SLC: Symbolic Schedulingfor Executing Parameterized Task Graphs on
Multipr ocessors

Michel Cosnard Emmanueleannot TaoYang
LORIA INRIA Lorraine LIP ENS-Lyon CSDept.UCSB
615,rueduJardinBotanique 46, alleed’ltalie EngrBuilding |

54602Villers lesNangy, France
Michel.Cosnard@]loria.fr

Abstract

Taskgraphsdtedulinghasbeenfoundeffectivein perfor
mancepredictionandoptimizationof parallel applications.
A numberof static schedulingalgorithmshave beenpro-
posedfor taskgraph executionon distributedmemoryma-
chines.Sud an approad cannotbe adaptedto changesin
valuesof programparametesandthenumberof processos
andalsoit cannothandlelarge taskgraphs. In this paper
we model parallel computationusing parameterizectask
graphswhich representcoarse-gain parallelism indepen-
dentof theproblemsize We presenia schedulingalgorithm
for a parameterizedaskgraphwhich first derivessymbolic
linear clustess andthenassigngaskclustess to processos.
Theruntimesystenmexecuteglustes on ead processoin a
multi-threadedashion.We evaluateour methodusingvari-
ouscompute-intensivkernelsthatcanbefoundin scientific
applications.

1. Intr oduction

Directedagyclic taskgraphs(DAGs) have beenusedin
modelingparallelapplicationsandperformingperformance
predictionandoptimization[1, 3, 7, 11, 12, 21]. Thereare
a numberof algorithmswhich have beenproposedo per
form statictaskgraphmappingon distributedmemoryma-
chineg[8, 14, 15, 19, 20, 21, 23, 25]. Becausataskgraph
is obtainedstaticallyandthe numberof processorsnustbe
givenin advancebeforeschedulingthesemethodspresent
two majordrawvbacks:

e Staticschedulings not adaptve. Eachtime the prob-
lem parametewalueschangeor the numberof avail-
ableprocessorsaschedulingsolutionhasto berecom-
puted.

e Static schedulingis not scalable. For large problem
sizesthecorrespondingaskgraphmaycontainalarge
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numberof tasksand dependencedges,and a static
schedulemightfail dueto memoryconstraint.

The previous work in parallelizing compilers[2, 10, 17

hasstudiedthecompaciparallelismrepresentatiobasedn
fine-grainlevel dependencanalysisand their model nor-

mally dealswith DOALL parallelism.Ourgoalis to extend
theseresultsfor exploiting coarsegrain DAG parallelismin

asymbolicmannerin orderto overcomehetwo dravbacks
mentionedabove. In this paperwe usea parameterizethsk
graph(PTG)[5, 16] to modelcomputation.A PTG canbe
consideredaisa DAG, andis augmentedby a setof param-
eters. Thussucha graphis symbolicandits sizedoesnot
vary if programparameterghange.This paperfocuseson
symbolic schedulingof parameterizedask graphson dis-
tributedmemorymachines.

Our algorithm, called SLC (Symbolic Linear Cluster
ing), first performssymbolic clusteringand assignstasks
from the sameclusterto the sameprocessoin orderto re-
duceinter-taskcommunicatiorwhile still preservingavail-
able parallelism. Thenit assignssymbolic clustersevenly
to processorsSinceeachprocessomay own several sym-
bolic taskclusterspur runtimeschemeexecutesclusterson
eachprocessowusing a multithreadedand message-dven
fashionto overlapcomputatiorwith communication.

Section 2 describesdefinitions of parameterizedask
graphs. Section 3 gives an overview of our approach.
Section4 presentsour symbolic clusteringmethod. Sec-
tion 5 discussesow clusterscan be numberedexplicitly
sothatsymbolicclusterscanbe mappedo physicallypro-
cessorsSection6 presentsimulationandexperimentare-
sults. Section7 concludeghe paper

2. Definitions and Notations

Parameterized Task Graphs. A parameterizedask
graph (PTG) is a compactmodel for parallel computa-
tion [5]. It containsa setof symbolictasksandeachsym-



param n
assert n >= 3
real a(n, n+1)

real s
for k =1 ton-1 do
t ask [*T1(k)*/
s= 1/ a(k,k)
for | =k +1ton do
a(l,k) = a(l,k) * s
endf or
endt ask
for j =k + 1 to n+l do
t ask [*T2(k,j)*/
for i=k +1ton do
a(i,j) =a(i,j) -
a(k,j) * a(i, k)
endf or
endt ask
endf or
endf or

Figure 1. Gaussian Elimination

bolic taskis representety a nameandaniterationvector
A PTG alsocontainsa setof communicatiorrulesthatde-
scribedataitemstransferedamongtasks. Sinceeachtask
cancontaina setof instructionsexecutedsequentiallythis
modelmainly is targetedat coarse-graimparallelism.

Therearetypesof communicationmuleswhich areeither
emissionor receptionrulesto modelhow taskssendor re-
ceive data. Receptiorandemissionrulesaredual forms of
eachother Receptionrules describea setof parentsthat
a taskdependson. Emissionrules describea setof chil-
drenthatataskneedso senddata. An emissionrule R (a
receptiorrule) hastheform:

R:Ta(@) — Th(?) : D(§)|P

wherew and# aretheiterationvectorsof tasksT'a andT'b.

Rule R meanghatif predicateP is true,taskTa (i) sends
dataD (%) to taskT'b(%). Vectory describesvhich part of

the dataD is sentto task7'd. P is a polyhedronwhich

describewalid valuesof vectorsiz, 7 andy/.

The numberof componentsn ¢ dependn thedimen-
sionof datavariableD. For example,it is® if D isascalar
and1 if D isalD vector We assumehatthe variablesy
donotappeain thepredicateslescribinghevariablesof @
andd. Hence the datapartof arule canbe removedeasily
without gettingholesin the polyhedron.

Derivation of a parameterized task graph. We have
usedthe PlusPyrsoftware tool [16] in orderto construct
a PTG from a sequentiaprogram. PlusPyris ableto de-
rive a parameterizedask graphfor a sequentialprogram
if a useralsoprovidesan annotationto describehow this
programis partitionedinto tasks. Figure 1 illustratesan

annotatedporogramfor GaussiarElimination without piv-
oting. It containstwo generictasksT'1(k) andT2(k, j).
Key words“task” and“endtask”specifythe beginningand
end of a taskand “param” specifiessymbolic parameters
usedin this program,which could vary basedon the actual
problemsize. Figure5 illustratesan instantiatedGaussian
Eliminationtaskgraph(alongwith alinearclusteringaswe
will explain later)whenprogramparameten is 6.

The currentimplementatiorof PlusPyrsupportsdepen-
denceanalysisand communicationsynthesisamongtasks
if the input programhasstatic controlandonly dealswith
matrix vectoror scalarcomputation.Thetechniquegor de-
pendenceanalysisand communicationsummarizatiorare
basedon the work doneby Feautrierandotherson integer
parametrigrogrammingsed9, 22] for anintroductionand
[5, 6] for moredetails).

For theinput GE programshown in Figure 1, the emis-
sion rules of the correspondingparameterizedask graph,
computedby our tool PlusPyr areshawn in Figure2. For
example thethird emissiorruleindicateghatfor ary £ and
jsuchthatl < k <n-2andk+2 < j <n+1,task
T2(k, 7) sendgartof columnj to task7T2(k + 1, j).

1. Ti(k) — T2(k,j) : A(G, k)1 <k <n—-1,k+1<
i<n+Lk+1<i<n

2. T2(k,j) — T1(k+1): AGk+ 1)1 <k <n—
2,j=k+1,k+1<i<n

3. T2(k,j) — T2(k+1,5) : AGi,j)1 <k < n—
2,k+2<j<n+1Lk+1<i<n

Figure 2. Emission rules for the Gaussian

Elimination

Bijective Emission Rules. Our symbolic clusteringal-
gorithm identifiesa type of rules called bijection rules to
clusterandwe presentits definition asfollows. Givenan
emissionrule of format R : T'a(@) — Tb(%) : D(%)|P,
this rule is bijective if for eachinstanceof iteration vec-
tor i, thereexists exactly one correspondingnstanceof
iteration vector ¢. For example, in Figure 2, the first
emissionrule is not bijective becausehis rule describes
a dependencdrom task T'1(k) to mary of its children
T2(k,k+1),T2(k,k + 2) - - -. Thesecondandthird rules
arebijective.

We furtherdiscusshow to judgeif anemissiorruleis bi-
jective. We assumehata taskcontainsnestedoopsandits
iterationvectoris anaffine function of programparameters
andloop indices. Let 7" be the vectorcomposedf all the
problemparametersand loop indicesin the lexicographic



order Thuswe canexpressvectorsii andv as:
U=DT+k and ¥ = Dy7+ ks.

wherek; andk; areconstantntegervectors. D1 and D2
areconstanintegermatrices Noticethatif thereareequal-
ities in P, we shouldsubstitutevariablesto remove some
variablesheforeconstructingD, andD-.

To find if thisrule is bijective, we find E; andw; such
that?'= Ey (@ — k;) + ;. Therecouldexist mary E; and
w thatsatisfythis equation.We imposeaconditionthatw?
iscomposeaf theindicesthatdonotappeain 4. Formally,
wy,; = &;ij, wherethew,; (resp.i;) is j** elementof w7
(resp.z); §; = Wif i; appearsn @, andd; = 1 if 4; doesnot
appeatn .

Thenwe have: 7 = Dy By (i — k1) + Doy + k. Sim-
ilarly we canbuild E; andwy suchthat: @ = Dy Ex (¥ —
k2) + Dy + K.

Theaboveruleis bijectiveif andonly if Dyw; andD1ws
areboth constant.This conditionensureghatfor eachin-
stanceof @ thereis only oneinstanceof ¢ andfor eachin-
stanceof 7 thereis only oneinstanceof .

In Figure2, thefactthatthefirst rule is notbijective can

beverifiedasfollows. Sinced = (k), 7 = f , andthe

vectorof the programparameterandall the loopsindices
is7=(nklji)T, Dy = (91,88 8) and

5 1 5 88
D2‘(s .1 s)‘
Wededucethat: E; = (818887 andw; = (n 815 i)7
, whichis not

sothat?= E1 4+ wi. Then,Dyw; =

aconstant.
Onthe otherhand,the secondemissionrule in Figure2

andv = (k + 1).
Accordingto thepredicatej = k + 1, we substituteall the

is bijective. In this case,d =

occurrencesf j by k+1. Hencewehave: 4 = ( k _’i 1 )

5 1 8 8 8
Thus,D; = ( " L s ww ) andD, = (8188 8),
We deducethat: v} = w = (n 81 j i)T. Thereforeboth
D>w and D, w5 areconstant.

3. Overview of the SLC Method

The optimization goal of our symbolic clustering al-
gorithm is the same as that of static schedulingalgo-
rithms[21, 25]: eliminateunnecessargommunicatiorand
presere datalocality, mapsymbolicclustersto processors
evenly to achieve load balance andexecuteclusterswithin

eachprocessousingthe multithreadingtechniqueto over-
lap computationwith communication. The mappingand
schedulingprocesds symbolicin the sensghatthechange
in the problemsizeandthe numberof processorsloesnot
affectthe solutionderivedby our algorithm.

The main stepsinvolved in our methodfor scheduling
andexecutinga parameterizedask graphare summarized
asfollows:

1. Givena PTG, we first simplify this graphby meming
rules,whenpossiblejn orderto reducethe numberof
rules. Thenwe extractandsortall bijective rulesin the
PTG. Then, we perform a linear clusteringon these
bijection rules, The clusteringprocesds discussedn
detailsin Section4. Theimportantaspecbf this pro-
cesss thatmemedclustersarealwayslinearwhatever
parameteraluesare,namely noindependentaskare
placedin the samecluster In this way, parallelismis
preseredwhile unnecessargommunicatioris elimi-
nated.

Clusteringis conducteddy assigningwo endtasksof
adependencedgeto thesamecluster(socommunica-
tion betweernthesetwo tasksis consideredero). This
processs called edge zewing. Sinceeachemission
rule represents setof dependencedgeswe will call
this processas“rule zeroing”.

2. Givenalinearclusterof aPTG,thesecondstepof SLC
is to provide theidentificationof eachcluster whichis
a mappingfunction from a taskID to a clusternum-
ber For example,mappingfunction x(T'1, (3,7)) is
theclusterID of task7T'1(3, 7). This procedurés triv-
ial if clusteringis not donesymbolically In our set-
ting, this mappingfunctionallows usto mapa cluster
symbolicallyto a physicalprocessar

3. The third stepis to derive the mappingand packag-
ing of dataitemsusedduring execution. This is done
usingcommunicatiorrules. Whenaruleis notzeroed
thismeanghatdatawill besentfrom aprocessoto an-
other Ruleswith clustermappingdescribenhichkind
of data(scalar vector, matrix,...) shouldbe sent.We
usethesdanformationsfor generatingnessaggackag-
ing code.

4. Thelast partis the executionof symbolicclustersas-
signedto eachprocessar At runtime, symbolicclus-
tersaremappedo the givennumberof processorgp)
evenly usingacyclic (clusterlID modp) or blockmap-
ping formula(clusterID /p).

Taskexecutionis asynchronouandis drivenby mes-
sage communication. Each processormaintains a
readyqueueandif all dataitemsneededor ataskare
available locally, this task becomeseady For each



processqrwe maintaint active threadsand eachof
themcanpick up a readytaskfor execution. The ad-
vantageof having multiple threadsis thatthe system
cantake advantageof SMP nodesif applicable. Af-
ter a taskcompletedts execution,dataitemsare sent
following the emissiorrulesrelatedto thistask.

Thereis animportantissueon how to initiate execu-
tion. At the beginning of execution,eachprocessor
needgo find startingtasks(i.e. taskswithout parents)
andputthemonits readytaskqueue.This is doneby
computingall valid instance®f eachtaskassignedo
this processarcalledwvalid(Ta). Thenthis processor
computesall the instanceof Ta that needto receve
datafollowing the receptionrules (call it recv(Ta)).
Thedifferencevalid(Ta) — recv(Ta) is apolyhedron
thatdescribesll startingtaskinstance®f T'a assigned
to this processar

In the next two sectionswe will discussin detailshow
taskscanbe clusteredandmappedsymbolically

4. Symbolic Linear Clustering

In this step,we allocatetasksto an unboundechumber
of virtual processorandin the literaturethis is often call
clustering.All thetasksassignedo thesameclusterwill be
executedon the samephysicalprocessar

A clusteris saidlinear if all its taskform a pathin the
instantiatedaskgraphof aPTGfor givenprogramparame-
ters. Themotivationfor linearclusteringis basednastudy
by YangandGerasouli13]. They have proventhata lin-
earclusteringprovidesgoodperformancen anunbounded
numberof processordor coarsegrain graphs. If g is the
granularityataskgraphG, PT. is the paralleltime of ary
linear clustering,and PT,, is the paralleltime of an opti-
mal clusteringappliedto G, thenPT;. < (1 + 1/9)PTop;.
Thusaslongasg is nottoosmall,linearclusteringproduces
ascheduleompetitive to theoptimumwhenthereareasuf-
ficientnumberof processors.

Our clusteringalgorithm containstwo parts: 1) memge
rulestogetherif possibleto reducethe searchingspacefor
clustering. 2) find bijective clustersandclusterthoserules
linearly.

Rule merging. Before clusteringthe given PTG, we
mergea few emissionrulesif possible. Two emissionrules
arememableif eachrule describeghe samesetof depen-
denceedgesandtheirdataitemscommunicated¢anbecom-
bined.For example let usconsiderthetwo following rules:

R1:T1(k) — T2(k+1): A(k)1<k<n
and

R2:T1(k) — T2(k+1) : AG)|1 <k <n,k+1<i <n.

Input R asetof communicationrules
Output ThesetZ of zeroedrules
Z:=0
memgerules(R)
bijection_rule_set:=computebijectionrules(R)
sortrules(bijectionrule_set)
foreachr in bijection.rule_setdo

if notin_conflict(r,Z) then

Z+=r

endif

enddo

Figure 3. The rule clustering algorithm.

R1 and R2 describethe samesetof edges.We seethat
rule R1 sendslementA(k) andrule R2 sendslementof
vector A from k + 1 to n. Hence,thesetwo rulescanbe
mergedin arule R thatsendslementof vector A from &
ton:

R:T1(k) — T2(k+1): AG)1 <k <n,k<i<n.

Merging of rules is important becauseit reducesthe
numberof rules. In thatway, the clusteringalgorithmdis-
cussedelon canspendesstime in searchingandzeroing
bijectiverules.

Rule zeroing. We give a formal definition of rule zero-
ing asfollows. Givenarule with form T'a(@) — Tb(?) :
D(%)|P, itis zeoedif andonly if x(Ta, @) = x(T'b, ) for
all the valid instancesf 4 and¢ in P. The zeroingalgo-
rithm is summarizedn Figure3.

The zeroingalgorithmextractsall bijection rules,using
themethoddescribedn Section2. Thenit sortsall bijective
emissionrules. The sortingis donesuchthat rulesimply-
ing more communicationare to be zeroedfirst. The rule
orderingis doneby takinginto consideratiothe dimension
of datacommunicatedi.e. a scalar arow or a column,a
matrix block). Oncebijective emissionrulesare sortedby
a decreasinglimensionof datacommunicationtransitive
rules(asdefinedbelaw) areplacedat the endof this sorted
list.

An emissionrule R
is called transitive if it R1
sendsdatafrom task7'1
to T'3 andthereexist two
rules R1 and R2 such
that R1 sendsdatafrom R2
T1 to T2 and R2 sends T3
datafrom T2 to T'3 (see
Figure 4). As shown in

T1

Figure 4. R: aTran-
sitive Rule



next section,it appearshata clusteringdecisionbasedon
R maybein conflictwith thatfor R1 and R2. But theclus-
tering decisionsfor R2 and R1 do not conflict with each
other

Sinceour goalis to zeroasmary rulesaspossible,we
rank the zeroingproiority of rules R1 and R2 higherthan
thatfor rule R andthuswe placetransitive rulesat theend
of thesortedrule list.

Duringthezeroingloopshowvnin Figure3, thealgorithm
checkdf zeroinga selecteduleis notin conflictwith arule
alreadyzeroed.Two rulesarein conflictif, oncezeroedthe
producedclusteringis not linear. If the rule is notin con-
flict with arny otherzeroedulesthenthealgorithmaddsthis
newly-zeroedrule to the setof zeroedrules. The algorithm
repeatghis processuntil all ruleshave beenexaminedonce
in the sortedorder We have decribdeda methodin [4] on
how to determinef two rulesarein conflict.

We canprovethefollowing theorento shav thecorrect-
nessof our rule zeroingalgorithm.

Theorem1 If bijectiveemissiorrulesof a PTGare zeoed
usingthe SLCzewing algorithm, thentheresultof cluster
ingis linear.

Sketch of proof: Whena bijective rule is zeroed,ex-
actly oneedgefor eachinstanceof therule is zeroedin the
instantiatedaskgraph.

SinceSLC ensureghatthereare no conflictin zeroing
multiple bijective rules. Therefore zeroingthoserulespro-
ducesa clusteringwith no independentask instancesas-

signedto the samecluster -

5 Cluster Identification

The previous algorithm zerosa numberof rulesandas
aresultit zerosa numberof edgesin the instantiatedask
graphfor a given setof programparametewvalues. How-
ever, thereis no clusterID given for eachcluster We
needsuchan ID numberexplicitly sowe canassignclus-
tersevenlyto physicalprocessorsisingasymbolicmapping
function. In staticschedulingresearci21, 25|, producing
sucha numberis easysinceclusterscanbe explicitly num-
bered.

Given a setof zeroedrules,we shov how to explicitly
build asymbolicfunctionx(Ta, @) suchthatfor any generic
taskT'a andary valid instancei, this functiongivesaclus-
ter numberfor this taskinstance We call this procedureas
clusteridentificationor clusternumbering

Notice that all the tasksin the sameclusterwill have
the sameclusternumberand tasksfrom differentclusters
shouldnot have the sameclusternumber More formally,
let usconsiderazeroedrule:

R1 : Ta(@) —s Tb(®)| P,

UnderconstrainP; , we musthave:

k(Ta, i) = k(Tb, V). 1)

We briefly discussour methodusingan exampleasfol-
lows. The basisof our methodis the sameasthe oneused
by Feautrierin [10] for automaticdistribution. We assume
thatourclusteringfunctionis affine with respecto program
parameterandtheiterationvector Thuswe let

&(Ta, @) = dali + Ba + YaP

wherea;, andy, arevectorsof unknavnswhich haveto be
found, 3, is a constantandp' is the vectorof the program
parametersWe alsohave

k(Tb,0) = apt + By + ToP-

-

Thensolving Equationl leadsto o, @ + 3, + VoP = ap¥ +
B + 16D

For example,let uslook at the secondrule in Figure 2:
T2(k,j) — Tk +1) : AGi,k+ 1)1 < k < n—
2,7 =k+1,k+1 <i<n.By zeroingthisrule, we have
K,(T2, (k,j)) = 042,1]6-}-&272'7' +,32 +v2,1n and/-:(Tl, (k’-i—
1)) = al,l(k + 1) + ,61 + Y1,1n. Thisleadsto

az ik +azpj+ B2+ an=a11(k+1)+ 6 + 710
j—k+1
2

Equati0n2 is satisfiedwith Q21 —|—(12’2 = 0q,1, /62+C¥2’2 =
B1+ a1 andys = v1.

For emissiorRule3in Figure2: (T2(k,j) — T2(k+
1,7) {AGHI<k<n—-2k+2<j<n+1,k+1<
i < n}), wehave:

ag1k+az2j+02+72,1n = g1 (k+1)+az2j+02+72,11.
3
Equation3 is satisfiedwith s 1 = 8.
Theabove analysisfor the secondandthird rulesof Fig-
ure2 leadsto thefollowing linear system:

a1 +asa—a11 =9
Botaso—P1—ai; =8 (4)
Yo, =M,102,1 =8

System4 hasmary solutions.In particular

azp=ai =1 )
Bi=PF=a1=711="1=8

Thus,oneexplicit clusteringfunctionx for the Gaussian
EliminationPTGis:

w(T2,(k,j)) =J

and
k(T1, (k) = k.



Figure 5. A clustering for an instantiated
Gaussian Elimination graph with n = 6.

This clusteringis depictedn Figure5.

The above example looks simple; however thereis a
complicationwe needto handle. The mappingderivation
from two rulesfor the sametaskmay leadto a restrictve
condition on the & vectorvalue in computingthe cluster
affine function of this task. For instance giventhe follow-
ing two zeroedrules:

R1:T1(k,j) — T1(k+1,j)1<k<n1<j<k
R2:T1(k,j) — T1(k,j+ D)1 <k <n,k+1<j <n.

Zeroingrule R1 leadsto ay,; = 8 but zeroingrule R2
leadsto a1, = 8. We do notwantthe & solutionvectorto
be zerofor all the tasksbecauséhis solutionmapsall task
instancesnto one cluster which yields no parallelism. In
theabove casewe know thatzeroingthesewo rulesarenot
in conflictin termsof thelinearclusteringconstraint.To fix
this problem we canusethetwo mappingfunctionsfor task
T'1 with two disjoint polyhedra:

. o if1<k<n,1<j<k
K(TL, (k, 7)) = { ?c otherwise. ’

In general,we have proposeda techniquecalled graph
splitting which usesmultiple mappingfunctionsfor each
selectedaskif the derived solutionis @ = § for all tasks.
Givenazeroingof aPTG,we construcadependencgraph
G only basedon all zeroedbijective rules. We computethe
clustermappingfunctionfor eachtaskbasedn zeroingre-
sults. If for all thetasksT'a the mappingsolutionis @ = 8,

we identify therulesthatcausesetting,we splittheG into a
few sub-PTGdy dividing the polyhedradomainof T'a into
disjoint partsbasedon theserules. For the above example,
the restrictionis causedy two rulesamongthe instances
of thesametask. Thenwe applythe clusternumberingpro-
cedurerecursvely to eachsubgraphThe obtainedsolution
for task T, is no longeran affine function but a piecevise
affinefunction Noticeif ataskhasmultiple out-goingedges
in G, thoserules can also potentiallyimposea restrictive
conditionon clusternumberingandwe canalsosplit based
on theserules. Figure 6 illustratessplitting of a task7'2
basedon the rules“T2 — T3" and“T2 — T4". No-
tice thatall rulesin G arebijective, thussubgraph€+1 and
G2 dealwith disjoint setsof all taskinstances.For exam-
ple, taskinstancef T2 aredivided into two parts,onein
G1 andanotherin G2. Thentaskinstanceof T'1 arealso
divided in two partsaccordinglydueto bijection andrule
“T1 — T5" will only needto appeain G2.

T2

T6 T6 T6

G Gl G2

Figure 6. Spliting of Graph G into G; and G,
at node T2 (note that G2 may be partitioned
again at node T'4)

6. Simulation and Experimental Results

We have implementedthe SLC for compile-timesym-
bolic schedulingof a PTG, which automaticallyfinds the
clusteringfunction x for eachtask. We have alsoimple-
mentedpart of runtime supportfor executinga PTG using
the SLC schedulewhich allows usto conductexperiments
in assessingerformancef an SLC symbolicschedule.

The benchmarksisedin this paperareseveralcompute-
intensive kernelsin scientificapplications:Gaussiarelim-
ination, Cholesly factorization,Givensalgorithm, Jordan
diagonalizationand matrix multiplication. The advantage
of our algorithmis that it requiressmall memoryspacen
clusteringandproducessymbolicsolutionsindependenbf
problemsizesand the numberof processorsised. In this
section,we mainly asses# the schedulingperformancef
our algorithmis still competitve to a staticalgorithmwhile
retainingsymbolicprocessingdwantages.



Graph n Sequential|| No. clusters| Schedlength || No. clusters| Schedlength|| R
time DSC DSC SLC SLC
Gauss | 100 1009800 92 364532 102 402572 0.91
Gauss | 200 8039600 196 994960 202 1033735]| 0.96
Gauss | 400 || 64159200 402 2979410 402 2990280|| 0.98
Jordan | 100 1509950 92 495149 101 779170|| 0.64
Jordan | 200 || 12039900 199 1325682 201 1978317|| 0.67
Jordan | 400 || 96159800 395 3895200 401 5645048( 0.69
Givens | 100 3720750 114 896350 101 913707|| 0.98
Givens | 200 || 39214956 371 2654398 201 2539794 | 1.05
Givens | 400 || 257418656 1269 6964054 401 7845122| 0.89
Cholesly | 100 510150 93 241918 101 312250]| 0.77
Cholesly | 200 4040300 212 521662 201 687350|| 0.76

Table 1. Comparison between SLC and DSC on an unbounded

machine/coar se grain tasks)

A performance comparisonof SLC and DSC. Tablel
and Table 2 compareperformanceof SLC with the DSC
static clusteringalgorithm [25] for parametesize of 100,
200 and 400 (matrix dimension). We have not beenable
to performtestsfor larger matrix sizesbecausdaskgraphs
becomeoolarge(overl million tasks/edgesindDSCcan-
not schedulghemin our machine.The differencebetween
Table 1 and Table 2 is that in Table 2, the edgecosthas
beenreduced simulatinga fast parallel machineand thus
increasinghe taskgranularity The resultof matrix multi-
plicationis not shawvn becauseSLC and DSC alwaysfind
the optimal clustering,whichyields no difference.Thelast
columnof thesetwo tablesis theratio R of the DSCsched-
ulelengthovertheSLC scheduldength.If R is greatetthan
1, it meansthat SLC outperformsDSC. The resultsshav
thatdespitehatDSC computes clusteringsuitableto each
graph, R is never lower than®.64. For coarsergraphsR
is never lower than®.83. It appearghat SLC outperforms
DSC for somegraphinstances.Theseresultsindicatethat
the SLC algorithmdeliversa symbolicschedulingsolution
with performancehighly competitive to the DSC staticso-
lution in termsof schedulingquality.

We also have simulatedthe executionof clusterson a
boundednumberof processorgfrom 2 to 64). We have
usedthe PYRROS schedulingtool [24] to meme clusters
and simulateexecutionof tasks. The resultsare shovn in
Figure?. In thatcaseR is betweer®.75 and1.4, thusthe
schedulingquality of SLC is alsogoodon a boundedchum-
berof processors.

Gaussianelimination on IBM SP2.For Gaussiarelim-
ination code,we have developeda preliminary versionof
multithreadedcodeto executesymbolically mappedclus-
tersusinga multithreadingpackagecalled PM2 [18]. We

number of processor s (relativel y slow

haverunit onanIBM SP2with 15 RS6000processorgthe
16-th processomasout of orderat the time of the experi-
ments).Figure8 shavs the speedumf the Gaussiarelimi-
nationcodewith variousmatrix sizes.We have aspeedujpf
11.74for 15 processorsvhenthe matrix sizeis 4000. The
resultshavsthatour Gaussiareliminationcodescaleswell.

speedup for gauss, on the SP2, using PM2.
15 T T T

N : size of the matrix -
N=2000 ~

+ N=4000 -

speedup

NB procs

Figure 7. Speedups of the Gaussian Elimina-
tion on IBM SP2.

7.Conclusions

In thispapemwe have presentedhe SLC algorithmwhich
symbolically scheduleparameterizetiask graphsandcan



Graph n Sequential|| No. clusters| Schedlength || No. clusters| Schedlength|| R
time DSC DSC SLC SLC
Gauss | 100 1009800 101 25093 102 30001 || 0.84
Gauss | 200 8039600 201 100193 202 1200011 0.83
Gauss | 400 || 64159200 401 400393 402 480001 0.83
Jordan | 100 1509950 101 40002 101 40202 || 0.99
Jordan | 200 || 12039900 201 160002 201 160402 || 1.00
Jordan | 400 || 96159800 401 640002 401 640802 1.00
Givens | 100 3720750 98 166393 101 175906|| 0.95
Givens | 200 || 39214956 318 671163 201 755580]| 0.89
Givens | 400 || 257418656 496 2668550 401 2844880|| 0.94
Cholesly | 100 510150 100 32156 101 30100|| 1.07
Cholesly | 200 4040300 239 121759 201 120200|| 1.01

Table 2. Comparison between SLC and DSC on an unbounded number of processor s (relativel y fast
machineffine-grain tasks)
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Figure 8. Makespan ratio DSC/SLC for abounded number of processor s (using PYRROS cyclic cluster
merging). Cluster execution within each processor is done using the PYRROS RCP* algorithm.

performoptimizationusedn staticschedulingindependent
of programparametewraluesandthe numberof processors.
Our contrikbution is twofold. First, we have shavn how
to find alinearclusteringfor a PTG.Secondwe have mod-
ified and augmentedhe Feautriers algorithm with graph

splittingfor deriving anexplicit clusteringfunctionin order
to allocateclustersonto the processors.We have demon-
stratedthat symbolically scheduledaskscan be executed
efficiently on multiprocessoraindcandeliver good perfor

mancefor several compute-intensie kernel benchmarks.



Our experimentalresultsindicatethat SLC finds symbolic
scheduleswith performancehighly competitve to static
schedulingalgorithmssuchasDSC.

Currentlywe aredevelopinga codegeneratothattrans-
forms an annotatedsequentialprograminto parallel code
usingthe SLCalgorithmandevaluateour methodin awider
rangeof benchmarks.
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