandsimulationtime can
bereducedto a few minutesinsteadof severalhoursobtainingper-
formancenumberswith reasonableaccuracy.

7. RELATED WORK
The Unfolding andSkewing transformationspresentedin this pa-
per arerelatedto the unfolding andretiming transformationtech-
niquesusedin the Signal-Processingcommunity[11]. Also, they
arerelatedto theloop unrolling andloop skewing techniquesused
in compilerdesign [10]. However, therearesomeimportantdif-
ferences. First, we useour transformationsfor generatinga set
of KahnProcessNetworkscorrespondingto anapplication(nested
loopprogram)therebygeneratingalternativeapplicationinstances.
Using theUnfolding transformationto generateProcessNetworks
wedoreversepartitioningcomparedto [13]. Westartby puttingall
computationalworkloadin oneprocessandby unfolding we par-
tition the workload over more processes.Second,we developed

proceduresto do thesetransformationson thealgorithmic(source
code)level, whereasin [11] similar transformationsareappliedon
signal-flow graphs,data-flow graphsor dependencegraphscorre-
spondingto analgorithm.Third, our transformationsaimatexpos-
ing andexploiting the task-level parallelismavailablein anappli-
cation,whereasthe transformationsin [10] aim at exploiting the
fine-graininstruction-level parallelism.

8. CONCLUSIONS
In this paper, we presentedalgorithmictransformationtechniques
for deriving asetof applicationinstances(KahnProcessNetworks)
correspondingto an application. Thesetechniquessupporta sys-
tem designerin exploring alternative instancesof an application
mappedonto anarchitecturetemplate.We have implementedour
techniquesin the tools MATTRANSFORM and COMPAAN which
meansthattheprocessof deriving alternative instancesis fully au-
tomatedfor applicationsdescribedasaffine nestedloop programs.
Therefore,thepresentedtechniqueshelpasystemdesignertospeedup
significantlytheprocessof exploringalternativeapplicationinstances
in systemlevel design.Our experimentsandresultsshow thatan
extensive designspaceexploration of alternative applicationin-
stancescanbe donein a relatively shortamountof time with ac-
curacy of theresultswithin 5%.
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