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Abstract

This paperpresents geneticalgorithmto solve the system
synthesigproblemof mappingatime constrainedingle-rate
systemspecificatiorontoagivenheterogeneouarchitecture
which maycontainirregularinterconnectiorstructuresThe
synthesisis performedunder memory constraints that is,
the algorithm takes into accountthe memory size of pro-
cessorsandthe size of interfacebuffers of communication
links, andin particularthe complicatedinterplay of these.
The presentedhlgorithmis implementedas part of the Ly-
COS cosynthesisystem.

1 Introduction

Embeddedystemsareusuallyimplementedisinga mixture
of technologiesncluding off-the-shelfcomponentssuchas
generalpurposemicroprocessorsand dedicatechardware,
suchasfull- or semi-customASICs. This resultsin a het-
erogeneousrchitecturejn which alsothe communication
links betweenthe componentause different technologies,
e.g. point-to-pointandbussesith variousbandwidths.

We presentan approachbasedon the geneticalgorithm
paradigmeto solve the problem of mappinga time con-
strainedsingle-ratesystemspecificationonto a given het-
erogeneousrchitecturaundermultiple resourceconstraints
which includesmemorysize of processorshuffer size of
communicationlinks, and areaof ASICs. Hou et al. [5]
presentecgeneticalgorithmfor multiprocessoscheduling,
but they did neitherconsidercommunicatiomor aspectof
memory

Memoryis animportantissuewhich is often neglected.
In mostapproachememoryis assumedo beinfinite! How-
ever, in embeddecdcomputersystemsmemoryis usually a
critical resourceandthememorysizeis oftenveryrestricted.
The approachby PrakashandParker [12] is oneof the few
approactwhichtriesto take memoryinto consideratiordur-
ing synthesisThey useMILP to synthesizeoptimal hetero-
geneoussystemstaking memory costinto account. How-
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ever, they only considerthe datasize (i.e. dynamicmem-
ory) usedinsideatask.We consideibothstaticanddynamic
memoryusagewithin ataskandthedynamicmemoryusage
dueto communication.

Many approachego solve the mapping problem are
basedon list scheduling,e.g. [2, 6, 9, 13, 14]. Where
mostapproacheschedulesasksaswell ascommunications
[2, 6, 13], someassume constancommunicatioroverhead
[9, 14]. This, however, resultsin the unrealisticassump-
tion thatmultiple communicationsantake placeatthesame
time. In orderto handledynamicmemoryusageduringcom-
munication,communicationschedulinghasto be handled
properly Many approacheassume fully connectedarchi-
tecturewherethereis a direct connectiorbetweenary two
processorsTypically thisis realizedasa singlebus system.
However, embeddedystemsnayuseirr egular interconnec-
tion structures e.g.to avoid bus contentions.The approach
by Sih andLee[13] is ableto handletheseinterconnection
structuresbput without theinclusionof memory

Optimal methodssuchasILP [1], MILP [11, 12], and
constraintlogic programming[8] have beenusedto solve
the distributedsystemsynthesigproblem. Thesetechniques
produceanoptimal hardwarearchitecturefor a givenappli-
cation.But, in practice[7] thearchitecturanayberestricted
by the compaly’s/designersvish to reuseanexisting design
aspartof thenew design.l.e., productsareoften developed
aspartof afamily of similar products.

We believe that it is importantto keepthe designerin
control of the designprocess.Hence,we proposea system
synthesigechniquen whichthedesignespecifieghearchi-
tectureandthenusesthe techniqueto evaluatehow well the
systemspecificationcan be mappedontoit. In the follow-
ing we will first presenthe modelsof thetargetarchitecture
and the systemspecification. After having discussecow
memoryutilization is capturedwe presenpur synthesisal-
gorithmfollowedby someexperimentakesults.

2 Target architecture

A targetarchitecturds representedly a hypergraph,Ga =
(Va,Ea) in which eachvertex describesa componentand
the edgeddescribdanterconnectionemongthe components.
Eachcomponentnaybea processinglemen{PE), p, or an
interface i. A processinglementrepresentanactive com-
ponent,i.e. a CPUor an ASIC, which is ableto executea



task.An interfaceconnectsprocessinglementoanet. An
edge,n, represents netconnectingwo or moreinterfaces,
i.e. a point-to-pointconnectionor a bus, or connectingan
interfaceto a PE. Figure 1 shows a targetarchitecturecon-
taining 4 PEs,5 interfaces,and 2 busses.Eachprocessing
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Figurel: Exampleof atamgetarchitecture.

elemenis characterizetby the sizeof its localmemoryand,
if anASIC, its availablearea.Local memoryis usedby the
PEto storedataduringexecutionof ataskandis represented
in units of datal. Memory usedfor datawill be referredto
asdynamicmemory If the PEis a CPU, the programwiill
also have to be storedin the local memory This memory
contribution will be referredto as static memory For off-
the-shelfcomponentdik e a generalpurposeCPU, the area
will bezero,but if the PE representsin ASIC implementa-
tion, the areawill reflectthe availablesizefor datapathand
controller

An interfacecomponenis characterizedby the sizesof
its transmitand receve buffers, which are FIFO buffers.
Thus, the interfacecanstoredataandpossiblyfree the pro-
cessingelementeventhoughit doesnot have gainedaccess
to the bus. Furthermorean interfacedeclareghe padage-
sizeandtransferrate for both the connectionbetweenthe
processingelementand the interface,and betweenthe net
andthe interface. The package-sizés representedéh units
of data,andthe transferrateasthe time takento transfera
singleunit of data.

Each net is characterizedby a package-sizeand a
transfefratewhich hasto correspondo its connectednter-
facecomponents.

3 System specification

The behaior of anembeddedystemis describeddy atask
graph, Gr = (V,Er), which is a partially-orderedset of
tasksrepresentedsa directedagyclic hypergraph.Hence,
eachvertex, 1; € V, in thetaskgraphrepresents taskde-
scribing a single threadof executionwhich cannotbe pre-
empted.An edge,s suc; € ET, describesadatadependeng
betweenthe taskt; andthe setof successotasksof 1, i.e.
sucdT;). Eachedgeis annotatedvith the amountof data,
di sucg, Which hasto betransferredbetweerthe sourcetask
andits successors.

We assumehata characterizatiomf eachtaskhasbeen
doneprior to the synthesisstep[10]. A characterizatiorf
a task consistsof, for eachCPU, estimatingthe execution
time, thecodesizeandthedatasize,andfor eachASIC esti-
matingthe executiontime, the datasize,andthe area.Tasks
areonly characterizedn PEson which they canbeimple-
mented.As a taskmay have multiple characterizationsse-

1A unit of datamay be a bit, a byte, a frame, etc., aslong asall datasizesin the
systemis expressedisingthe sameunit.

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

Whenmemoryis takeninto accountanimportantprop-
erty is the sharingof codeamongdifferenttasksexecuting
onthesameprocessinglement.In orderto handlethis, we
introducethe notion of functions Hence,a taskmay usea
setof functionswhen executingits behaior. This means
thatacharacterizatioof ataskonaprocessinglementalso
includesa list of functions. Eachfunctionis characterized
by its codesize (if implementedn software) and areal(if
implementedn hardware). Thetime anddatasizeof afunc-
tion is capturedn thecharacterizationf the tasksusingthe
function.

4 Evaluating Memory Utilization

To seehow memoryis takeninto accountduring synthesis,
considerthefollowing example:

Example 1: Assumehatwe haveto schedulgéhetaskgraph
in figure 2a on an architectureconsistingof two PEs (pz1
and p2) connectedby a single bus as shavn in figure 2b.
Figure2c shows a possibleschedule Whentaskt, on pro-
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FigureZ: A simpleexample;a) taskgraph.b) architecture c) schedule.
d) memoryutilizationon p;.

cessorp; hasfinishedexecution,the datad, to be sendto
taskts on py residesn local memoryof p; whereit is kept
until it canbetransferred.At the time the interface,i1, and
p1 areready the datais written (W) to thetransmitbuffer in
i1. Thisprocessonsumesime onbothi; andp;. Whenthe
net, ny, is available,the datais transferrecver the netand
storedin thereceie buffer of i,. And atthetime py is ready
datacanberead(R) from i, andstoredin local memoryof
p2. Thenlateronit canbeusedby tasktz executingon pa.
Figure 2d shavs how the memory utilization of p; is
calculated. The memorycalculationconsistof two contri-
butions, a staticand a dynamic. The static contribution is
calculatedasthe summationof the codesizefor eachtask
assignedo p;. As outlinedin figure 2d, the dynamiccontri-
bution consistof memoryusedfor dataduringtheexecution
of atask(local) andmemoryrequiredto storedatafrom the
timeit is produceduntil it is nolongerneededFigure2dil-
lustrateshow datadueto dependengdi, whichis produced



by 11 on p; andusedby T, alsoon ps, is keptalive until T2
hasfinishedexecution. Likewise, datad, is keptalive until
it hasbeenwrittento the transmitbuffer, i1.

Hence,atary pointin time we canfind the memoryuti-
lization by summatiorof thedifferentmemorycontributions
andthus,findingthepeakmemaoryrequirementlt shouldbe
notedthatwe assumehatthememoryis alwaysperfectlyor-
ganizedj.e. no problemsdueto fragmentation.

O

5 Algorithm overview

Our synthesisalgorithmis basedon the geneticalgorithm
[5] whichis aniterative andstochastigrocesghatoperates
onasetof individuals(thepopulation).Eachindividual rep-
resents potentialsolutionto the problembeingsolved,and
is obtainedby decodingthe genestring of the individual.
Initially, the populationis randomlygenerated Every indi-
vidual in the populationis assigned fithessvaluewhich is
ameasuref its goodnessvith respecto theproblembeing
considered. This valueis the quantitatve information the
algorithmusesto guidethe searchfor a feasiblesolution.

The basic genetic algorithm consistsof three major
stagesselectionreproductionandreplacementDuringthe
selectionstage,a temporarypopulationis createdin which
thefittestindividualshave ahighernumberof instanceshan
thoselessfit. A new populationis thencreatedoy perform-
ing crossweer followed by mutation. Finally, individuals of
theoriginal populationis substitutedy thenewly createdn-
dividualsin suchaway thatthe mostfit individualsarekept
deletingthe worst ones. A thoroughdescriptionof genetic
algorithmsmaybefoundin [4].

There are two importantissueswhich have to be ad-
dressedvhenformulatinga problemto be solvedby genetic
algorithms;the encoding/decodingnechanisnof the gene
stringof anindividual, andthe evaluationof thefitnessof an
individual.

5.1 Encoding/Decoding

For ataskgraphcontainingn tasksandm dependencieshe
correspondinggenesstring consistof n+ m genes,n task
genesand m dependeng genes. For eachtaskT; its gene
containstwo integers,impl, andprio. impl, identifies
animplementationi.e. anallocation.If ataskt; hask; possi-

bleimplementationgasidentifiedfrom its characterization),

thenthe actualimplementationis found as imp1, modulus
ki. prio is apriority which is usedwhen schedullngthe
taskdurmgtheﬁtnessevaluauon

A dependenggenecontaingwo integers,impldilsucq and

priog .- imply . identifiesa pathbetweertheprocess-

ing elementon which 1; andits successorsucdT;) areal-
located. l.e. it identifiesone of the possiblepathsin the
architecturewhich is ableto fulfill the communicatiorrep-
resentecby the datadependeng impldilsucq. This pathis

calledamessgetree A messagdreeintroducesa number
of new tasks,called communicatiortasks Thesetasksre-
flectsthe communicatiorasdescribedn examplel, i.e. a
write, atransferandareadtask.

Example 2: Assumethat we have to sendthe samedata
from p; to both p3 and ps in figure 1, the transfermay be
representedy themessagéreeasshavnin figure 3. Notice
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Figure3: Exampleof amessagtree.

that the datais first transferredto p, whereit is storedin
local memory Thenit is transferredndependenthfrom py
to ps and py, thatis, ps and ps doesnot have to bereadyat
thesametime.

O
priodi‘suc? is usedaspriority for messagschedulingduring

fitnessevaluation.

5.2 Fitness evaluation

Thefithnessvalueis calculatedasa costsummationof four
contritutions,thehigherthecostis, thelessfit is theindivid-
ual. Thefour contributionsreflectsperformancearea,local
memoryusageandbuffer memoryusage.

Cr+Ca+Cu+Cs

In orderto be ableto compareandtradeof the different
contritutions,we definea costnormalizatiorfunction, f¢(x)
wherex is the differencebetweerthe valueof the constraint
andthatof theimplementation Figure4 givesanoutline of
fe(X). An x < 0 meansviolation of the correspondingon-
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Figure4: Thecostnormalizatiorfunction.

straintanda high costis associateavith this situation. The

actualcostis determinecby the slopea;. An x> 0 means
meetingthe constraint.d determinenow well this shouldbe

rewarded,in termsof a negative cost contritution, andthe

slopeay how well even betterimplementationshouldbe

rewarded.

Area

Thesimplestcontributionis thatof area,

EE fc(AavaiI - Aused)

Pi€EA

Ca =



Auseq dependson which tasksare allocatedon the corre-
spondingprocessingelementand on the functionsusedby
thesetasks. I.e., the areausedon processingelementp; is
expresseas,
AusedPj) = > AT, pj)+

TiEp; fk€Urep; F(Ti)

A(fka pJ)

where fy denotesa function (as explainedin section2.2),
andF (t;) denotesall thefunctionsusedby t;. Thefirstterm
is theareausedby thetasks whereaghe secondermis area
usedby the functionsof the tasks,whereeachfunction is
only implementednce.

Performance

Performances calculatedaccordingto the deadlineof the
specification,

G = fc(tdeadine - tsched)
The actual schedule tsqeg, is found by performinga list
basedschedulingof the taskson their allocatedprocess-
ing elements,and of the communicationtaskson the cor-
respondingnterfacesandnets.

List basedschedulingrelieson having a queueof ready
tasksassociatedvith eachcomponent.In our casewe as-
sociatea priority queuewith eachprocessingelementand
usethepriority prio;, wheninsertingtaskt; into thequeue.
For interfaceswe usea FIFO queueastheway to prioritize
communicatiortasks,asthis is the usualway to implement
aninterface.

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

1. Decodethe genestring to obtainan allocationof the
tasksandmessagéreesfor the dependenciesThe de-
codingintroducesanumberof communicatiortasksto
beinsertedin thetaskgraphasoutlinedin example2.
In the following a task may be an original task or a
communicationtask.

2. Find all taskst; which arereadyto be scheduledthat
is, taskswhichhasno predecessorg hesaasksarein-
sertedinto the priority queuesf theirrespectre com-
ponentgfoundfrom imp1, ) accordingo their priority
(Priori)-

3. Find the next pointin time, t, wheresomethinghap-
pensin the schedulej.e. the startingor endingof a
taskT;. If it is theendof atask,the end-pointtend(Ti)
is settot, andthesuccessorsf 1j, for whichall of their
predecesso@readyhave beenscheduledareinserted
into theirrespectiequeuedf it is thestartof atask,the
start-pointtgat (Ti) is settot.

4. If thereareunscheduledasksthengotostep3. Other
wise, the schedulas completed.

Findingthe next pointin time wheresomethinghappensis
the mostcomplicatedtaskof the schedulingalgorithm,and
will be explainedin moredetailsin thefollowing.

Let 1 denotethelasttaskonacomponent; (i.e. apro-
cessingelementor an interface),thatis, the task currently
active on ¢; or thelastactive taskon ¢;. The next taskto be

2We arecurrentlyworking on supportingothertypesof interfaces.

selecteds the onewhich hasthe earliesttime point, te, for
its event, that beingthe startingor endingof its execution.
Thisis determineds,

min (e(c)

wherethe earliesttime pointfor aneventon a component;
is givenas,

to(c) = tend(Tc;) if 1, is active
e/ = maX(tend(Tc ),tes (Tj,Ci)) oOtherwise

thatis, if ataskis alreadyactive on ¢; thenthe first event
will betheendingof thistask. If notaskis currentlyactive,
thenext eventwill bethe earlieststarttime (teq) of the next
taskt; ong;, i.e.if ¢ is aprocessinglementthenit is the
first taskin the priority queueof ¢, elseif ¢; is aninterface,
it is the first taskof the FIFO queue. This taskis found as
the maximumend-timeof all predecessorsf 1; andtheend
time of thelastactive taskon ¢;.

Local Memory
Local memoryis calculatedaccordingto the peakmemory
usage,

Cu = fe(Mavail (Pi) — Mpea Pi))
piGEEA | i

wherethe peakmemoryusages calculatedasdescribedn
examplel.

Buffer Memory
Buffer memory is also calculatedaccordingto the peak
memoryusage,

C = Z fC(BavaiI(ii)_Bpeak(ii))

wherethe peakbuffer memoryusageonly hasa dynamic
contribution. This contributionis calculatedn thesameway
asfor thelocalmemory

6 Experimental Results

The presentealgorithmis implementedn Java andis inte-
gratedwithin theLy cos[10] hardware/softvarecosynthesis
system.All experimentsn this sectionare carriedout on a
166MHz PentiumMMX runningJDK1.1underLinux, and
executiontimesaregivenin seconds.

The first experimentis that of figure 5 usinga deadline
of 400. Assumethatwe have anarchitecturecorresponding
to figure 1, wherethe netsandinterfacesare characterized
asshowvn in tablel. In this experimentwe assumahat no
taskcanexecuteon p; andthattheprocessorgsy, ps, andps
eachhave alocal memoryof 1024 units of data.

Thetaskgraphis first mappedo thearchitectureconsid-
ering performancesthe only cost. This resultsin a sched-
ule, wheret, is allocatedon py, 11 and 12 on p3, and1s
andts on ps. We geta solutionwith a scheduldength of
323,whichis muchshorterthanthe 400 required,however,



memory calculationshaws, that p3 and ps uses22% and
29% morememorythanavailable.

If all constraintareconsideredve getaschedulewhere
T, and14 areallocatedon py, T1 andts on pz, andts on pa.
Hereall memoryconstraintaremetandthescheduldength
of 380is within thedeadline.

P2 P3 P4
T1 | time 80 60 80
code | 260 | 230 | 200
data| 90 90 | 110
func fl fl fl

T, | time | 100 80 80

code | 280 | 250 | 230
64 320 data| 110 | 1300 | 150
func f2 f2 f2
T3 | time | 130 120 | 110

code | 220 | 220 | 250
data | 120 | 130 | 120
func fl fl fl

T4 | time | 140 160 | 180

288 320 code | 180 180 | 200
data| 160 | 190 | 140
func f2 f2 f2

Ts | time | 150 140 | 120
code | 310 | 280 | 320
data| 240 | 270 | 260
fy [ code] 2I0] 180 190 ]
f, | code| 210 240 | 200 |

Figure5: Taskgraphandtaskcharacterization.

Interface | package-sizg trans.rate
11,12 16 1
i3, 4,15 32 1
Net

n1 16 6
np 32 8

Tablel: interfaceandnetparameters.

Finally, we illustrate how the algorithm can be usedto
solve larger mappingproblemswhich cannot be solvedin
resonabldime with exactmethoddike MILP [12]. We use
the taskgraphgeneratofTGFF proposedn [3] to generate
ataskgraphwith 47 tasks. The call to the generatois: tgff
-n1-e2:2-N4:0 -¢c100:80-T '100:80:t:exec 400:320:t:code
400:320:t:are200:160:t:data’.

The propertiesof the taskgrapharethe following. The
averageexecutiontime is 100, codesizeis 400, datasizeis
200, areais 400, andthe dependeng datasizeis 100. The
specificationuses23 differentfunctionsandthe deadlineis
2700. Thearchitecturds thatof figure 1, the netsandinter-
facesarecharacterizedsshovnin table1, andtheavailable
memoryon pp, ps and p4 are5000. p; is characterizeds
an asicwith the available memoryof 1000,and an areaof
4000.

The geneticalgorithmoptimizethe mappingproblemin
22 minutes(50 generations)but a solutionwhich meetsall
the constraintdgs foundafter 26 generationsThe optimized
solutionhasa scheduldengthof 2632. The memoryusage
is shavnin table2. Theareausageof p; is 3347.

7 Conclusion

We have presenteda geneticalgorithm which solves the
problemof mappinga systemspecificationonto a givenar
chitecture.The mainadvantageover previous approachess

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 memoryand buffer sizes
which aretypically foundin embeddedomputersystems.

We are currentlyworking on extendingour approacho
handleconditionalsand system-l&el pipelining, aswell as
handling several interfacetypes. We are also working on
including passie componentsuchas global memoryand
displayunits. Finally, we areworking on improving the ex-
ecutiontime of the geneticalgorithm.
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