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This paperpresentsa geneticalgorithmto solve thesystem
synthesisproblemof mappingatimeconstrainedsingle-rate
systemspecificationontoagivenheterogeneousarchitecture
which maycontainirregularinterconnectionstructures.The
synthesisis performedundermemoryconstraints,that is,
the algorithm takes into accountthe memorysize of pro-
cessorsand the sizeof interfacebuffers of communication
links, and in particularthe complicatedinterplayof these.
The presentedalgorithmis implementedaspart of the LY-
COS cosynthesissystem.
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Embeddedsystemsareusuallyimplementedusingamixture
of technologiesincludingoff-the-shelfcomponents,suchas
generalpurposemicroprocessors,anddedicatedhardware,
suchasfull- or semi-customASICs. This resultsin a het-
erogeneousarchitecture,in which also the communication
links betweenthe componentsuse different technologies,
e.g.point-to-pointandbusseswith variousbandwidths.

We presentan approachbasedon the geneticalgorithm
paradigmeto solve the problem of mappinga time con-
strainedsingle-ratesystemspecificationonto a given het-
erogeneousarchitectureundermultiple resourceconstraints
which includesmemorysize of processors,buffer size of
communicationlinks, and areaof ASICs. Hou et al. [5]
presentedageneticalgorithmfor multiprocessorscheduling,
but they did neitherconsidercommunicationnor aspectsof
memory.

Memory is an importantissuewhich is oftenneglected.
In mostapproachesmemoryis assumedto beinfinite! How-
ever, in embeddedcomputersystemsmemoryis usually a
critical resourceandthememorysizeis oftenveryrestricted.
Theapproachby PrakashandParker [12] is oneof the few
approachwhichtriesto takememoryinto considerationdur-
ing synthesis.They useMILP to synthesizeoptimalhetero-
geneoussystemstaking memorycost into account. How-

ever, they only considerthe datasize (i.e. dynamicmem-
ory) usedinsideatask.Weconsiderbothstaticanddynamic
memoryusagewithin a taskandthedynamicmemoryusage
dueto communication.

Many approachesto solve the mapping problem are
basedon list scheduling,e.g. [2, 6, 9, 13, 14]. Where
mostapproachesschedulestasksaswell ascommunications
[2, 6, 13], someassumeaconstantcommunicationoverhead
[9, 14]. This, however, resultsin the unrealisticassump-
tion thatmultiplecommunicationscantakeplaceatthesame
time. In orderto handledynamicmemoryusageduringcom-
munication,communicationschedulinghas to be handled
properly. Many approachesassumea fully connectedarchi-
tecturewherethereis a direct connectionbetweenany two
processors.Typically this is realizedasa singlebussystem.
However, embeddedsystemsmayuseirregular interconnec-
tion structures, e.g. to avoid buscontentions.Theapproach
by Sih andLee [13] is ableto handletheseinterconnection
structures,but without theinclusionof memory.

Optimal methodssuchas ILP [1], MILP [11, 12], and
constraintlogic programming[8] have beenusedto solve
thedistributedsystemsynthesisproblem.Thesetechniques
produceanoptimalhardwarearchitecturefor a givenappli-
cation.But, in practice[7] thearchitecturemayberestricted
by thecompany’s/designerswish to reuseanexistingdesign
aspartof thenew design.I.e.,productsareoftendeveloped
aspartof a family of similarproducts.

We believe that it is importantto keepthe designerin
controlof thedesignprocess.Hence,we proposea system
synthesistechniquein whichthedesignerspecifiesthearchi-
tectureandthenusesthetechniqueto evaluatehow well the
systemspecificationcanbe mappedonto it. In the follow-
ing wewill first presentthemodelsof thetargetarchitecture
and the systemspecification. After having discussedhow
memoryutilization is captured,we presentour synthesisal-
gorithmfollowedby someexperimentalresults.
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A targetarchitectureis representedby a hyper-graph,GA &'
VA ( EA ) in which eachvertex describesa componentand

theedgesdescribeinterconnectionsamongthecomponents.
Eachcomponentmaybeaprocessingelement(PE),p, or an
interface, i. A processingelementrepresentsanactivecom-
ponent,i.e. a CPU or an ASIC, which is ableto executea



task.An interfaceconnectsaprocessingelementtoanet.An
edge,n, representsa netconnectingtwo or moreinterfaces,
i.e. a point-to-pointconnectionor a bus, or connectingan
interfaceto a PE.Figure1 shows a targetarchitecturecon-
taining 4 PEs,5 interfaces,and2 busses.Eachprocessing
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Figure1: Exampleof a targetarchitecture.

elementis characterizedby thesizeof its localmemoryand,
if anASIC, its availablearea.Local memoryis usedby the
PEto storedataduringexecutionof ataskandis represented
in unitsof data1. Memoryusedfor datawill bereferredto
asdynamicmemory. If the PE is a CPU, the programwill
alsohave to be storedin the local memory. This memory
contribution will be referredto asstatic memory. For off-
the-shelfcomponentslike a generalpurposeCPU, the area
will bezero,but if thePErepresentsanASIC implementa-
tion, theareawill reflecttheavailablesizefor datapathand
controller.

An interfacecomponentis characterizedby the sizesof
its transmit and receive buffers, which are FIFO buffers.
Thus,the interfacecanstoredataandpossiblyfree thepro-
cessingelementeventhoughit doesnot have gainedaccess
to thebus. Furthermore,an interfacedeclaresthe package-
sizeand transfer-rate for both the connectionbetweenthe
processingelementand the interface,andbetweenthe net
andthe interface. The package-sizeis representedin units
of data,andthe transfer-rateasthe time taken to transfera
singleunit of data.

Each net is characterizedby a package-sizeand a
transfer-ratewhich hasto correspondto its connectedinter-
facecomponents.
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Thebehavior of anembeddedsystemis describedby a task
graph, GT & '

VT ( ET ) , which is a partially-orderedset of
tasksrepresentedasa directedacyclic hyper-graph.Hence,
eachvertex, τi 7 VT , in the taskgraphrepresentsa taskde-
scribinga single threadof executionwhich cannotbe pre-
empted.An edge,ei 8 succi 7 ET , describesa datadependency
betweenthe taskτi andthe setof successortasksof τi , i.e.
succ

'
τi ) . Eachedgeis annotatedwith the amountof data,

di 8 succi , which hasto betransferredbetweenthesourcetask
andits successors.

We assumethata characterizationof eachtaskhasbeen
doneprior to the synthesisstep[10]. A characterizationof
a taskconsistsof, for eachCPU, estimatingthe execution
time,thecodesizeandthedatasize,andfor eachASIC esti-
matingtheexecutiontime, thedatasize,andthearea.Tasks
areonly characterizedon PEson which they canbe imple-
mented.As a taskmayhave multiple characterizations,se-

1A unit of datamay bea bit, a byte,a frame,etc.,aslong asall datasizesin the
systemis expressedusingthesameunit.

lecting amongdifferent implementationson the samepro-
cessingelementis possible,i.e. emulationof algorithmic
choices.

Whenmemoryis takeninto account,animportantprop-
erty is the sharingof codeamongdifferenttasksexecuting
on thesameprocessingelement.In orderto handlethis, we
introducethe notion of functions. Hence,a taskmay usea
set of functionswhen executingits behavior. This means
thatacharacterizationof a taskonaprocessingelementalso
includesa list of functions. Eachfunction is characterized
by its codesize (if implementedin software) and area(if
implementedin hardware).Thetimeanddatasizeof afunc-
tion is capturedin thecharacterizationof thetasksusingthe
function.
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To seehow memoryis taken into accountduringsynthesis,
considerthefollowing example:
Example 1: Assumethatwehaveto schedulethetaskgraph
in figure 2a on an architectureconsistingof two PEs(p1
and p2) connectedby a single bus as shown in figure 2b.
Figure2c shows a possibleschedule.Whentaskτ1 on pro-
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Figure2: A simpleexample;a) taskgraph.b) architecture.c) schedule.
d) memoryutilizationon p1.

cessorp1 hasfinishedexecution,the datad2 to be sendto
taskτ3 on p2 residesin local memoryof p1 whereit is kept
until it canbetransferred.At the time the interface,i1, and
p1 areready, thedatais written (W) to thetransmitbuffer in
i1. Thisprocessconsumestimeonbothi1 andp1. Whenthe
net,n1, is available,thedatais transferredover thenet and
storedin thereceivebuffer of i2. And at thetime p2 is ready,
datacanberead(R) from i2 andstoredin local memoryof
p2. Thenlateron it canbeusedby taskτ3 executingon p2.

Figure 2d shows how the memory utilization of p1 is
calculated.The memorycalculationconsistof two contri-
butions,a staticanda dynamic. The static contribution is
calculatedasthe summationof the codesizefor eachtask
assignedto p1. As outlinedin figure2d,thedynamiccontri-
butionconsistsof memoryusedfor dataduringtheexecution
of a task(local) andmemoryrequiredto storedatafrom the
time it is produceduntil it is no longerneeded.Figure2d il-
lustrateshow datadueto dependency d1, which is produced



by τ1 on p1 andusedby τ2 alsoon p1, is keptalive until τ2
hasfinishedexecution.Likewise,datad2 is keptalive until
it hasbeenwritten to thetransmitbuffer, i1.

Hence,at any point in time we canfind thememoryuti-
lizationby summationof thedifferentmemorycontributions
andthus,findingthepeakmemoryrequirement.It shouldbe
notedthatweassumethatthememoryis alwaysperfectlyor-
ganized,i.e. no problemsdueto fragmentation.R
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Our synthesisalgorithm is basedon the geneticalgorithm
[5] which is aniterative andstochasticprocessthatoperates
onasetof individuals(thepopulation).Eachindividualrep-
resentsa potentialsolutionto theproblembeingsolved,and
is obtainedby decodingthe genestring of the individual.
Initially, thepopulationis randomlygenerated.Every indi-
vidual in thepopulationis assigneda fitnessvaluewhich is
a measureof its goodnesswith respectto theproblembeing
considered.This value is the quantitative information the
algorithmusesto guidethesearchfor a feasiblesolution.

The basic genetic algorithm consistsof three major
stages:selection,reproduction,andreplacement.Duringthe
selectionstage,a temporarypopulationis createdin which
thefittestindividualshaveahighernumberof instancesthan
thoselessfit. A new populationis thencreatedby perform-
ing crossover followedby mutation. Finally, individualsof
theoriginalpopulationissubstitutedby thenewly createdin-
dividualsin sucha way thatthemostfit individualsarekept
deletingthe worst ones. A thoroughdescriptionof genetic
algorithmsmaybefoundin [4].

There are two important issueswhich have to be ad-
dressedwhenformulatingaproblemto besolvedby genetic
algorithms;the encoding/decodingmechanismof the gene
stringof anindividual,andtheevaluationof thefitnessof an
individual.
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For a taskgraphcontainingn tasksandm dependencies,the
correspondinggenestring consistof n \ m genes,n task
genesandm dependency genes. For eachtask τi its gene
containstwo integers, ]�^>_2` τi

and _�a�]�b τi
. ]�^ _2` τi

identifies
animplementation,i.e. anallocation.If ataskτi haski possi-
ble implementations(asidentifiedfrom its characterization),
thenthe actualimplementationis foundas ]�^ _2` τi

modulus
ki . _�a�]�b τi

is a priority which is usedwhenschedulingthe
taskduringthefitnessevaluation.

A dependency genecontainstwo integers,]�^ _2` di c succi
and_�a�]�b di c succi

. ]�^ _2` di c succi
identifiesapathbetweentheprocess-

ing elementson which τi andits successorssucc
'
τi ) areal-

located. I.e. it identifiesone of the possiblepathsin the
architecturewhich is ableto fulfill the communicationrep-
resentedby the datadependency ]�^ _2` di c succi

. This path is
calleda message tree. A messagetreeintroducesa number
of new tasks,calledcommunicationtasks. Thesetasksre-
flects the communicationasdescribedin example1, i.e. a
write, a transfer, anda readtask.

Example 2: Assumethat we have to sendthe samedata
from p1 to both p3 and p4 in figure 1, the transfermay be
representedby themessagetreeasshown in figure3. Notice
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Figure3: Exampleof amessagetree.

that the datais first transferredto p2 whereit is storedin
local memory. Thenit is transferredindependentlyfrom p2
to p3 andp4, that is, p3 andp4 doesnot have to bereadyat
thesametime.R
_�a�]�b di c succi

is usedaspriority for messageschedulingduring
fitnessevaluation.

S5X � d � � � �#���!��;#	�<=�>	3����� �
The fitnessvalueis calculatedasa costsummationof four
contributions,thehigherthecostis, thelessfit is theindivid-
ual. Thefour contributionsreflectsperformance,area,local
memoryusage,andbuffer memoryusage.

C & CT \ CA \ CM \ CB

In orderto beableto compareandtradeoff thedifferent
contributions,wedefineacostnormalizationfunction, fc

'
x)

wherex is thedifferencebetweenthevalueof theconstraint
andthatof theimplementation.Figure4 givesanoutlineof
fc
'
x) . An x e 0 meansviolation of the correspondingcon-

c

x

α1

α2δ

f  (x)

Figure4: Thecostnormalizationfunction.

straintanda high costis associatedwith this situation.The
actualcostis determinedby theslopeα1. An x f 0 means
meetingtheconstraint.δ determinehow well this shouldbe
rewarded,in termsof a negative costcontribution, andthe
slopeα2 how well even better implementationsshouldbe
rewarded.�T���3	
Thesimplestcontribution is thatof area,

CA & ∑
pi g EA

fc
'
Aavail h Aused)



Aused dependson which tasksare allocatedon the corre-
spondingprocessingelementandon the functionsusedby
thesetasks. I.e., the areausedon processingelementp j is
expressedas,

Aused
'
p j )i& ∑

τi g p j

A
'
τi ( p j ) \ ∑

fk g�j τi k pj
F l τi m A

'
fk ( p j )

where fk denotesa function (as explainedin section2.2),
andF

'
τi ) denotesall thefunctionsusedby τi . Thefirst term

is theareausedby thetasks,whereasthesecondtermis area
usedby the functionsof the tasks,whereeachfunction is
only implementedonce.n5�3�po
�3�q.r	 � ���
Performanceis calculatedaccordingto the deadlineof the
specification,

CT & fc
'
tdeadl ine h tsched)

The actual schedule,tsched, is found by performinga list
basedschedulingof the taskson their allocatedprocess-
ing elements,and of the communicationtaskson the cor-
respondinginterfacesandnets.

List basedschedulingrelieson having a queueof ready
tasksassociatedwith eachcomponent.In our casewe as-
sociatea priority queuewith eachprocessingelementand
usethepriority _�a�]�b τi

wheninsertingtaskτi into thequeue.
For interfaces,we usea FIFO queueastheway to prioritize
communicationtasks,asthis is theusualway to implement
aninterface2.

Theschedulingalgorithmfor a singleindividual (i.e. so-
lution) is asfollows:

1. Decodethe genestring to obtainan allocationof the
tasksandmessagetreesfor thedependencies.Thede-
codingintroducesanumberof communicationtasksto
beinsertedin thetaskgraphasoutlinedin example2.
In the following a task may be an original task or a
communicationtask.

2. Find all tasksτi which arereadyto bescheduled,that
is, taskswhichhasnopredecessors.Thesetasksarein-
sertedinto thepriority queuesof their respectivecom-
ponents(foundfrom ]�^ _2` τi

) accordingto theirpriority
( _�a�]�b τi

).
3. Find the next point in time, t, wheresomethinghap-

pensin the schedule,i.e. the startingor endingof a
taskτi . If it is theendof a task,theend-pointtend

'
τi )

is setto t, andthesuccessorsof τi , for whichall of their
predecessorsalreadyhavebeenscheduled,areinserted
into theirrespectivequeuesIf it is thestartof atask,the
start-pointtstart

'
τi ) is setto t.

4. If thereareunscheduledtasksthengotostep3. Other-
wise,thescheduleis completed.

Findingthenext point in time wheresomethinghappens,is
themostcomplicatedtaskof theschedulingalgorithm,and
will beexplainedin moredetailsin thefollowing.

Let τci denotethelasttaskon a componentci (i.e. a pro-
cessingelementor an interface),that is, the taskcurrently
active on ci or thelastactive taskon ci . Thenext taskto be

2Wearecurrentlyworking on supportingothertypesof interfaces.

selectedis the onewhich hasthe earliesttime point, te, for
its event, that beingthe startingor endingof its execution.
This is determinedas,

min
ci g GA

'
te
'
ci )s)

wheretheearliesttime point for aneventon a componentci
is givenas,

te
'
ci )i&

t
tend

'
τci ) if τci is active

max
'
tend

'
τci )�( test

'
τ j ( ci )s) otherwise

that is, if a task is alreadyactive on ci then the first event
will betheendingof this task. If no taskis currentlyactive,
thenext eventwill betheearlieststarttime (test ) of thenext
taskτ j on ci , i.e. if ci is a processingelement,thenit is the
first taskin thepriority queueof ci , elseif ci is aninterface,
it is the first taskof the FIFO queue.This taskis foundas
themaximumend-timeof all predecessorsof τ j andtheend
timeof thelastactive taskon ci .u�����	�<v?D��.B�3� ,
Local memoryis calculatedaccordingto the peakmemory
usage,

CM & ∑
pi g EA

fc
'
Mavail

'
pi )2h Mpeak

'
pi )q)

wherethepeakmemoryusageis calculatedasdescribedin
example1.wx��yv���!?A��.r��� ,
Buffer memory is also calculatedaccordingto the peak
memoryusage,

CB & ∑
i i g EA

fc
'
Bavail

'
i i ) h Bpeak

'
i i )q)

wherethe peakbuffer memoryusageonly hasa dynamic
contribution. Thiscontributionis calculatedin thesameway
asfor thelocalmemory.
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Thepresentedalgorithmis implementedin Java andis inte-
gratedwithin theLYCOS [10] hardware/softwarecosynthesis
system.All experimentsin this sectionarecarriedout on a
166MHzPentiumMMX runningJDK1.1underLinux, and
executiontimesaregivenin seconds.

The first experimentis that of figure 5 usinga deadline
of 400. Assumethatwe have anarchitecturecorresponding
to figure 1, wherethe netsandinterfacesarecharacterized
asshown in table1. In this experimentwe assumethat no
taskcanexecuteon p1 andthattheprocessorsp2 ( p3 ( andp4
eachhavea localmemoryof 1024unitsof data.

Thetaskgraphis first mappedto thearchitectureconsid-
eringperformanceastheonly cost. This resultsin a sched-
ule, whereτ4 is allocatedon p2, τ1 and τ2 on p3, and τ3
andτ5 on p4. We get a solutionwith a schedulelengthof
323,which is muchshorterthanthe400required,however,



memorycalculationshows, that p3 and p4 uses22% and
29%morememorythanavailable.

If all constraintsareconsideredwegetaschedule,where
τ2 andτ4 areallocatedon p2, τ1 andτ3 on p3, andτ5 on p4.
Hereall memoryconstraintsaremetandtheschedulelength
of 380is within thedeadline.

τ1

τ2 τ3 τ4

τ5

288 320

32064

p2 p3 p4
τ1 time 80 60 80

code 260 230 200
data 90 90 110
func f1 f1 f1

τ2 time 100 80 80
code 280 250 230
data 110 1300 150
func f2 f2 f2

τ3 time 130 120 110
code 220 220 250
data 120 130 120
func f1 f1 f1

τ4 time 140 160 180
code 180 180 200
data 160 190 140
func f2 f2 f2

τ5 time 150 140 120
code 310 280 320
data 240 270 260

f1 code 210 180 190
f2 code 210 240 200

Figure5: Taskgraphandtaskcharacterization.

Interface package-size trans.rate
i1, i2 16 1
i3, i4, i5 32 1
Net
n1 16 6
n2 32 8

Table1: Interfaceandnetparameters.

Finally, we illustratehow the algorithmcanbe usedto
solve largermappingproblems,which cannot besolved in
resonabletime with exactmethodslike MILP [12]. We use
the taskgraphgeneratorTGFF proposedin [3] to generate
a taskgraphwith 47 tasks.Thecall to thegeneratoris: tgff
-n1 -e2:2-N4:0 -c100:80-T ’100:80:t:exec400:320:t:code
400:320:t:area200:160:t:data’.

The propertiesof the taskgrapharethe following. The
averageexecutiontime is 100,codesizeis 400,datasizeis
200,areais 400,andthe dependency datasizeis 100. The
specificationuses23 differentfunctionsandthedeadlineis
2700.Thearchitectureis thatof figure1, thenetsandinter-
facesarecharacterizedasshown in table1, andtheavailable
memoryon p2, p3 and p4 are5000. p1 is characterizedas
an asicwith the availablememoryof 1000,andan areaof
4000.

Thegeneticalgorithmoptimizethemappingproblemin
22 minutes(50 generations),but a solutionwhich meetsall
theconstraintsis foundafter26 generations.Theoptimized
solutionhasa schedulelengthof 2632. Thememoryusage
is shown in table2. Theareausageof p1 is 3347.~ ��� � ��<����%�6� �
We have presenteda geneticalgorithm which solves the
problemof mappinga systemspecificationontoa givenar-
chitecture.Themainadvantageoverpreviousapproachesis

PE available static dynamic peak
p1 1000 – 681 681
p2 5000 3834 1144 4978
p3 5000 3262 1104 4366
p4 5000 3042 761 3803

Table2: Optimizedmemoryusagefor thetgff taskgraph.

that we handlethe constraintsof memoryandbuffer sizes
which aretypically foundin embeddedcomputersystems.

We arecurrentlyworking on extendingour approachto
handleconditionalsandsystem-level pipelining, aswell as
handlingseveral interfacetypes. We are also working on
including passive componentssuchasglobal memoryand
displayunits. Finally, we areworking on improving theex-
ecutiontime of thegeneticalgorithm.
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