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Abstract

Thispaperdescribeshowoptimizationtechniquescanbe
appliedto efficientlysolvetheconstrainedco-designprob-
lem. This is performedby the formulationof differentcost
functionswhich will drive thehardware-softwarepartition-
ing process.Theuseof complex costfunctionsallowsusto
capture more aspectsof thedesign.Besides,theappropri-
ateformulationof this kind of functionshasa greatimpact
on the resultsthat can be obtainedregarding both quality
andalgorithmconvergencerate. A strongpoint of thepro-
posedformulation is its generality. Therefore, it doesnot
dependon theproblemandcanbeeasilyextendedfor con-
sideringnew designconstraints.

1. Introduction

Designconstraintsarea key issueto considerduringthe
synthesisof complex systems.They mustbetakeninto ac-
countnot only in the specificationphase,but alsothrough
thewholesynthesisprocess.Oneof themainstagesin the
designcycle is the systempartitioningphase.During this
stageit is establishedwhich partsof the systemspecifica-
tion will beimplementedassoftwarerunningin a standard
processorandwhich partswill have to be implementedin
specialpurposehardware. Constraintsshouldalways be
presentin this phase.

To automatethe partitioning processmany algorithms
andtechniqueshave beendevelopedin differentco-design
environments[1, 2, 3, 4, 5]. All theseapproachescanper-
fectly work within theirown co-designenvironments,prov-
ing the suitability of the methods. Nevertheless,most of
themdo not considerdesigngoalsandconstraintsor just
take into accountsomeaspectsin a particularway. In this
work wehaveintegratedsystemconstraintsandgoalsin the
hardware-softwarepartitioningprocess,obtainingvalid re-
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sults in a robust andefficient way. Even more,dueto the
generalityof theproposedtechnique,this canbeappliedto
any optimizationprocedure.

Thepartitioningproblemcanbeclassifiedasa classical
combinatorialoptimizationproblem,sinceit canbereduced
to a discrete,but huge,spaceof solutions.Theway a tool
can perform an effective optimizationis drastically influ-
encedby the algorithmor procedureon which it is based.
Two main issuesmust be consideredin any optimization
procedure:	 Thecontrolschemeof thealgorithm(theoptimization

algorithm itself), which is normally well established
(for instance,simulatedannealing,geneticalgorithms,
etc.) andcanbeusedfor many differentoptimization
problems.	 Thecostfunctionthatguidestheprocess,which must
beprovidedby theuserfor thespecificproblem.

In this paperwe proposea generalformulation of the
costfunctionfor systempartitioningwhich includesdesign
constraints.Theproposedcostfunctionpreservesthecon-
trol schemeof the optimizationalgorithm,thusguarantee-
ing theright work of theprocedure,while guidingthepro-
cessalways within the allowed designspace. The paper
is structuredas follows. First, other approachesfound in
the literaturewill beexamined.After that, thepartitioning
problemwill be introduced.Next sectionis devotedto the
costfunctionformulation.Finally, theresultsobtainedwill
beanalyzedandsomeconclusionswill bedrawn.

2. Related Work

Hardware-softwarepartitioning,asoptimizationproce-
dure, can be performedby meansof very different algo-
rithms,likeadaptationof classicalcircuit partitioningalgo-
rithms(min-cut [4], clustering[6], etc.),generaloptimiza-
tionmethods(simulatedannealing[2], tabusearch[5], etc.).
In this sectionwe will review someof the previous works
on hardware-softwarepartitioning.



The two first algorithmsthat tackledwith the problem
were presentedby Cosymaand Vulcan. In Cosyma[2],
a simulatedannealingalgorithm with fine granularity is
applied,concentratingon the optimizationof a singlede-
sign attribute (the designexecutiontime). Vulcan[1] also
usesfine granularitywith a partitioningalgorithmbasedon
iterative improvement,and extractssoftware blocks from
aninitial all-hardwaresolutionconsideringthetiming con-
straints.

Eleset al. [5] alsoapplysimulatedannealingandtabu-
searchto optimizethesumof several interestingobjectives
without consideringconstraintsin thecostfunction. Thus,
thecontrolscheduleof thealgorithmmustbemodified,but
theway theprocedureworksis not described.

A coarsegrainconstructive algorithmwasdevelopedin
Ptolemy[3] extendinglist-basedscheduling. Two impor-
tantpointscharacterizethisalgorithm:(1) it is ableto adapt
theobjectivefunctionto globalor critical measures,and(2)
differenthardwareimplementationsareconsidered.Design
constraintsmodify thealgorithmcontrolscheme.

An importantwork in functional partitioning hasbeen
doneby Prof. Vahid [4], applyingclassicalpartitioningal-
gorithmsto hardware-softwarearchitectures(including the
K&L heuristic,simulatedannealing,clustering,etc.), but
designconstraintsarenot specificallyconsidered.

Finally, the application of artificial intelligence tech-
niqueshasprovenits suitability whendealingwith thesys-
tem partitioningproblem. The DDEL group[7] performs
systempartitioningusinga geneticalgorithmthat includes
hardware spaceexploration. The cost function considers
hardwareareaandlatency constraintsto guidetheprocess.
But constraintscan only be consideredin a simple way.
Lateronwe will analyzethis formulationin depth.

3. Problem Description

The global information flow of the partitioning proce-
durepresentedhereis depictedin Figure1. Theinput to the
partitioningprocessis anexecutionflow graphwhichcomes
from the initial systemspecification,describedusinghigh-
level specificationlanguages.This is a directedandacyclic
graphwhereverticesstandfor basiccomputationunitsand
edgesrepresentdataandcontrol dependencies.Thus,ver-
ticescanbe large piecesof information (tasks,processes,
etc.) or smallones(instructions,operations),following re-
spectively acoarseor finegranularityapproach.

Every graphnodeis labeledwith additionalinformation
about the processes. In detail, thesepiecesof informa-
tion for a node 
 are: hardwarearea( �
��� ), hardwareexe-
cution time ( ����� ), software executiontime ( ����� ), software
size( ����� ) andthe averagenumberof timesthe task is ex-
ecuted( � � ). Edgeshave alsoassociateda communication
value ( ��������� ��!
"�
�#%$�& ) which is only consideredin casethe
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Figure 1: Partitioning Model.

edgecrossesthehardware-softwareboundary.

As it is well known, systempartitioningis clearly influ-
encedby the target architectureonto which the hardware
andthesoftwarewill bemapped.Herethetargetarchitec-
tureconsideredconsistsof oneprocessorrunningthesoft-
ware, several dedicatedco-processors(basedon ASIC or
FPGA) and sharedmemoryaccessedthrougha common
bus. Interfacemodulesareusedto connectthe processor
andtheco-processorsto thebus.This is ageneralmodelin
whichfor thesakeof simplicity wehaveusedjustonehard-
wareco-processorduring our experiments.Hardwareand
softwareprocessescanexecuteconcurrentlyin thestandard
processorandtheapplication-specificco-processor.

The outcomeof the partitioning tool is not only an as-
signmentof blocks to hardware or software implementa-
tions, but also their startingandfinishing time (computed
by meansof staticscheduling)andthecommunicationval-
uesproducedin theinterface.

The validity of the solution is measuredby meansof
somedesign-qualityattributes which must perfectly de-
scribethe solution. Theseattributesare normally design
costsandperformanceparameters.In particular, we have
usedas quality attributes the requiredhardware areafor
the co-processor, ')( , the design latency, *
( , calculated
by schedulingthe systemgraph,andthe requiredmemory
space,+ ( . A designconstraintis associatedwith eachat-
tribute. In our case,we will have the maximumavailable
area,' , themaximumallowedexecutionlatency * , andthe
maximummemoryspace,+ . All theseattributesandcon-
straintswill beusedto characterizeeverysolutionby means
of thecostfunction.



4. Cost Function Formulation

Themaingoalof a costfunctionmustbeto measurethe
quality of a given solution. For instance,in systemlevel
partitioning, the importantinformation relatedto the pro-
cessis:	 The global cost associatedto the solution, provided

by severalattributeslike hardwarearea,memorysize,
powerconsumption,timing relatedcosts(designlaten-
cies,throughput,...), etc.	 Thedesignconstraints(maximumavailablehardware
area,maximumavailable memory)and goals (mini-
mumprecessinglatency, etc.).

This information should be considerednot only in a
quantitativebut alsoin aqualitativeway, takingintoaccount
its nature.In this sense,designconstraintsmustdefinethe
searchspaceandcost issuesmustbe usedto characterize
the quality of the solution. The type of costrelatedto the
quality attributesshouldalsobe taken into account:fixed
costsmust be consideredin a differentway thanvariable
costs. We proposea unified formulation for including all
theseissues.

Cost functions are usually expressedas a sum of
weightedcostsor objectives,asfollows:

, ".-/&1032 �54 �1687 � ".-/&9 � (1)

where- is thesolutionunderevaluation,7 �:".-/& is thevalue
of a particularobjective or cost, 4 � is theweight factorap-
plied to this objective in thesolutionevaluationand

9 � is a
normalizationparameterneededto sumrelativevalues.But
this expressionhasa cleardrawback: optimumvaluescan
befoundoutof thevalid searchspace,sincetheviolationof
constraintseitheris not checkedor it is performedmodify-
ing thecontrolscheme.

Weproposetheuseof differentcorrectionterms(oneper
constraint)to correctlyguidethesearchin thedesignspace.
In the following, analyticexpressionswill beproposedfor
thesecorrectionterms,denoted

,<; " 7 � "�-/&=& :
, ".-/&1032 � 4 � 6>7 ��"�-/&

7 �@? 2 � 4BADC ,<; " 7 � ".-/&�& (2)

whereasnormalizationparameter,
9 � , hasbeenused 7 � ,the i-th designconstraintapplied to the quality attribute7 �:".-/& in a given partition - , and 4 A C is the weight factor

for everycorrectionterm.
Threedifferentexpressioncanbeusedto correcttheob-

jective function:	 MeanSquareErrorbasedTerms:which helpthealgo-
rithm in findingasolutiontunedto theconstraints.

	 Barrier Terms: which forbid the explorationof solu-
tionsout of theallowedsearchspace.	 PenaltyTerms:which stronglypunishexploring solu-
tions thatwould producemediumor largeconstraints
overhead,but allow exploring pointscloseto thecon-
straintboundary.

4.1. Mean Square Error based Functions

A typicalwayof tuningsystemconstraintsis minimizing
themeansquareerrorthatresultsin a qualityattribute.The
useof this kind of expressionstries to adjusttheattributes
to the designgoalsand constraints. Thesefunctionscan
beappliedto theparticulargoalsthatshouldbecompletely
fulfilled insteadof minimized.

Thegeneralexpressionof this typeof correctiontermsis
thefollowing:

,<; " 7 � # 7 � "�-/&=&E0 2 � " 7 � "�-/&GF 7 � &�H7 H� (3)

where 7 � is the i-th designconstraintappliedto the qual-
ity attribute 7 �:".-/& , in a givenpartition - . This correction
term,addedto thegeneralexpressionshown in equation2,
worksasfollows. Whena solutionproducesa value 7 �:".-/&
different from the constraintvalue 7 � , the costassociated
with the solution is incrementedwith the deviation from
this constraintin a quadraticway. Only whenthe attribute
adoptsa valuetunedwith theconstraintwill not contribute
to thefinal solutioncost.

This kind of correction term is suitable for thoseat-
tributes with a fixed cost, as it is an FPGA-basedco-
processor. It is a good policy to fully exploit all the re-
sourcestheFPGAprovides,sinceits maximumexploitation
generallyresultsin performanceimprovement.Besides,if
the FPGA is not completelyfulfilled, part of this resource
is wastedandanotherresourcewill haveto beusedinstead,
increasingthedesigncost. Theuseof this kind of termsis
stronglyrecommendedfor including theseconstraints,be-
causethesearchspaceis considerablyreducedand,conse-
quently, the computationtime of the algorithm is shorter.
Nevertheless,it would not be suitablefor thoseresources
whosequalityattributeshavevariablecost,asit is anASIC
areaor timing measures.

Anotherfunctionthatworksin asimilarwayasthemean
squareerrorbasedfunctionis theoneusedin [7] with area
andlatency attributes:

,<; " 7 � # 7 � ".-/&�&E052 �
I 7 �:".-/&JF 7 � I7 � (4)

but asstatedbefore,this is not thebestformulationfor the
optimizationof thelatency attribute.



4.2. Barrier Functions

A smartway of introducingdesignconstraintsin a cost
function is the useof barrier methods[8]. Barrier func-
tionsprovideaclearboundaryin thedesignspace,in sucha
way that thecostassociatedto a solutionout of this region
will beinfinity. This is performedplacingasymptotesin the
constraintvalues.Theanalyticalexpressionfor theseterms
is: ,<; " 7 � # 7 � ".-/&=&10 2 �

KLNM 7 � ".-/&O# 7 ��P (5)

where
LQM 7 � ".-/&�# 7 ��P is thebarrierfunction,whichcanbe,for

instance: LNM 7 ��".-/&�# 7 � P 0SRT�VUXW�YZ# M 7 �[F 7 �:".-/& P%\ (6)

We haveusedthis typeof correctiontermsfor very hard
designconstraints,becauseit ensuresthattheconstraintwill
neverbeexceeded.Neverthelessits applicationcontributes
to thefinal costeveninsidetheallowedexplorationregions,
requiringthemodificationof theinterpretationof theresult-
ing cost.

4.3. Penalty Functions

Whenthesystemconstraintsarenot too hard,theuseof
penaltyfunctions[8] canbe moresuitable. Penaltyfunc-
tions do not contribute to the costfunctionwhenthe solu-
tion is in theallowedsearchspace.This kind of functions
arenotasrestrictiveasthebarrierfunctions,sincesolutions
aroundtheborderof theallowedexplorationregion canbe
acceptedif they arereally close. At this point, the weight
factor 4 A C playsanimportantrole.

Thegeneralexpressioncommonlyusedfor penaltyfunc-
tionsis thefollowing:, ; " 7 ��# 7 ��"�-/&=&1032 �S] H M 7 �:".-/&O# 7 � P (7)

where it has been introducedthe function ] M 7 ��".-/&O# 7 � P ,whichcorrespondsto:

] " 7 � ".-/&�# 7 � &E0 max W 0,
M 7 � ".-/&GF 7 �^P7 � \ (8)

Figure2 clearlydepictstheway thethreedifferentterms
(meansquare,penaltyandbarrier-based)contribute to the
costwhenconsideringasinglequalityattribute.

5. Analysis of Results

Theperformanceof our approachguidingthehardware-
softwarepartitioningprocesshasbeentestedby meansof
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Figure 2: Comparison of the three correction terms:
quadratic, penalty-based and barrier-based.

two classicalalgorithms: the Kernighan&Lin partitioning
heuristicandthestochasticproceduresimulatedannealing.
The K&L heuristichasrequireda strongmodification to
deal with the systempartitioning problem[9]. The cost
function usedto guide the processhastaken into account
threequality attributesof thecurrentpartition thatmustbe
minimized simultaneously:the areaof the hardware co-
processor, '`_ , thememoryspacerequiredby thesoftware
runningin the standardprocessor, +a_ , andthe global la-
tency of the design, *b_ (computedby static scheduling).
Theresultingcostfunctionis:, "�-/&10 4Vc 6 ' ('d? 4Ve 6 * (*f? 4Bg 6 + (+ ?
4 A�h , ; "^'i#:' ( & ? 4 A�j , ; "^*<#=* _ & ? 4 A�k , ; "l+3#�+ _ & (9)

where ' , * and + arerespectively the area,latency and
memoryconstraints.

The following weight factorshave beenapplied in all
the tests: 4 c 0mYZn o , 4 e 0pY�n q , 4 g 0pY�n o and 4 ; C 0 K�r Y .
Thesefactorsallow thedesignerto put emphasison thede-
sireddesignattribute. In out tests,the time goal is slightly
emphasized.If thesefactorsareappropriatelychosen,they
canalsohelp in the result interpretationprocess.We have
chosens � 4 � 0 K

, beingconsequently
, ".-/&t0 K

a fig-
ure of merit, since(1) constraintoverheadswill produce
costvaluesmuchgreaterthan1 (due to the weight factor

4 ; C 0 K�r Y ), (2) attribute valuestunedto the constraints
will producecostscloseto 1, and,(3) in thecasethesolu-
tion couldbeoptimized(penaltyterms)thecostvaluewill
belower than1.

Both algorithmshave beenappliedto a setof examples
providedby V. Srinivasan[7] usingtwo costfunctions:the
first oneis composedof threepenaltytermsandtheotheris
basedonmeansquareerrorbasedfunctions.Spacerequire-
mentsprecludeus to presentall the results. We will only



Examples Constraints PenaltyMethod SquareError Method
Name u v w x v[y wNy xzy Cost vby wNy xzy Cost
LU 9 50000 200 12000 48898 126 1367 0.5796 46167 203 11434 2.2178
FFT 15 60000 400 25000 58676 267 8213 0.6589 60309 412 24077 1.3459
DCT 9 16000 5000 100000 13720 3384 66955 0.7288 16464 4455 100785 2.8850
DCT16 36 10000 15000 1000000 6552 15080 813591 0.5824 9828 15460 897901 2.7255
Laplace 9 20000 250 16000 16059 251 8997 0.8136 21627 259 15699 2.2733
Mean 9 60000 300 20000 55241 285 14383 0.8719 60633 304 20076 1.0552
Reg 8 2200 3000 25000 2167 2891 8323 0.6479 2407 2590 24674 5.1248
Sobel 20 60000 500 20000 59362 418 21384 0.7290 59267 504 19978 1.0314

Table 1: Results obtained after executing simulated annealing with several examples applying penalty and mean square
error methods (weights {N|~}a�Q� � , {N��}a� � � , {Q��}a�Q� � and {Q� C }��O��� ).
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Figure 3: Latency attribute ( ��� ) vs. latency constraint � for
the three functions under study.

commenttheresultsobtainedwith simulatedannealing.
The resultsobtainedwith a given setof constraintsfor

this algorithmareshown in Table1. It canbeclearlyseen
how the meansquaremethodadjuststheattributesto their
constraints,while thepenaltymethodoptimizesthedesign
attributes. This fact is clearly shown in the costvalueas-
sociatedto the different solutions. For the penaltybased
method,costvaluesarealwayslower than1, andthusthe
solutionfoundhaslargely fulfilled designconstraints.The
meansquareerrorbasedmethodobtainsvaluesaroundone
when the designconstraintsare tuned. It is very difficult
to adjustthreedesignconstraintswhenthesolutionspaceis
discrete.This is the reasonwhy only two examples(Mean
andSobel)present�~���/����� , while the restof examples
havecostvalueslargerthan1.

A mediumsizeexamplewith 20 tasks(Sobeledgede-
tectionalgorithm)will be analyzedin depth. Figure 3 il-
lustratessomeof the resultsobtained,plotting the latency
attribute �
� relatedwith its correspondingconstraint,� . In
this figure thesolutionprovidedby thecostfunctionwith-
outcorrectiontermsseemsto bethebest,becauseit hasthe

lowestlatency values.However, this is obtainedwhile other
constraintsarenotmet,whatmustbeforbiddenin any case.
It canalsobeseenhow resultsfrom meansquaretermsare
around1, while penaltybasedvaluestry to minimize the
latency constraint.

For the penaltybasedcost function, it canbe seenthat
constraintscanbemetfor all setsexceptthetwo first cases,
in which time and areaconstraintsare incompatible. We
shouldremarkherethatthealgorithmalwaystriesto useas
muchhardwareaspossible,sincethetimeweightis greater
thantheothers.Thealgorithm,which hasno knowledgeof
theproblemit solves,“discovers” that latency canbemin-
imized using more hardware. For the meansquareerror
basedfunction, the cost resultsshow how difficult it is to
tuneall theconstraints.

Differentkind of correctiontermscanbecombinedin a
singlecost function. We have tried several combinations,
eachone trying to reflect a different systempartitioning
problem. For example,if the designlatency mustbe per-
fectly adjusted,acorrectiontermbasedin theminimization
of the meansquareerror of the latency attribute must be
used. If penaltytermsareusedwith the otherdesigncon-
straintstheir correspondingquality attributeswill be opti-
mized.Thecostfunctioncanbeexpressedas:

�~���/�E���V���8� ��
� �V a� � �� � �B¡¢�>£ �

£
�

� ¤��¦¥ §N¨B� ��©�� � � � � �
�«ª¬�� �=¨ � §N¨B� £3©�£ � ��­ (10)

Applying this costfunction(calledmixedmethod) to the
systempartitioningproblemtheresultsshown in Table2 are
obtained.A graphicalinterpretationof theseresultsappears
in Figure4.

As a resultof theexperiments,it hasbeenobservedthat
the execution time is much shorter for the meansquare
correctionterms. This is due to the reducedsearchspace
consideredin this case. The results obtainedwith the
Kernighan&Lin heuristic are very close to the onespre-
sentedhere.



Constraints PenaltyMethod MixedMethodv w x vby wNy xzy ®J¯�° ®²±E³E´.¯�µ v[y wNy xzy ®J¯�° ®²±E³E´¶¯:µ
30000 500 45000 33594 620 32714 11.8 976.745 33594 620 32714 11.8 689.641
30000 600 45000 30830 665 31737 2.84 8911.263 30830 665 31737 2.84 3345.417
30000 700 45000 29130 675 33176 0.90 16529.984 28801 702 34155 0.92 11624.843
60000 500 20000 58299 419 18112 0.90 9787.185 58452 496 15412 0.93 1214.739
60000 500 40000 58299 419 18112 0.76 3293.860 53318 497 20661 0.82 8821.625
60000 950 25000 58299 419 18112 0.68 1852.365 46329 793 26544 5.55 3045.082
70000 600 20000 70028 383 11033 0.72 13177.488 65348 598 15454 0.91 7308.038
80000 500 25000 80640 311 8225 0.66 7840.264 65963 499 13144 0.80 4455.059
90000 550 20000 89330 241 6091 0.56 6049.002 61362 546 14720 0.83 965.369
100000 400 10000 98287 229 3928 0.64 8354.604 85646 397 8295 0.91 1347.516
100000 600 10000 98287 229 3928 0.56 16511.467 80852 588 10908 1.21 2785.782

Table 2: Results obtained for the penalty based cost function and the mixed cost function (equation (10)).
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Figure 4: Latency attribute ( ��� ) vs. latency constraint � for
the penalty based cost function and the mixed cost function.

6. Conclusions

In this paper, we haveproposedtheuseof powerful cost
functionsto considersystemconstraintsin the hardware-
software partitioning process. The completefulfillment
of specificationconstraintsis an essentialrequirementfor
many designs,beingthereforetheir considerationa key is-
sueduring the synthesisprocess,and in particular in the
partitioningphase. The main advantagesof our approach
are:·

Thegeneralityandefficiency of theproposedformula-
tion, sinceit canbeappliedto differentalgorithmsand
doesnotdependon thedesignunderoptimization.·
The systemconstraintsareconsidereddirectly in the
cost function, being unnecessarythe modificationof
theoptimizationalgorithms.·
The combinationof square,penaltyandbarrierterms
canbe usedto adjustthe costfunction to the specific
co-designproblem.

·
Additional systemattributescanbeeasilyintroduced.

Futurework covers the integration of other quality at-
tributesin thecostfunction,aspowerconsumptionor com-
municationoverhead.Theapplicationof theproposedtech-
niques in other systemoptimization procedures,as it is
scheduling,is alsounderstudy.
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