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Abstract

VLIW ASIPsprovide anattractve solutionfor increasinglypena-
sive real-timemultimediaand signal processingembeddedappli-
cations.In this papernwe proposeanalgorithmto supportrrade-of
explorationduring the early phaseof the design/specializationf
VLIW ASIPswith clustereddatapaths.For purposef an early
explorationstep,we definea parameterizetamily of clusteeddat-
apathsD(m, n), wherem andn denoteinterconnectcapacityand
clustercapacityconstrainton thefamily. Givenakernel,the pro-
posedalgorithmexploresthe spaceof feasibleclustereddatapaths
andreturns:a datapatltonfigurationabindingandschedulingor
the operations;anda correspondingstimatefor the bestachies-
ablelateng overthe specifiedfamily. Moreover, we shav how the
parametersn andn, aswell asatarget latencyoptionallyspecified
by thedesignercanbeusedto effectively exploretrade-ofs among
delay pover/enegy, andlateng. Extensve empiricalevidenceis
providedshawing thattheproposedpproachs strikingly effective
atattackingthis complex optimizationproblem.

1 Introduction

Realtime multimediaandsignalprocessingmbeddedpplications
oftenspendmostof their cyclesexecutinga few time critical code
segments(kernels)with well definedcharacteristicanakingthem
amenableo processospecializationMoreover, thesecomputation
intensve kernelsoftenexhibit a high degreeof inherentinstruction
level parallelism(ILP). Thus,VeryLargelnstructionWord (VLIW)
ApplicationSpecificlnstructionSetProcessoréASIPs)provide an
attractive solutionfor suchembedded@pplications.

Traditionally thedatapathsf VLIW machinehave beerbased
on a singleregisterfile sharedby all functionalunits (FUs). The
centralregisterfile providesinternalstorageaswell asswitching,
i.e., interconnectioramongthe FUs andto/from the memorysys-
tem. Unfortunately this simple organizationdoesnot scalewell
with thelarge numberof functionalunitstypically requiredto take
adwantageof the ILP presenin the embeddeapplicationsof in-
terest.Indeed,t hasbeenshavn in [14] that,for N FUsconnected
to aregisterfile, the areaof theregisterfile grows asN®, thedelay
asN%/2 andpower dissipationasN3. In short,asthe numberof
FUs increasesinternal storageand communicatiorbetweenFUs
quickly becomeshedominantjf notprohibitive factot in termsof
delay power dissipationandarea.

A key obsenrationis thatthedelay power dissipationrandarea
associatedvith the storageorganizationcan be dramaticallyre-
ducedby restrictingthe connectiity betweenFUs and registers,
sothateachFU canonly readandwrite from/to a limited subsebf
registers.[14 Thusakey dimensionof VLIW ASIP specialization
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is clustering i.e., the developmeniof datapathgomprisedf clus-
tersof FUs connectedo local storage(the clusters registerfile).

Althoughby moving from a centralizedo a distributedregisterfile

organizationone canreapsignificantdelay powerandarea sav-

ings, thistype of specializatiormay comeata cost.Onemayhave

to transferdataamongtheseregisterfiles (i.e., datapathclusters),
possiblyresultingin increasedatency

More concretelyconsideafamily of clusteredlatapathsvhere-
in eachclusterhasno morethana given numberof FUs, irrespec-
tive of type. We shallreferto this constraintasa clustercapacity
constraint. Intuitively, asthe clustercapacitydecreaseéandthus
thenumberf portsandsizeof theassociatedegisterfile decrease),
one expectscombinationaldelay as well as power dissipationto
decreasewhile the numberof clock cycles (lateng) requiredto
executea given kernelto increase.In the limit, whencomparing
aclusterednachineto a hypotheticakentralizednachinewith the
samenumberof FUs,oneexpectsto beableto sustairhigherclock
ratesin the clusteredmachine put at the costof increasedateng,
dueto the needto move dataamongregisterfiles.

Moreover, asclustercapacitydecreasegnealsoexpectspow-
er dissipationto decreasavith respecto the centralizednachine.
Indeed clusterednachinesvould have localregisterfilesthathave
fewer portsandaresmallerthanthe singleregisterfile of the cen-
tralizedmachine thusachieving a lesscostly (local) switchingin-
side eachcluster Unfortunately switching may also be needed
amongclustersj.e.,theremaybeaneedo performmove (or copy)
operationsacrossregisterfiles of differentclusters,with a corre-
spondingundesirableffectin enegy consumption

Notethatwhile performanc@ndpower/enegy areamajorcon-
cernin embeddedpplicationssiliconarea(perse)is notnecessar
ily aconcernsincewith todays levels of integrationonecancost-
effectively placelarge numbersof transistorson a single chip[1,
13]. Thus,in exploring the designspacewith respecto theimpact
on performanceand power/enegy of different clustercapacities,
onecanallow for anunboundechumberof clusters- at leastdur
ing the early phase®f the exploration. In fact,asobseredin [5],
in signalprocessingpplicationswvith highILP, in orderto achieve
high throughputone shouldexpectdatapathsvith alarge number
of functionalresourcesand low resourcesharing. Thus, placing
an upperboundon the total numberof functional resourcesvas
considerednadequate One shouldhowever considera constraint
on the interconnectcapacity sincecongestion(during datatrans-
fersacrossclusters)mayleadto major performancepenaltiesand
the interconnecstructurehasa significantimpacton the relevant
figuresof meritdiscussedbove (i.e., delayandpower/enegy).

In summarywhenconsideringhe specializatiorof a datapath
to a givenkernel,oneshouldseeksolutionswith a (possiblylarge)
numberof clustersworking (quasi-)independentlyNote thatsuch
configurationsrethe“ideal” ones,n thatthey decreasowerand
delay by taking adwantageof locality in the computationswhile
incurringno (significant)lateng/enegy penaltiedueto switching



acros<lusters.

In this paperwe proposean algorithmfor estimatingthe min-
imum lateny achievable by a family of clusteed madines— the
family is definedby theclusterandinterconnectapacityconstraints
discussedabore. In particular given a kernel and capacitycon-
straints,our algorithmexploresthe spaceof feasibleclustereddat-
apathsandreturns: (1) an“optimal” datapathconfiguration;(2) a
binding and schedulingfor the operations;and (3) a correspond-
ing estimatdor theminimumachievablelateng overthefamily of
clustereddatapaths.

Thealgorithmproposedn this paperis a fundamentatool for
the early exploration requiredto designspecializedlustereddata-
paths.To thebestof our knowledge,this problemhasnot beenad-
dressedefore,see§5. We formalizethe problemunderconsidera-
tionin §2. Ournovel approachs basedn: (1) aneffective decom-
positionof the probleminto a sequenc®f simplersub-problems;
and(2) anaggressie heuristicpruningof the large designspaces
definedby thesesub-problemsThis is discussedn §3. Extensve
empiricalevidenceis providedin §4 shawing thatthe approachs
strikingly effective at attackingthis exceedinglycomplex problem.
Moreover, the discussionshereinillustratehow the algorithmcan
beusedwithin agenerablesignspaceexplorationframewvork. Con-
clusionsarepresentedn §6.

2 Problem Definition

Ourgoalisto supportarlyphase®f thedesignof VLIW machines
specializedo executetime critical sgmentgkernels)of targetem-
beddedapplications. The identificationof thesetime critical seg-
mentsrepresentedshasichlocks,superblocksetc.[10,9], is thus
performedprior to this explorationstep. Thesekernelsarerepre-
sentedasdataflav graphgDFGs),i.e.,in termsof aDAG, G(V, E),
wherethe nodesV represenbpenmtionsto be carriedout on data-
path functional resourcesg.g., adds, multiplies, etc., also called
actvities, andtheedgesE C V x V representiataobjectsthatare
“produced’and“consumedy actvities duringtheflow of execu-
tion, seee.g.,Fig.3. As discussedh the sequelthe DFG modelof
theapplicationmaybe modifiedto includenodescorrespondingo
move/cofy operationgi.e., datatransfersacrosslustersyequiring
the interconnectresources.The location of suchmavesonly be-
comesclearoncea datapathandbinding of functionaloperations
to the datapatls resourcedegin to be specified.

The problemto be addresseds oneof simultaneousllocation
andbinding, subjectto coarsehierarchical'structuralconstraints.
We parameterizéamiliesof clusteredlatapath®(m, n) asfollows.
Eachdatapathmay containseveral independentomponentssee
e.g.,Fig.1. Eachindependentomponentjn turn, containsa col-
lection of clusteredFUs, i.e., ALUs and multipliers that sharea
commonregisterfile. The clusterswithin eachcomponensharea
local interconnecstructurewith capacitynot exceedingm. Each
clusterhasno morethann FUs, but no limit is placedon the num-
ber of componentandassociatedlustersthat canbe instantiated
in thedatapath.

A feasiblebinding of a DFG to a clustereddatapathspecifies
onwhichclustersactvitieswill (andcan)execute.Givenabinding
of adataflav to adatapationecanschedulectvities soasto min-
imize executionlateng. Theproblemto beaddressedanbestated
asfollows:

Problem1 TheproblemP(m,n,DFG) is to find a datapathD* €
D(m, n) anda bindingandschedulingoftheDFG to D* thatresults
in a small,if notminimal,executionlatency We let T*(m,n,DF G)
denotethe minimalexecutionlatencythat canbe achieved.

Note that our coarseparameterizatiorof datapathds aimed
at reducingthe size/complgity of the designspacefor an initial
exploration conductedat a high-level of abstraction.(This is not
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Figurel: A componenbf aclusteredVLIW datapath.

unlike approacheso similar high-compleaity CAD / compilation
problemswhich typically resortto abstractiorandproblemphas-
ing, seee.q.,[5, 10,9].) Specifically we do not modellimitations

on registerfile capacitiedfor eachcluster and only considerda-

ta transfersof temporaryvaluesacrossclusters. Neverthelessa

solutionto our abstractproblemenablesan effective exploration

of a hugespaceof possibledesignsandthus datapathspecializa-
tion along two critical dimensions: clusterand interconnectca-

pacities. Promisingdatapathconfigurationsare then considered
in more detail, during subsequenphasesf the VLIW ASIP de-

sign/specializatioprocess[1]L

3 Algorithm to support VLIW datapath specialization

The pseudo-coddelon exhibits the main high-level tasksof the
proposedalgorithm. The algorithmincludestwo main decompo-
sitions. The first, performedby the function Gen-IDFGs, corre-
sponddgo partitioningthe DFG into a setof independenbFGs,or
IDFGs, which can be addressedeparately Specifically given a
DFG we considerthe associatedindirectedgraph,andidentify its
connectedomponentsEachconnectedtomponentorrespondso
an IDFG. Clearly, suchIDFGs constituteideal “chunks” of com-
putationthat can be performedon a single datapathcomponent,
requiring no local communicatiorwith other components.Thus
for eachlDFG the goalis to find an “optimal” clusteredstructure
for theassociatedomponent.

The seconddecompositionwhich will be explainedin more
detail below, is usedto synthesizemulti clusterdatapathcompo-
nentssuitablefor eachIDFG. The key ideais to decomposean
IDFG into the operationswhich are the mostdifficult to handle.
Eachoperationis givenadifficulty rankingassessinthelik elihood
that lateny penaltystepswill be incurreddueto limited cluster
or interconnectapacity i.e., resultingfrom serializingoperations
within aclusterdueto limited FU capacity or from introducingda-
tatransfersacrossclusters.Givensucharanking,we extracta set
of operationswith highestrankingsandconsiderthe inducedsub-
IDFG. Our approachthendeterminegdatapathclusters bindings,
anda partialschedulevhich aresuitablefor theinducedsub-IDFG
in the senseof minimizing lateny penalties.Thenext IDFG sub-
problemis addresseth a similar fashion.

In the sequelwe focuson the key conceptuatontritutions of
our approachwhich arethe decompositiorof an IDFG into sub-
problems,anda systematianethodfor synthesizingmulti-cluster
datapattsolutionsfor suchsub-problems.



Algorithm (m,n,DFG,TL){
TL = max[TL, ASAP(DFG)];
solution= (datapathbinding,schedule,lateryy = (0,0,0, TL);
UpdateSolution(solution);
Set-IDFGs= GenIDFGS(DFG);
for eachIDFG € Set-IDFG{ I/l decompositiord

s1=oneClusterSolution(m,n,IDFG); //try 1 clustersolution
if (latency(s1)< TL){ UpdateSolution(s1);}
else{ s2= multClusterSolution(m,n,IDFG);// decompositior2
if (latency(s2)< latency(s1)){ // choosemin latencysolution
UpdateSolution(s2); }
else { UpdateSolution(s1);}

[ initialization

/l geneatea setof IDFGs

} return (solution);}

3.1 Difficulty ranking function and decomposition

Ouralgorithmkeepstrackof, andupdatesa globalvariabledenot-
edtamgetlateny TL. Thetamgetlateny is eitherspecifiedby the
designeor setto betheas-soon-as-possiblASAP) lateny bound
for the DFG, denotedASAP(DFG).GivenTL, for eachoperation
o in theDFG, we computemobility(o) = ALAP(0) - ASAP(0), see
e.g.,Fig.31 Themobility correspondso the operations difficulty

ranking. Clearlyanoperationwith low mobility is likely to be dif-

ficult to handleasit hasfew temporaldegreesof freedomto deal
with possibleserializationor datatransfersamongclusters.

We will be progressiely constructinga global solution,i.e., a
datapathabinding,a scheduleandafeasiblelateng for thecom-
plete problem,basedon consideringseveral sub-poblems Each
time asub-problems solved,thefunctionUpdateSolution() is in-
voked to updatethe currentglobal solution. This involvesseveral
tasks. First, if the sub-problemsolution exceedsthe currenttar-
getlateng, the global solutionis updatedaccordingly Then,the
sub-problenoperationanddatatransfersareancored onthecor-
respondingchedulingsteps Finally, themobility of operationsot
yetanchoreds recomputed.

Theprimaryconsideratiordriving thealgorithmis to minimize
executionlateng. A secondaryconsideratioris to minimize the
numberof datatransfersamongclusters.Thusfor eachIDFG (or
IDFG sub-problem}he primary goal is to find a solution either
within the currenttargetlateng, or resultingin a minimalincrease
in tamgetlateng. In eachcase a singleclustersolution,generated
by oneClusterSolutior(), anda multiple clustersolution,generat-
ed by multClusterSolution(), may be obtained. The function la-
tency() returnsgheexecutionlatengy of asolutionto asub-problem.
To satisfythe secondaryoal, preferences alwaysgivento single
clustersolutionsthatcanachieve the currenttargetlateng, or pro-
vide the sameor betterlateny thatmulti-clustersolutions.Thisis
donein anattemptto reducethe numberof clustersanddatatrans-
fersin thefinal solution— seecommentsn §4.
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Whena multi-clustersolutionis soughtfor a given IDFG, our
seconddecompositionakesplace,seeFig.2. As mentionedorevi-
ously multi-clustersolutionsare obtainedby first tackling a sub-
problemassociatedvith the mostdifficult setof operationsn an
IDFG, denotedsub-probleml. The function ExtractSubprob-
lem(), calledwithin multClusterSolution(), extractsaninduced

LALAP(0) denoteghe as-late-as-possibitepof o for agivenTL.

sub-IDFGassociateavith the operationsvith minimum mobility,
denotedVM, andthosewith mobility MM + 1, if they have adirect
produceror consumewith mobility MM. Therationalefor includ-
ing the secondtype of operationsds that, if they wereboundto a
differentcluster they would incur additionaldatatransfersreduc-
ing their mobility by atleastone,andthusmakingthemasdifficult
to handleas operationswith mobility MM. For our benchmarks,
this heuristicalwaysselectednorethan60 % of the IDFG’s oper
ations. For the examplein Fig.3theinducedsub-IDFGassociated
with extracting the first sub-problems shavn on the right. The
inducedsub-IDFGincludesthe subsebf nodessatisfyingthecrite-
rion, andedgesamongthosenodes? In thesimplestversionof our
algorithm,only oneadditionalsub-problernis considerednamely
ExtractSubproblem2), associatewvith theoperationsotconsid-
eredin thefirst sub-problemseeFig.2.
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Figure3: Rankingoperation@ndextractinginducedsubproblems.

The key propertyunderlyingthis sub-problendecomposition
for IDFGsis asfollows. Thefirst problemis associatedvith the
most difficult operations,but includesonly a relaxed set of se-
guencingconstraints.This makesit usuallyeasierto solwe, i.e., to
find asuitableclustereddatapatttcomponentbindingandschedule
resultingin a reducedateng. If the first sub-problencannotbe
solvedwithin the currenttamgetlateng, theninvariablytheoriginal
IDFG would not befeasiblewithin thattargetlateng. Formalizing
andproving thisfactis simpleandgivesthefollowing:

Fact 3.1 Suppose dataflowgraphsubDFGinducedby a subsebf
opemtionsin a DFG. ThenT*(m,n,subDFG) < T*(m,n,DFG).

Thus,if thefirst sub-problenincursalateny penaltyi.e.,forcesan
increasen the currenttargetlateng, thenthat penaltywill persist
andtypically make thesecondsub-problernreasierif nottrivial, to
sole.

Multi-clusterdatapatitomponentfor anIDFG aresynthesized
by decomposinghelDFG into severalsingleclustersub-problems,
seeFig.2. Thesemay correspondo the two IDFG sub-problems
discusse@baove, or furtherdecompositionsf theseto smallersub-
problems,asdiscussedn the next section. In progressiely syn-
thesizinga multi-clustersolution, several single clustersolutions
to partsof the IDFG are composed.In an attemptto reducethe
numberof clustersin the datapathcomponentsprior to instantiat-
ing anew clusterandassigningt to anIDFG sub-problemyve first
attemptto bind andschedulehe associate@perationon existing
clusters. If the capacityavailablein suchclustersis insuficient,
i.e., if we fail to meetthe currenttargetlateng, a new clusteris

2We alsoremaore edgesthat traversea numberof schedulingstepsexceedingthe
themobility of theactiities thatwereextracted.



allocated,andits FU’s areselectedo leadto the smallestiateny
penaltyfor the sub-problemunderconsideration.

In this processthe executionlatengy is evaluatedby schedul-
ing operationsand moves using a simple modificationof the list
schedulingalgorithm[3 which is describedn the sequel.Moves,
i.e., datatransfergrequiringthe useof the sharednterconnecte-
source areinsertedwhenoperationsharingan edgeareboundto
differentclusters. Thus,whena multi-clustercomponents being
synthesizedthe accruedoad on the sharednterconnectesource
impactsthe schedulingof move operationsassociateavith eachof
theIDFG’s sub-problems.

3.2 Finding multi-cluster solutions for IDFG sub-problems

Let usfirst considera simpleexamplewhereeachclustercanhave
atmostoneFU,i.e.,n= 1. In thiscasejdeally, oneidentifieslong
independenstringsof operationghatrequirethe sametype of FU
within the IDFG sub-problemandbindssuchstringsto indepen-
dentclustersof the right type. By binding operationsalong such
string to the samecluster one avoids requiring datatransfersfor
the edges(associatedlataobjects)alongthe string. By ensuring
the string includesoperationf the sametype, oneavoids a mis-
matchbetweenthe load placedon the clusterandthe capacityof
thecluster This suggesta generaheuristicto determinedatapath
clustersandoperatiorbindingsfor IDFG sub-problemshatdo not
consistof independenstringsandwith nontrivial (n > 1) cluster
capacities.Theideais to find setsof operationsorrespondingo
sub-treesratherthanstrings. We call thesesetsvertical aggrega-
tions andrecognizethatbinding suchaggreationsto appropriate-
ly capacitatedlustersmight translateto reducedpenaltiesdueto
datatransfers. At the sametime, it is of interestto identify sets
of consecutie operationsthat have compatibleresourcerequire-
ments. We call thesehorizontal aggregationsand recognizethat
bindingtheseto compatibleclustersmight alsoavoid excessie se-
rializationwithin limited capacityclusters.

Thus,our algorithmfirst determineserticalandhorizontalag-
gregationsof operationdor IDFG sub-problemsBasedon these,
it creategossiblepartitionsof its operationsBy bindingeachele-
mentin the partition,i.e., setof operationsto acompatiblecluster
we synthesize&andidateclustereddatapathsndbindings.Theop-
erationsare then scheduledo evaluatethe solution. We discuss
thesestepsin moredetailbelaw.

Vertical Aggregation Given an extractedsub-IDFG, vertical
aggregation createsa collectionof subsetf operations?’ corre-
spondingto sub-teesin thesub-IDFG,seee.g.,Fig.4. Sinceverti-
cal aggr@ationis attemptedor a sub-IDFGwhena singlecluster
solutionappeargo be inadequate/inferiofseeFig.2), onecanas-
sumeat leasttwo clustersarerequired.Thus,in attemptingo par
tition the sub-IDFGinto vertical aggrgyates,we ensurethatthere
alwaysexist at leasttwo ongoingsubtreesi.e., clusterparallelism
to be exploited. As explainedbelaw, this requirementranslateso
avoiding full meging, i.e., avoiding aggregatingall the operations
within asingletreein ary given*“layer” of thesub-IDFG.
Verticalaggr@atesaregenerateéh bothatop-davn andbottom-
upfashionconsideringpnelayeratatime —alayercorrespondso
the setof operationdalling on a given stepin the ASAP sched-
ule for the sub-IDFG.For thetop-davn casewe begin by positing
thateachactuity in thetop layer (initialized to the first stepof its
ASAP scheduleforrespondso anindependentree. At eachstep
oneconsidergrowing and/ormeiging treeson the previous layer
following the edgedetweeroperationsn thetwo layers,seee.g.,
Fig.4. Suchgrowing/meging takesplaceonly if (1) theresulting
aggr@atescorrespondo subtreesand (2) have not resultedin a
single aggr@ate,i.e., full meging of all the operationsbetween
the currentlayer andthe top layer Whensuchgroving/meging

of treesviolatesone of theseconditions(seee.g. the transitions
from Layer4 to 5 in Fig.4) the currentsubsetse.g.,V1 andV2,
are addedto the collection of vertical top-davn aggregations 4,
andthe procesgestartswith the currentlayer asthe new top lay-
er. Thus,for our example,Layer5 becomeshe new top layerand
theactitiesin thelayerareassumedo correspondo independent
trees.In ourexamplethetransitionfrom Layer5 to 6 againleadsto
afull meging, andthusthe setsV 3 andV4 with singleoperations
areaddedto 14, andthe processestartson Layer 6, resultingin
two additionalvertical aggrgationsetsvV5 andV6. In the sequel
we will referto aggr@ationsthatcontainonly oneoperationasis
the casefor V3 andV4, astrivial andwill attemptto megethese
with largerverticalor horizontalaggreates.

Sub-IDFG for sub-problem 1Vertical aggregates
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Figure4: Verticalaggr@ation.

Bottom-upverticalaggr@ations,denotecby 14, aregenerated
in the samefashionbut startingfrom the bottom. Althoughfor our
examplethey resultin the sameaggreyations,in generakhisis not
the case.Sincethe sub-IDFGis a DAG, identificationof the verti-
cal aggregatesis straightforvard having only linear compleity in
the numberof nodes.Finally, we notethata morerefinedmodel
for vertical aggrgationcould be obtainedby hierarchicallykeep-
ing track of all meige pointsseenin this process.Until now, we
have foundthatin practicethesefine grainedpartitionsarenotuse-
ful, i.e.,evenwhendatatransferdelaysaresmall (1 cycle), scatter
ing smallaggrgatesacrosamary clustersvasnever advantageous
from alateny pointof view, see§4.

Horizontal Aggregation The horizontalaggreationstepcre-
atesa collectionof aggrgates# correspondingo sub-IDFGop-
erationson consecutie layerswith compatibldoads.To do so,we
determingheloadprofile for the operation®n eachlayer, e.g..,the
multiplier load multload(i) on layeri is the sumof (mobility(o) +
1)‘l for all operationson layeri requiringa multiplier. We com-
putethe ALU load, ALUload(i), in a similar fashion® Intuitive-
ly the resourcdoad on two layersis compatibleif thereexists a
clustertype that is a good matchfor both. Recall that a feasi-
ble clustertypeis definedby the numberof ALUs andmultipliers
it includes,so long as their sum doesnot exceedour constrain-
t n. We definea notion of load compatibility for a constraintn
asfollows. For eachlayeri we determinethe setof all feasible
clusterstypes,CT (i) thatwould be ableto supportthe layer’s re-
sourceloadin aminimumnumberof steps- nonintegral loadsare
roundedup. Two (or more) consecutie layers,sayi andi + 1,
aresaidto be compatibleif CT(i)NCT(i+1) # 0, i.e., if there
3Thismeasuref loadaccountdor thefactthatactivitieswith highermobility have

moreflexibility in their schedulingangesandthusshouldhave lower importancen
termsof assessingompatibilityamonglayers.




exists a clustertype that would be ableto supporttheir individu-
al loadsin a minimal numberof steps. For illustration purposes,
considera hypotheticalexampleincluding the following consecu-
tive layers: Layer 1, with ALUload(1) = 2 andmultload(1) = 2;
Layer 2, with ALUload(2) = 2 andmultload(2) = 0; andLayer
3, with ALUload(3) = 3 andmultload(3) = 0. Assuminga clus-
ter capacityn = 3, the correspondindeasibleclustertypeswould
beCT (1) = {2A1M, 1A2M}, CT(2) = {2A1M, 3A}, andCT (3) =
{3A}. For thisexample,Layersl and2 would becompatiblesince
CT(1)NCT(2) = {2AIM} # 0. Similarly, Layers2 and 3 would
becompatiblesinceCT (2) NCT(3) = {3A} # 0.

Fig.5 exhibits CT (i) whenn = 2 for our example. Layersi =
5,6,7 have CT (i) = {2A} (i.e., clusterswith 2 ALUs) andarethus
jointly compatiblesoasinglehorizontalaggregationof operations,
thesetH 1, is placedn thecollection# . In general# includesthe
largestsetsof compatibléhorizontalaggregations.Sinceournotion
of load compatibilityamonglayersis not transitive, in somecases
suchaggregyatesmayoverlap. For example,in thehypotheticatase
introducedabore, the horizontalaggr@ationformedby Layers1
and2 is not compatiblewith thatformedby Layers2 and3, since
{2A1IM} N {3A} = 0. Thus,two distinct (overlapping)horizontal
aggr@ationswould have beenformed.
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Figure5: Horizontalaggr@ation.

Optimization Algorithm Thethird stepin determininga multi-
clustersolutionis to jointly searchfor a“good” overall partitionof
sub-IDFGoperationsandcorrespondingindingof thesepartitions
to suitableclustertypes.Althoughthisis avery complex taskwhen
aflat designspacds consideredin our approachthe searchspace
is dramaticallyreducedby the horizontaland vertical aggr@ates
determinedn the previoustwo steps.

Specifically our optimizationheuristicproceedssfollows.
Basedon 1, 1, and #, we createcoveringsof the sub-IDFG5
operationd. In fact, we systematicallygeneratesereral suchcov-
erings,asfollows: (1) onebasedon 44; (2) onebasedon 14,; and
(3) severalbasedn oneor moresetsin #, coveringeachof theun-
coveredhorizontalslicesentirelywith elementf either or 14,.
In mostcasesve have but a few horizontalaggr@ations,leading
to a limited numberof possiblecovers. In this processve ensure
thatno setin acoveris fully containedwithin anotherbut cannot
ensurehatthe obtainedcoversarein factpartitions.

In thenext phaseof ouralgorithmwe exhaustvely derive parti-
tionsfrom eachof theobtainedcovers,i.e., ary operatiorthatis in-
cludedin two or moresetsin acoveris removedandassignedo on-
ly oneof them. Furtherboundaryperturbationgreatingaddition-

4A coveringis acollectionof setssuchthattheunionincludesall the operationsn
thesub-IDFGanda partition is a cover of disjoint sets.

al partitionscanbe useful, e.g.,meging trivial vertical aggrga-
tion setswith neighboringaggreatesor shifting operationsacross
aggr@atesin layerswherethe interconnectapacityhasbeenex-
hausted. Becausetheseperturbationsnvolve only operationson
the boundarieshetweenlarge aggrgates,the demandsn gener
ating theseare not excessie. This processventuallytransforms
eachcoverinto oneof mary possiblepartitions,seee.g.Fig.6. Al-
thoughthis processangrow exponentiallyin compleity, in prac-
tice the numberof covers/partitionghatweregeneratedn all our
casestudiesdid notjustify ary furtherpruning. Specifically given
apartition,anexhaustve generatiorof boundaryperturbationsand
schedulingof the correspondinglternatvestook no morethana
few second®on an SunUltraSpard for the benchmarkshavn in
Tablel.

Alternative multi-clusterdatapathgrethengeneratedasedn
thesepartitions. Eachelementin a partition correspondso a sin-
gle clusterproblem thusit makessensdo considerpartitionswith
the fewestnumberof setsfirst. As discussedn §3.1 and shavn
in Fig.2, singleclustersolutionsto eachpartitionarecomposedo
generatenulti-clustersolutionsto the (sub)IDFG,which arecom-
paredbasedn the executionlateny they achieve.

For our ongoingexample,Fig.6 shavs the bestpartition. The
suitableclustertypeswhenn = 2 were determinedto be 1A1M
(i.e.,1 ALU and1 multiplier) and2A, asshawvn in thefigure. The
minimum lateny schedulgfor interconnectapacitym = 2) was
determinedo be 10 stepswhich is optimalfor the given capacity
constraints At this point the solutionfor sub-problen? would be
generated.

Possible partition  Binding & required moves
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Figure6: Generatingovers,partitions,andderiing clustersypes.

Modified List Scheduling. Executionlatenciesaredetermined
usingthefollowing modifiedlist schedulingalgorithms.Givenan
IDFG, its first sub-problenis scheduledfor the derived binding)
usinga standardist schedulingpriority function (longestpathto
ary sinkoperation)enhancedby atie breakingpolicy. Specifically
in thecaseof atie, operationghatareancestoref move operations
aregiven higherpriority. Whenan operationcannotbe scheduled
within its time frame®, TL is incrementedthetime framesareup-
dated andthealgorithmis repeated.

Recallthat,whena solutionfor an IDFG’s first sub-problemnis
found, the operationsof the sub-IDFG,including moves, arean-
choredto their associategchedulingsteps,and the time frames
andmobility of theremainingoperationsarerecomputedAccord-
ingly, schedulingor anIDFG’s secondsub-problenis performed

5Thetime frameof anoperatioro is givenby [ASAP(0), ALAP(0)].



asfollows. A modifiedlist schedulingalgorithmtraverseschedul-
ing stepsfrom 1 to TL and,at eachstep,schedulegsmary ready
operation® asavailableresourcepermit,usingmobility asthepri-

ority function. As in the previous case,if atie occurs,priority is

givento nodesvhichareancestorsf unsdeduledmoves.Whenan

operationcannotbe scheduledvithin its time frame,the schedul-
ing processtopstheanchoringof all operationss releasedandan
overall schedulings performedfor the samebindingfunctionand
the sameinitial tamgetlateng, usingthe list schedulingalgorithm
describedn thepreviousparagraph.

4 Experimental Results

Table 1 shaws the resultsproducedby our algorithmfor a num-
berof representate benchmarlkernels.For simplicity, operations
and datatransferswere assumedo take 1 cycle in all testcases,
but our approachs general. ThethreeDiscreteCosineTransform
(DCT) algorithms(Lee, DIT andDIF [8]) typify comple kernels
with high potentialfor ILP. Thethreefilters (Elliptic, Autoregres-
sionand Avenhaugd6]) typify complex kernelswith lesspotential
for ILP. Informationon the numberof connectedomponentgID-
FGs),theircritical path(i.e.,absoluteminimumlateng), andnum-
ber of operationsfor eachIDFG is provided in Column1. For
eachbenchmarkywe consideredlatapathsvith interconnectapac-
ity m= 2 andclustercapacityconstraintof n = 2, 3, 4. For eachof
the 18 probleminstancesconsideredthe derived clustereddatap-
athandtheassociatedchiezablelatengy L areshavn in thetable.
Also shawn is thetotal numberof datatransfersabbreiatedDTs,
with subtotalgperdatapatttcomponent.

We startby notingthat our algorithmconsistentlyffound mini-
mumlatengy penaltysolutionsfor thespecifieccapacityconstraints,
strongly suggestingthat our aggressie designspacepruning is
effective.” Moreover, for all casesbut one, the achievable laten-
cy wasdrivenby sub-poblem1 of anIDFG, confirmingthe effec-
tivenessof our decompositiorheuristicbasedon difficulty rank-
ings. The exceptionoccurredfor the DIT DCT benchmarkwith
constraint§m,n) = (2,4). In this casecontentiorfor interconnect
resourcesausednadditionallateny penaltyof 1 stepfor thesec-
ondsub-problenmassociatedvith the IDFG. (Notethatthis bench-
mark hasa singleIDFG with 48 nodesandcritical pathof 7 steps,
thuscontentionon the local interconnecfor the datapathcompo-
nentwaslik ely to occur if ahighdegreeof ILP wasto beachieved.)
Note hawever thatthis did not occurfor clustercapacitiesr= 2, 3.
In thesetwo casesanincreasedateny penaltyresultedfrom sub-
problem1, which wassuficient to allow a solutionfor therestof
the IDFG withoutfurtherlateny increases/penalties.

Theresultsin Table1 shav thatsolutionsderivedfor largerca-
pacity clusterconstraintsmay have the samelateny asthosefor
smaller capacityconstraints,seee.g., DCT Lee and WDE filter
for n = 2,3. Note however that the solutionsassociatedvith the
larger capacityclustershave fewer clusters(with more FUs), and
typically have fewer datatransfers.This clearly shavs the bias of
our algorithmtowardsserialization- solutionsthataddextra steps
by serializingoperationgnside a clusterare favoredwith respect
to solutionsscatteringtheseoperationghroughvarious (possibly
smaller)clusters,andyet payingthe samelateny penaltydueto
datatransferdelays. More concretely the proposedalgorithmis
biasedtowardssolutionsthat usefewer clustersof highercapaci-
ty, asopposedo usingmoreclustersof capacitysmallerthanthat
specifiedin the constraint. The underlyingrationaleis that, when
lateny is identical, the first solutionswill typically leadto fewer

6An unscheduledperationis saidto bereadyat stepsif sis in its time frame.

"Duethehigh compleity of the optimizationproblembeingtackled,verifying the
optimality of a solutionwith respecto lateng is virtually impossible. However, in
all casesve have determinedy inspectionthatfor the given capacityconstraintshe
lateny penaltystepscouldnotbereduced.

Benchmarks (m,n) T L [ Datapath [ #DTs |
DCT-Lee 49 ops (29 ad- | (2,4) | 10 | IDFGL 2(2A2W)=2 | 5
d/subs20 mults)2 IDFGs,
CcP=9 IDFG2:(2A2M)=1 | (5+0)
IDFG1:280ps,CP=9 (2,3) | 12 | IDFGI: 5

(2AIM)+(1A1M)=2
IDFG2: (2A1IM)=1 | (5+0)
IDFGL: 3(AIM)=3 i
IDFG2: 2(IA1IM)=2 | (7+4)
IDFGL: 2(2A2M)=2 2

IDFG2: 21 0ps,CP=7 @z 12

DCT-DIF: 41 ops(29 ad- | (2,4) 9

d/subs12 mults)2 IDFGs,

CP=7 IDFG2: (2A1M)=1 (2+0)
2

IDFG1: 24 0ps,CP=7 (23) [ 10 | IDFGL: 2(2AIM)=2
IDFG2: (2AIM)=1 | (2+0)
IDFG2: 17 ops,CP=5 22y [ 13 | IDFGL 2(AIM)=2 2

IDFG2: 1(IAIM)=1 | (2+0)
IDFGL: @A+ 9
(3AIM)+2(2A2M)=4

DCT-DIT: 48o0ps(36ad- | (24) | 9
d/subs,12 mults) 1 IDFG,

CP=7
IDFG1: 48 ops,CP=7 (Z3) [ 10 | IDFGL;  2(@A7* | 11
2(2AIM)+(LAIM)=5
22y [ 11 | IDFGL: 16
3(2A)+4(IAIM)=7
5th order WDE Filter: 34 | (2,4) | 14 | IDFGL 3

ops(26 add/subs8 mults) 1 (2A2M)+(2A1M)=2
IDFG, CP=14
IDEG1:340ps,CP=14 (2,3) | 15 | IDFG1: 2

(2AIM)+(1A1M)=2
IDFGI:3(AIM)=3 7
IDFGL.2(1A2M)=2 | 4

22 | 15
Auto RegressionFilter: 28 | (2,4) | 10
ops(12 add/subs16 mults)

11DFG, CP=8
IDFG1: 28 0ps,CP=8 (2,3) | 10 | IDFGI1:2(1A2M)=2 4
(2,2) | 11 | IDFEGL:2(AIM)=2 4
AvenhausFilter: 18ops(8 | (2,4) 8 IDFG1: 3
add/subs10mults)1 IDFG, (1A2M)+(1A1M)=2
CP=7
IDFG1:180ps,CP=7 (2,3) | 8 | IDFGI: 3
(1A2M)+(1A1M)=2
(2,2) | 9 | IDFGL:2([AIM)=2 2

Tablel: Experimentalesults.

datatransfers.Finally, notethatfor the Autoregressionand Aven-
housfilters, thesolutionswith m= 3,4 areidentical. Thisindicates
that the extra clustercapacitydoesnot help with theseparticular
kernels.

Otherinterestingobserationscould be dravn from our case
studies.Considerfor examplethetwo alternatve DCT algorithms
(DIT andDIF) shavnin thetable. AlthoughtheDCT-DIT algorith-
m hasroughly20 % moreoperationghanthe DCT-DIF algorithm,
it executedasteron afamily with clustercapacity2, andhasiden-
tical lateng for largercapacitiesSuchnon-trivial obserationscan
be usefulwhenperformingalgorithmicexplorationin the context
of agivenembeddedpplication.

We concludeby briefly discussinghow the proposedalgorithm
canbe usedto supporttrade-of exploration. Consideragainthe
solutionfor the DIT DCT with a clustercapacityof 4. The “min-
imum” lateny solutiongeneratedy the algorithmhas4 clusters
and9 stepsj.e., 2 stepsin excesof thecritical path. If thedesigner
findsthis numberof clustersto be excessie, s’lhecanincreasdahe
target lateny and executethe algorithmoncemorefor the same
capacityconstraints As the designeiincreaseshe initial targetla-
teng, thenumberof clusterdn thesolutionwill eventuallyreduce.
Thus,thedesignecanexploretrade-ofs betweerateny andclus-
ter area® Delay/paver vs. lateny trade-ofs canbe explored by
consideringlifferentcapacityconstraintsindeedastheconstraint
on clustercapacityincreasesfewer stepsaretypically requiredto
executethe samekernel, yet the registerfile local to eachcluster
will have moreportsandbe larger, andthusdelayandpower con-

8Clusterareaestimationis beyondthe scopeof this paper



sumptiorwill increas@[14]. Ourproposealgorithmcanthusplay
akey rolein adesignspacexplorationervironment/framevork.

5 Related Work

A significantbody of work is availablein the areaof datapathsyn-
thesisfor digital signalprocessingpplicationsseee.qg.,[3, 5]. Our
focusis onapproachegearedowardshighthroughputapplication-
s,e.0.,[5, 2,4, 15]. Theuseof hierarchyin theDFG andin thedat-

apathis an importantcommoncharacteristiof suchapproaches.

Below we briefly contrastour work with the Cathedralcompilers
developedat IMEC[5]- arepresentate example.
CathedrabisesanApplicationSpecifidJnit (ASU) basedarchi-

tectuial style[5]. ASUsaredatapathsvhosecompositionn terms
of functionalbuilding blocks(i.e., FUs)andinterconnectiorstruc-
ture is customizedo partsof the applicationflow graph,i.e., to
judiciously selectedclustersof operations. Below we argue that
the designspacedefinedby the ASU-basedarchitecturalstyle is
not compatiblewith the problemhandledn this paper Specifical-
ly, our VLIW datapathclustersare fundamentallydifferent from
ASUs,andthussoarethe objectvesdriving theaggr@ationof op-

erationgo be executedon thesehierarchicablatapatifcomponents.

ASUs do not include permanenstorage,.e., registersor register
files. Switchingof dataamongthe FUsinternalto anASU is done
only throughinterconnecandMUXES. Thus,no resourcesharing
is allowedwithin anASU. By contrastjn ourclustered/LIW data-
paths.aclusterslocalregisterfile is usedto switchdataamongthe
clusters FUs. Moreover, resourcesharingwithin a cluster(while
executingan aggregate)is not only possible but highly desirable.
In summary loosely speaking,Cathedrakreatesdatapathdased
onsingleASU “clusters”— notethat,atalaterstepin thestructural
hierarchyguidingthe synthesigprocessdedicatedegisterfiles are
allocatedo theinputsof eachASU. Similar contrastcanbemade
to otherhigh-level synthesisapproacheshaving thattheir adopt-
ed structul hierarchy definesa designspaceincompatiblewith
theproblemaddresseéh this paper

Retagetablecodegeneratiorhasreceved significantattention
lately, seee.qg.,[9, 10]. Asin the previouscase the algorithmsde-
velopedfor codegeneratiorsolve optimizationproblemsdifferent
from ours. During codegenerationpperationassignmento clus-
ters(i.e., binding) and othercodegeneratiortasksare performed
assumin@ specifidargetdatapathin contrastjn ourapproachhe
binding of operationgaggregates)to clustersis performedfor an
“optimal” datapattthatis beingsimultaneouslgeneated Deriv-
ing optimal codefor a specified/tagetVLIW clustereddatapaths
a differentproblemfrom that of efficiently finding a VLIW clus-
tereddatapathithatcandeliver “maximum” performanceynderthe
specifiedcapacityconstraints.

Several lower boundson lateng have beenproposedseee.g.
[12, 16, 7]. Suchwork usuallyassumea pre-definedlatapattwith
a ‘flat’ organizationof FUs[12,16]. An exceptionis [7]. In this
casea lower boundon latengy is computedor a DFG boundto a
specificclustered/LIW datapathBy contrastthe objective of our
algorithmis to estimatehe minimumlateny thatcanbe achieved
for a given DFG over a family of clusteredVLIW datapathgie-
fined by the specifiedcapacityconstraints. Thus, onceagainthe
problemsarequitedistinct.

6 Conclusions

We proposedan algorithmto supporttrade-of explorationduring
theearly phase®f thedesignof VLIW ASIPswith clusterediata-
paths.Encouragingexperimentaresultsobtainedfor a numberof
benchmarkkernels,assumingrariousclustercapacitiesshav that

9Delayandpower estimatiorarebeyondthe scopeof this paper

ouraggressie heuristicdecompositiomndpruningstratgieswork
quite well in practice. We are currentlyworking on incorporating
high-level memorysystemdesignissuesn our designspacesxplo-
rationframework —thesewill beconsideregbrior to theexploration
stepdiscussedh this paper
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