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Abstract
This paper dealswith addressassignmentin codegeneration for
digital signal processors(DSPs) with SIMD (single instruction
multiple data) memoryaccesses.In theseprocessorsdata areorga-
nized in groups(or partitions), whoseelementsshareonecommon
memory address. In order to optimize program performance for
processorswith suchmemory architecturesit is important to have
a suitable memory layout of the variables. We proposea two-step
addressassignmenttechnique for scalar variables using a genetic
algorithm basedpartitioning method and a graph basedheuristic
which makesuseof available DSPaddressgenerationhardware.
We showthat our addressassignmenttechniqueslead to a signifi-
cant codequality impr ovementcomparedto heuristics.

I. Intr oduction
Thegrowing numberof digital signalprocessors(DSPs)in em-
beddedsystemsmakesthe useof optimizing compilersmore
andmoredesirable.However, in orderto meetgivenconstraints
with respectto execution-time,codesize and/orenergy con-
sumption,many programsare still written in assemblycode.
Unfortunately,handcraftingcodeis averytimeconsumingpro-
cesswhich potentially leadsto incorrectand hardly portable
code.
Compilation first transformsa given high level sourcepro-
graminto anintermediaterepresentation(IR). After performing
machineindependentstandardoptimizations,a codegenerator
mapsthe IR to assemblycodeby solving the following sub-
tasks:

� Codeselectioncoversthenodesof adataflowgraphDFG
usingsuitableprocessorinstructions.

� Instructionschedulingdeterminesthe executionorderof
theprocessorinstructions.

� Registerallocationdetermineswhich variableshave to re-
sidein registersor bespilledto memory.

� Addressassignmentdeterminesthememorypositions(ad-
dresses)of thevariableswhich have to bestored.

In orderto meetthe specifiedconstraintswith respectto code
quality, thecodegeneratorhasto makeuseof specialarchitec-
ture featuresin theseoptimizationsteps.Thus,it is especially
necessaryto exploit fine grain parallelismto handlerestricted�
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interconnectionnetworksandheterogeneousregisterfilesin or-
derto reduceexecutiontime,chiparea,and/orpowerconsump-
tion.
Therearedifferentstrategiesfor memoryaccesses.For exam-
ple, the DSP56000[1] and GEPARD [2] contain dual data-
memory banks in order to overcomelimited memory band-
widths. In thesecasesonegoalof codegenerationis to maxi-
mizethenumberof parallelloadsin orderto reducetheexecu-
tion time [3, 4].
MicroUnity’s mediaprocessor[5] and the M3-DSP platform
[6] usea wide memory(group memory). Here,addressingof
onememoryword meansto accessall datawordsbelongingto
theaddressedgroup. Processingis performedaccordingto the
singleinstructionmultiple data(SIMD) principle,anddoesnot
allow to accessarbitrarysetsof words(groups)in thememory.
Thus,in thesecasestechniquesfor computinga suitableorder
of variablesin the memoryareessentialfor high codeperfor-
mance.
Furthermore,it is typical for DSPsthat they have specialad-
dressgeneration units (AGUs) which allow addresscomputa-
tion in parallelto othermachineinstructions.Thus,exploitation
of AGUsis alsoessentialfor efficient codegeneration.
In this paperwe concentrateon addressassignmentof scalar
variablesfor theM3-DSPwhich is an instanceof theM3-DSP
platform [6]. The proposedaddressassignmenttechniqueis
subdividedinto thehorizontalandvertical orderingstep:Hor-
izontal orderingassignsvariablesto groups. This is doneby
a partitioningmethodbasedon a geneticalgorithmthat mini-
mizesthe numberof memoryaccesses.The vertical ordering
stepassignsmemorygroupsto addressesby optimizingtheuse
of AGUswith respectto codesize.
Theremainderof thispaperis organizedasfollows: In thenext
sectionwe introducethe main featuresof our target architec-
ture. Algorithms for the horizontalandvertical orderingstep
are describedin sectionIII andIV. Resultsfor both subprob-
lemsaregivenin sectionV. SectionVI will concludethepaper
with asummary.

II. Targetarchitecture(M3-DSP)
The M3-DSP(fig. 1) is an instanceof the scalableDSPplat-
form [6] for mobilecommunicationapplications.Theplatform
allows for a fast designof DSPsadaptedto specialapplica-
tions. In order to meetconstraintsw.r.t. real-timeprocessing,
chip area,andenergy dissipationthe platform supportssome
specialfeatures:
There is a scalablenumberof datapathsthat allow process-
ing eitheron a singledatapathor on all datapathsin parallel
accordingto the SIMD principle. In the caseof the M3-DSP
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Fig. 1: Architectureof theM3-DSP

thereare16 datapathslices. In order to provide an effective
useof all datapathslicesin parallel,thememoryis organized
as a group memory: Addressingone16-bit dataword means
addressingan entiregroup of 16 suchwords. The addressed
group is loadedinto an intermediateregister from which the
valuesaredistributedto thegroupregistersin thedatapathsby
anapplication-specificinter-communicationnetwork.Theterm
groupregisterdenotesthesetof thedatapathinput registersin
all sliceswith thesamelabel(e.g.A or B in fig.1).
Here, the greatestchallengesin codegenerationare to make
useof thewholememorybandwidthandtheSIMD datapathin-
structions.In orderto demonstrateouraddressassignmenttech-
niqueit is sufficientto performprocessingononeslice(slice0),
while still exploiting thewholememorybandwidth.Exploiting
all datapathsis onetopic of our currentresearch.In this paper
wewill concentrateoncodegenerationfor thegrayshadedarea
in fig. 1. We do not usegroupregistersC andD of the other
datapathsbecausestoringis notallowedfrom theseregisters.
The addressgenerationunit (AGU) contains four address
pointer registers ³µ´·¶¹¸®¸¹¸º¶N³,» which allow auto-incrementad-
dressingwith an offsetoff ¼¾½·¿ÁÀ�¶¹¸®¸¹¸N¶OÂ�Ã . If thereis needfor
largeroffsets,theaddresspointerregisterscanbeusedorthogo-
nallywith thefour modify registersÄÅ´·¶¹¸¹¸®¸N¶NÄÆ» in auto-modify
operations.ThepagepointerregisterPP canbeusedwith a 6-
bit offset1.
The M3-DSP is organizedas a very long instruction word
(VLIW) architecturewhich allows an independentcontrole.g.
for datamanipulation,datatransfer, programcontrol, andthe
addressgenerationunit. Unfortunately, the useof VLIW in-
structionsetarchitecturesleadsto acodesizeoverheadbecause
sub-instructionsfor idle unitsarealsostoredin the instruction
memory. In order to reducethe codesizeoverheada Tagged
VLIW (TVLIW) methodis used[7]. The ideais that thenext
VLIW is assembledby aninstructiondecoder(fig. 2) for oneor
moreTVLIW’ s which containonly functionalunit instruction
words (FIWs) for two functionunits (FUs). Thenumberof re-
quiredFIWs for assemblingthenext VLIW is indicatedby the
IWC (instructionword class).
Only thosepartsof a VLIW needto be stored,which arere-
quiredfor assemblingthe next VLIW. This meanson the one
handthat codesizeoverheadis avoided for idle units andon
theotherhandthatidenticalsub-instructionsof two successive
VLIW’ s canbereusedanddo not needto bestoredasinstruc-
tions in memory. In order to provide an effective useof this
methodin loopstheM3-DSPalsocontainsan instructioncache

1In addition,addressingcanbealsodoneby usingacircularbuffer.
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Fig. 2: TaggedVLIW InstructionDecoder

for up to four (pre-assembled)VLIW instructions.

III. Horizontal addressassignment
Theentiretaskof addressassignment(fig. 3) is subdividedinto
a horizontalandvertical orderingstep.Inputsarethevariable
accesssequencesVAS for thehorizontalandthegroupaccess
sequenceGAS for the vertical (seesectionIV.) optimization
step.
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Fig. 3: Horizontalandverticaladdressassignment

A. Problem definition
The horizontaladdressassignmenthas the goal of assigning
each variable to a group (partition), while minimizing the
numberof memoryaccesses.The variable accesssequence
VAS contains(memory-)accessesof scalar variablesand is
the result of the instructionselection,instructionscheduling,
andregisterallocationphases.Thesephasesareperformedby
usingonly onememoryslice.Thus,thesameVAS canbetaken
asinput for DSPswith differentmemorywidths. Eachelement
of VAS is taggedeitherby anR (read)or a W (write) in order
to distinguishbetweendifferentmemoryaccessmodes.
We saythat two variables�& ¢¡Y£ and �¤ ¥¡�¦ of VAS areneighbors
andhave a neighborrelation if therearesuccessive accessesin
VAS to thesevariables.For examplethe variables  and § of
fig. 3 areneighborstwice. Two variables�& ¢¡Y£ and �& ¢¡�¦ have
an unexploitedneighborrelation if they areneighborsandare
not membersof thesamegroup.

The main conceptof utilizing the whole memory width is
as follows: Load the group containingthe requireddataand
work on thesedataaslong aspossiblewithout furthermemory
accesses.If anothergroup shouldbe loadedinto the group
register andthe currently loadedgroup is modified(indicated



by a writë accessof a variable in VAS) it is necessaryto
store the currentgroup back to memory. Obviously, we can
minimize the numberof memoryaccessesby minimizing the
numberof unexploitedneighborrelations.

Optimizingshouldbedoneundertheconditionthat

� the numberof elementsin a group is restrictedby the
memorywidth ©ª ¢«|¬G£Q¯® ,

� every variablemustbeassignedto exactly onegroup2,

� thepositionof a variablein thegroupis irrelevant,and

� thenumberof resultinggroupsis not known in advance.

Now, we can representthe horizontal addressassignment
problemasa graphpartitioningproblemusinga graphrepre-
sentationasdescribedin [8]:

Definition: The Variable AccessGraph VAG °²±G³ ¶`´¶µ is
an undirectedgraphwith nodeset ³·° ½N�¤¸®¶¹¸®¸¹¸N¶5�\¹�Ã . Each
node � has a correspondingvariable �& ¢¡ in VAS. The edge
set ´ containsan edge §¯£T¦ betweenthe nodes�\£ and �`¦ if the
correspondingvariables�¤ ¢¡ £ and �& ¢¡ ¦ of VAS areneighbors.
An edgewhich representsan unexploited neighbor relation
is calledexternal edge, otherwisethis edgeis called internal
edge. The weight º»£T¦ of an edge §¯£T¦ is given by the number
timesthat �¤ ¢¡¯£ and �¤ ¥¡�¦ areneighbors.

Fig. 4 depictsthegraphrepresentationVAG of a givenvariable
accesssequenceVAS andthreedifferentmemorylayouts.
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Fig. 4: Horizontaladdressassignment

Thecostsof therespective variablegroupingsarecomputedby
addingthe weightsof external edges. It can be seenthat us-
ing only onememoryslice (groupinga) or a naive partition-
ing (groupingb) arebothpoor. In contrastto this thevariable
grouping(c) optimizedfor the concreteVAS hasmuchlower
costs.
Thisexampleshows thatit is desirableto optimizethevariable
groupingby a suitablepartitioning algorithm. Unfortunately,
this meanssolving an NP-completeproblem[9]. For this rea-
sonwe have implementedsomesimpleheuristicalapproaches
andthewell known Kernighan-Linalgorithm[10]. In orderto
improvetheheuristicalresultswehavedevelopedapartitioning
algorithmbasedon geneticalgorithm,which is presentedin the
next section.

2This is necessaryin orderto avoid overheadwhich is causedby accesses.

B. Geneticpartitioning
Genetic algorithms (GA) have proven to solve complex
optimization problemsby imitating the natural optimization
process(seee.g.[11, 12] for an overview). A populationof a
GA consistsof several individuals,eachof themrepresenting
a potentialsolution for the optimizationproblem. The repre-
sentationof an individual is given by a chromosomewhich
is subdivided into genes. The genesare usedto encodethe
variablesof theoptimizationproblem.This meansthatfinding
asuitablecombinationof alleles(concretevalues)for thegenes
is thesameasfindinggoodsolutionsfor theoptimizationprob-
lem. By applying geneticoperatorslike selection, mutation,
andcrossoverto the membersof the population,thefitnessof
theindividualswill increasein thecourseof thegenerations.

In thenext section,wefirst describethecodingmechanismand
afterwardsthe initialization, evaluation,crossover, and muta-
tion stepsof our geneticpartitioningtechniquein moredetail.

B.1. Chromosomalrepresentation
Findinganappropriatechromosomalrepresentationis essential
for employinggeneticalgorithms. In our casewe have to as-
signeachvariableto a group.Thus,we representeachvariable
occurringin the givenvariableaccesssequenceasa geneof a
chromosome.An allele indicatesto which groupthe variable
shouldbeassigned.For example,variables  and § in fig. 5 are
membersof thesamegroup k .
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Fig. 5: Chromosomalrepresentation

B.2. Initializing
Initialization of eachgeneis doneby traversing the chromo-
somefrom left to right with growing genepositions.In orderto
meetthegivengroupsizeconstraintwe determinethesetof al-
ternative alleleswhoseselectionwould leadto a valid solution.
Elementsof this set are all non-emptygroupswhich contain
lessthan ©ª ¢«|¬G£Q¯® variablesanda new (empty)group. Obvi-
ously, thecomplexity of thisstepis à ±�áÐ³âá µ .
Fig. 6 showsaninitialized chromosome.Theinitializationpro-
cessis donefor variables  - ã by performinga probabilistical
selectionof an elementof the setof alternatives(depictedbe-
low thegenes).Assuminga partitionsizeof two, initialization
of variablef is only possibleto thegroupsäh´ and äæå becauseä ¸ alreadycontainsthemembers§ and ç . The resultingvari-
ablegroupingshowsthatthenumberof groupscanbedifferent
for theindividuals.Thus,anassignmentof variable è to groupä ´ would resultin only threegroups.

B.3. Evaluation
The evaluationfunction of a geneticalgorithmis necessaryto
distinguishthe individual’s quality within a population. Thus,
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Fig. 6: Initialization of anindividual

solving a minimization problem indicatesthat the individual
with the lowestevaluationresult is the bestsolution. In this
casewe wantto minimizethenumberof memoryaccessesof a
program.As we have seenin the lastsection,this is the same
taskasminimizing thesumof externaledgeweights.However,
we needto modify this cost function in order to get a closer
relation to codegeneration:First, costsfor accessingthe first
variablein VAS arenot takeninto account.Second,writing a
variable �& ¢¡ to memorymeansthat the groupcontainingthis
variablemustresidein a groupregister. Thus,we have to look
at thevariableaccesssequenceandhave to addoneadditional
memoryaccessif a write accessoccursfor a variablewhile ac-
cessingvariablesof agroup.Thisstepcanbedonein à ±�áVASá µ .
In thecasepresentedin fig. 4 this will resultin 11 memoryac-
cessesfor grouping(a)and(b), and6 for grouping(c).

B.4. Crossoverand Mutation
The crossover operatordealswith generatingnew individuals
by probabilisticallyswappinggenesbetweentwo selectedindi-
viduals. In our casewe areusinga simpleonepoint crossover
(fig. 7).
The crossover is performed by a probabilistic choice of a
crossover point (e.g. in fig. 7 this is genec). Then,all genes
of theparentsbehindthispoint areswapped.
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Fig. 8: Mutation

The resultconsistsof two individualswhich containthe com-
binedinformationof the parents.However, thecrossover step
canleadto invalid solutions.In orderto avoid invalid solutions
we combinethe subsequentmutationoperatorwith a correct-
nesscheck. Thus,the main tasksof the mutationoperatorare
to generatethe new genematerialby exchangingallelesand
checkingthe correctnessof the actualallele. This is doneby
performingthefollowing steps:

1. Mark probabilisticallyall geneswhich shouldbemutated.

2. Performa probabilistic choiceof a new allele from the
allele set for all markedgenes. Let äÀ¿$Á=Â be the actual
largestassignedgroup number. Then, the set of alleles
includesthe groups ä ¸ ¶¹¸®¸¹¸N¶�äÀ¿$Á=Â and the empty groupä ¿ÃÁ=ÂÅÄ ¸ .

3. Correctthenumberof elementsin groupswhichhavemore
than ©ª ¢«|¬G£Q¯® numberof elements.This is doneby dis-
tributing elementseither to group ä ¿ÃÁÆÂÇÄ ¸ or to groups
whichcanpick up furtherelements.

4. Performa renamingof thegroupsfrom left to right in the
chromosomein orderto deletegroupswhicharenot used.

Fig. 8 illustratesthisprocedurefor theinvalidoffspringof fig. 7.
Analogousto the initialization phasethe complexity of muta-
tion andcrossover is à ±�áÐ³âá µ .
C. Extensionsto the partitioning algorithm
We have implementedthe following extensionsfor our parti-
tioning algorithm:

� Initialization of someindividualscanbedonewith there-
sultof heuristicpartitioningalgorithms.

� In order to enablesharingof memorylocationsbetween
variables,dependenton their life ranges,we have com-
binedthe mutationoperatorwith the left edgealgorithm
[13]. Thus,local variableswithoutoverlappinglife ranges
canshareonememorypositionin a group. This canlead
to groupsizeswhich aregreaterthan ©ª ¢« ¬G£Q¯® .

� It canbedesirableto iteratethepartitioningalgorithmsev-
eral timeswith given partitioningconstraints.Thus, it is
possibleto specifyconstraintswith respectto an existing
variablegrouping.

� Edgeweightsfor variablesusedin loopscantakeinto ac-
countthenumberof loop iterations.

In sectionIV wewill proposea heuristicaltechniquewhich de-
terminesthe addressinstructionsfor a given groupaccessse-
quence( äÀÈÊÉ ).

IV. Vertical addressassignment
A. Problem definition
Thegoalof verticaladdressassignmentis to determineanopti-
mizedorderingof availablegroupsin thememorywhichallows
to minimizethecodesizeby choosingsuitableaddressgenera-
tion instructions.However, thefollowing factscauseproblems
in solvingthis task:First, thenumberof possiblememorylay-
outsis exponentialwith respectto thenumberof groupswhich
have to betakeninto account.Thus,testingall memorylayouts
is not practicalin mostcases.Second,computingthe quality
of a givenmemorylayoutmeansto solve thegeneral offsetas-
signment(GOA) problem(seee.g. [8, 14, 15, 16] for details).
Here,asetof addressandmodify registersaregiven,whichare
usedto addressvariablesin thememory. Unfortunately, this is
alsoanNP-completeproblem.In addition,weneedto takeinto
accounttheVLIW cache(fig. 2) in our optimizationtechnique.
Thus,we canreducethecodesizeby maximizingthe reuseof
addressgenerationinstructionswhich residein a VLIW of the
instructioncache.
For the examplememorylayout in fig. 9, a group accessse-
quenceGASindicatingtheorderof addresseswhichhave to be
generatedby addressinstructions,and threeAGU instruction
sequencesaregiven.Thecostsbelow thesequencesaredepen-
denton thenumberof instructionswhich mustbestoredto the
instructionmemory(instructionsin bold in fig. 9).
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Fig. 9: Exampleof addressassignmenttechniques

For sequencea) we assumethat addressingis doneonly with
addressregister ³ ´ andan offset. Without makinguseof the
instructioncachethiswill resultin 11 instructionsto bestored.
In thiscase,codesizereductionis only possibleif thesamead-
dressinstructionsareusedin successive instructions.Sequence
b) is generatedby determiningthosethreegroups(or addresses)
which areaccessedmostfrequently. Then,addressingfor these
groupsis doneby loading the group addressinto an unused
addressregisterwhich is usedsubsequentlyfor addressingthis
groupwith a zerooffset. All other(non-addressed)groupsare
addressedby thepagepointerregisterPP anda suitableoffset.
Sequencec) shows that the cost can be further reducedby a
dedicatedaddressgenerationtechniquewhichmakesbetteruse
of theinstructioncache.
We canrepresentthis taskasa graphproblemwherethegraph
nodesaregivenby thegroupsetaccessedin GAS.

Definition: The Group AccessGraph GAG ° ±�³ ¶`´¶µ is a
directedacyclic graphwith nodeset ³�° ½KÍ�¸¹¶®¸¹¸®¸N¶:ÍÏÎ·Ã . Each
nodeÍ&£ representsonegroupaccessin GAS. If ÐÒÑÔÓ we insert
anedge§ £ ¦ from nodeÍ £ to nodeÍ ¦ . Theweight º £T¦ of anedge§Y£T¦ is given by the addressoffset of the correspondinggroupsä of Í&£ and Íi¦ .

ThecorrespondingGAG of thegroupaccesssequenceof fig. 9
is depictedin fig. 10. Obviously, finding long paths(with re-
spectto the numberof nodes)along edgeswith sameoffset
tendsto minimizethecodesize.
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Fig. 10: Problemgraphrepresentation(GAG)

B. Heuristical approach
Ourheuristicalgorithmfor verticaladdressassignmentis asfol-
lows. As long asthegraphcontainsunmarkednodesperform
thefollowing steps:

1. Takethefirst/next unmarkednodeÍ £ .
2. If (cachesize- 1) is equalto thenumberof currentlyused

addressinstructionsin theinstructioncachegotostep3d.

3. Determinethe longestpathstartingfrom node Í&£ only by
usingedgeswith sameweights. Thesenodescan all be
addressedby the sameaddressgenerationinstruction, if
theusedaddressregisteris not modifiedbetweenthefirst
andlastaccess.Choosetheaddressgenerationinstruction
in the following order, taking into accountthat it is not
allowedto chooseaddressregisterswhich arestill needed
for addressingof subsequentalreadymarkednodes:

(a) Try to reuseoneof theavailableaddressgeneration
instructionin the instructioncache. Candidatesare
auto-incrementor auto-modifyinstructions.
If successgotostep4.

(b) Try to addressall nodeson the pathwith an (new)
auto-incrementinstruction.
If successgotostep4.

(c) Addressthesenodeswith an auto-modify instruc-
tion. If necessaryload the correctconstantinto the
modify register.
If successgotostep4.

(d) Addressthecurrentnodeby thepagepointerregister³h³ andan offset. Choosealwaysthesameinstruc-
tion cacheentry.

4. Mark all addressednodeson this path as addressedand
deleteall edgesadjacentto thesenodes. If thereareun-
markednodesgotostep1 elsestop.

Applying this algorithmto thegroupaccesssequenceof fig. 9
would resultin theAGU instructionsequencec).
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Fig. 11: Graphrepresentationof sequencec) in fig. 9

The describedalgorithm optimizes the addressgeneration
instructionsfor one given memory layout while minimizing
codesize.It canbeshown thatthecomplexity is à ±�áGASá » µ .
Usually, it is possibleto find better solutionsby comparing
different memory layouts with respectto the resulting code
size. But, testingall memorylayoutswill in mostcasesnot be
practical. Thus, we usea modified geneticalgorithm of the
horizontalorderingstepto searchfor asuitablememorylayout.
Evaluationof the differentmemorylayoutsis doneusing the
describedheuristicalgorithm.

V. Experimental results
First, we comparethe quality of the Kernighan-Lin(KL) and
thegeneticpartitioningalgorithmfrom sectionIII with optimal
solutionsobtainedby a time-intensive CLP (constraintlogic
programming)partitioningalgorithm. Theresultsfor four test
sequencesaredepictedin table1. Column1 containsthenum-
ber of differentvariablesoccurringin the test sequence.For



genetic KL
groupsize #mem cycles AGU ops cpu[s] #mem cycles AGU ops cpu[s]

4 17 82 6 8 21 91 10 qsr
8 10 71 6 8 15 79 8 qsr
12 10 71 4 8 10 71 4 qsr
16 6 65 4 8 7 67 4 qsr

Table2: Resultsfor theIIR example

CLP(optimal) genetic KL
#var #mem cpu[s] #mem cpu[s] #mem cpu[s]
5 71 qsr 71 12 71 qtr
10 122 7 122 17 126 qtr
15 134 4140 134 22 139 qtr
20 136 u 2 weeks 136 26 144 qtr

Table1: Comparisonof optimal, genetic,andKL partitioning
algorithm with áVAS á °wv k{k and partition size = 4 (for the
horizontaladdressassignmentstep)

eachpartitioningtechniquealsothenumberof resultingmem-
ory accesses(#mem),which areimportantfrom a performance
or power consumptionviewpoint, andthe respective runtimes
(on a 333MHz SunUltra-10)arementioned.Themain result
hereis that the geneticalgorithmcomputesthe optimal solu-
tion3 (for thesesequences)in all caseswithin acceptablerun-
time. For 20 variablesthe resultof the KL heuristicis 5,8 %
worsethantheoptimalsolution4. Furtherexperimentalresults
have shown thatusinganoptimizedvariablegroupingcansave
up to approximately60 % of the numberof memoryaccesses
in contrastto anarbitrary(unoptimized)grouping.
Table2 givesresultsfor a real DSPcodeexample: an infinite
impulseresponse(IIR) filter. In addition to the pure address
assignmentresults,also the total effect on codequality is re-
flected.For this purpose,the resultsof theaddressassignment
phasehave beenpropagatedto an existing M3 DSPcodegen-
erator, soasto obtaina completeassemblyprogramfor theIIR
example.Again, we comparedtheproposedgeneticalgorithm
approachto the useof the KL heuristic. Column1 givesthe
groupsize, i.e., the numberof 16-bit datawordsper memory
word,which is a parameterto theM3 DSPplatform. Columns
labeled”#mem”, like in table 1, denotethe resultingnumber
of memory(i.e. group)accesses.Column”cycles” denotesthe
numberof instructionscycles requiredby the assemblypro-
gramsgeneratedbasedon the givenaddressassignmentinfor-
mation. Column”AGU ops” denotesthe numberof different
addresscomputationinstructionsneededto bestoredin VLIW
instructions,therebyreflectingthe codesize. Finally, the re-
quiredCPUtimesaregivenin seconds.
Naturally, theKL heuristicis fasterthanthegeneticalgorithm,
but the latter generatessignificantlybettercodeboth in terms
of memoryaccessesandperformance.Also w.r.t. the number
of requiredAGU operations,thegeneticalgorithmperformsat
leastasgoodasKL.

VI. Conclusions
New highperformanceDSPprocessorsneedto besupportedby
advancedcompileralgorithms.In thispaperwe have described
memoryallocationalgorithmsdesignedfor the M3 DSP, high

3For this andthefollowing resultsof thegeneticpartitioningalgorithmwe
haveperformed10.000generationswith a populationsizeof 50 anda replace-
mentrateof 10 individuals.

4Notethat theKL heuristicis alsoadaptedto ourcostfunction.

performancescalableSIMD architecture.In a first phase,vari-
ablesarepartitionedinto variablegroups,reflectingthe M3’s
SIMD-like groupaccessmechanism.A newly designedopti-
mization basedon a geneticalgorithm hasbeenshown to be
capableof outperformingthe traditional Kernighan-Linalgo-
rithm. In asecondphase,variablegroupsareallocatedto mem-
ory. This is doneby exploiting theM3’s taggedVLIW instruc-
tion cachearchitecture.
Resultshave shown that optimizing the variablegroupingcan
saveasignificantamountof memoryaccessesandincreasecode
performance.So far, thetechniqueis mainly tunedfor theM3
architecture.However, adaptationsfor otherSIMD DSPpro-
cessorarchitectureswouldberelatively straightforward.
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