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Abstract

The DAG-basedask graph modelhasbeenfound effec-
tive in sthedulingfor performancepredictionand optimiza-
tion of parallel applications. However the schedulingcom-
plexity andsolutionnormallydependon the problemsize In
this paper we proposea symbolicsthedulingsdemefor a
parameterizedask graph which modelscoarse-gain DAG
parallelismindependenbf the problemsize Thealgorithm
first derivessymbolicclustersto group of tasksin order to
minimizecommunicationwhile preservingparallelism and
thenit evenly assignstaskclustersto processors.Therun-
time systemexecutesclusterson ead processorin a multi-
threadedfashion. This paperalso presentspreliminary ex-
perimentalresultsto demonstate the effectivenessof our
techniques.

1. Intr oduction

This paperaddresseschedulingissuesfor parallelism
that canbe modeledasdirectedagyclic dependencegraphs
(DAG) [22]. This model hasbeenfound usefulin perfor
mancepredictionandcodeoptimizationfor parallelapplica-
tions[1, 3, 8, 11, 13]. Recentlytaskgraphsareadoptedoy
several DARPA researchteamsfor performanceprediction
and modelingof parallelapplicationson currentand future
machinearchitectures

Thepreviouswork on taskschedulind12, 16,22, 25] for
performanceredictionandoptimizationhasmainly focused
on searchingon a graphcorrespondingo a particularprob-
lem instance. The schedulingcompleity andthe derived
solution dependon the graphsize. Thusthe schemds not
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scalabldor solvingproblemsof large sizessincealargetask
graphmaynotfit memory Also this approachs notadaptve

to theruntimevariationof theproblemsize;thechangef the

problemsizesrequiresscheduleto re-dothe entirecompu-
tation mappingandoptimization. To addresghe aforemen-
tionedweaknessthis paperproposes symbolicscheduling
algorithmusingthe parameterizetaskgraphmodel.

Thepreviouswork in parallelizingcompilers[2, 7, 9] has
studiedthe compactparallelismrepresentatiobasednfine-
grain level dependencanalysis. The uniqueaspectof our
parameterizedask model is that eachtask nodeis coarse
grained performinga chunkof computation.The pastwork
hasusedine-graindependenciformationto partitioncom-
putation,e.qg. tiling [15, 21]; however thereis no research
work publishedto producea coarse-grairevel taskdepen-
dencegraph. We have addressedhis issuein our early
work [17], which proposesompile-timetechniquedor data
aggrgation and dependenceummary This paperfocuses
onsymbolicschedulingof parameterizethskgraphson dis-
tributed memory machines. The main optimization con-
ductedin the previous DAG schedulingresearchs elimi-
nating unnecessargommunicationto exploit datalocality,
overlappingcommunicatiorwith computationto hide com-
municationlateng, and exploiting taskconcurreng to bal-
anceloadsamongprocessorsThoseoptimizationgoalscan
beachieved by traversinga statictaskgraph.Themainchal-
lengein designinga symbolicalgorithmfor a parameterized
graphis that optimizationmustbe performedon a compact
representationf tasknodesandthe resultmustbe effective
for variousproblemsizesettings.Our strat@y is to first per
form symbolic clusteringwhich assignstasksto the same
processoin orderto reduceinter-taskcommunicatiorwhile
still preservingavailable parallelism. Thenwe assignsym-
bolic clustersuniformly to processorsSinceeachprocessor
mayown several symbolictaskclustersour runtimescheme



param n

assert n >= 3
real a(n, n+l),s
for k =1 ton-1 do
t ask [*T1(k)*/
s= 1/ a(k,k)
for |l =k +1to n do
a(l,k) = a(l,k) * s
endf or
endt ask
for j =k +1to n+l do
t ask [*T2(k,j)*/
for i=k + 1 ton 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 and expanded task graph(n=7)

executesclusterson eachprocessousing a multi-threaded
executingfashionto overlap computatiorwith communica-
tion.

This paperis organizedas follows. Section2 presents
the conceptof parameterizedask graphs. Section3 gives
an overview of our symbolic schedulingalgorithm. Sec-
tion 4 presentsour linear clusteringalgorithm. Section5
presentghe symbolic methodfor mappingclustersto pro-
cessorsSection6 discusse®ur runtimecontrol schemeor
executingtaskclustersn amulti-threadednanner Section?
presentssomepreliminary experimentalresults. Section8
concludeghe paper

2. ParameterizedTask Graphs

A parameterizethskgraphis representetby the follow-
ingtuple PTG = {T, R, C}, where:

¢ T isthesetof generictasks
e R isthesetof communicatiorrules,
e ('isthecostfunctionof eachtask.

A generictaskis definedby its nameits iterationvectorand
its code.

Thecommunicatiorset R is composeaf receptiorrules
and emissionrules. Receptionand emissionrules are dual

forms of eachother Receptiorrulesdescribethe setof fa-
thersof a giventask. Emissionrulesdescribehe setof sons
of a giventask. Most of thetime we will dealwith emission
rules, but keepin mind that for eachemissionrule we also
have areceptiorrule.

An emissiorrule hasthe form:

Ta(@) — Th(7) : D(F)|P

This meanghatif predicateP is true,taskT'a(#) sendata
D(y) totaskT'b(v). With eachrule is associategolyhedron
P which describedhe valid valuesof eachiterationvector:
it is a predicateon thevariablesof @, v andy.

2.1.An example

Weillustratea parameterizethskgraphusinga Gaussian
Elimination code. The graphis derived from an annotated
sequentiatodeby thePlusPyrtool built in ourearlywork [5,
17]. Figurel is a Gaussiarklimination codeasthe input of
the PlusPyr Keywordstaskandendtaskdelimit the partsof
the programthathave to be executedin sequential.

This Gaussiareliminationprogramhastwo generictasks
T1(k) andT2(k, j). Its parameterizetaskgraph,computed
by ourtool PlusPyris shavnin Figure2. In general PlusPyr
is ableto derive the parameterizedask graph (PTG) from
an annotatedsequentialprogram. The analysisperformed
by PlusPyralso gives the symboliccomputationalcost of



1 T1(k) — T2(k,j) : AR <k <n-1k+1<
J<n+1Lk+1<i<n

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

w

T2k, j) — T2(k+1,7) : AG, )1 <k <n—2k+
2<j<n+Lk+1<i<n

Figure 2. Emission rules for the Gaussian Elim-
ination

eachgenerictask. This analysisis basedon integer para-
metric programmingechniqueglevelopedby Feautrierand
others[5, 6, 9, 23]. PlusPyris a suitabletool for analyzing
compute-intensiekernelsthatcanbefoundin scientificpro-
grams.

2.2.Bijection rules

In this paperwe target programson densematriceswith
static control (loop boundsand array referencesare affine
function of loop indices),which are,in mary applications,
themosttime-consumingpart.

The communicatiorrule T'a(@) — Th(¥) : D(3)|P is
calledabijection rule if, for eachinstanceof iterationvec-
tor i thereexists exactly oneinstanceof iterationvector
associatedo « by thisrule.In[4] we have shavn how to de-
termineautomaticallyif aruleis abijectionrule or not.

In Figure2, rulenumberl is anotabijectionrule. Indeed,
we seethatfor onevalueof & (i.e. oneinstanceof task7'1),
Jj cantakeall thevaluesbetweenk + 1 andn (n — k instances
of 7'2).

3. Overview of the Method

We first give a summaryof the main stepsneededto
computeandexecutethe schedulingof a parameterizethsk
graph:

1. Wefirst look atall the bijectionrulesin orderto derive
a symboliclinear clustering.We usea techniquecalled
“symbolicedgezeroing”to grouptaskswhichhave data
dependenceA constraintwe imposeis thatthe instan-
tiated clusterswill alwaysbe linear for ary parameter
setting,i.e. no independentasksare assignedo the
samecluster In thisway, parallelismis preseredwhile
unnecessargommunicationis reduced.

2. Whenthe symbolic linear clusteringis done,the sec-
ond stepis to evenly mapclustersto processorsin this
step,we will assigna symbolicidentificationto each
cluster Differentclustersshouldhave differentidenti-
ficationnumberssothatwe evenly distributeclustersto
processorsAnotherthing involvedis the mappingand
packagingf thedata.Thisis doneusingthecommuni-
cationrules. Whena rule is not zeroedthis meanghat
datawill besentfrom aprocessoto another Therules
describethe kind of datato be sent,e.g. scalar vec-
tor, matrix. We usethis informationfor generatinghe
massag@ackagingcode.

3. Thefinal stepdealswith the executionof the program.
Our parallel programis a multi-threadedSPMD one.
Each processorof the parallel machinemanagedwo
gueues. The waiting queue,for the taskswaiting for
dataandthereadyqueuefor tasksreadyfor execution.
Eachnodeexecutesn threads(n is fixed at the begin-
ning of the execution). Eachthreadscansthe ready
gueue,executesthe readytask and sendsdatato the
processors.An importantaspectof this stepis that a
processomeedsto find the entry tasksfor eachsym-
bolic clusterassignedo thatprocessarin thisway, task
gueueganbeproperlyinitialized.

4. SymbolicLinear Clustering

Let us considerthe following rule: R :
Th(7) : D(7)|P

We definea cluster as a setof taskswhich have to be
executedon a sameprocessar We usethe following nota-
tion: x(7T'a, ¥), is afunction thatgivesfor all the vectorsv
in polyhedronP, the clusternumberof task 7 a.

Thezering processs definedasfollows. Rule R is said
zepedif andonly if x(Ta, @) = «(Th,v) for all the valid
instancef 4 and# in P. Intuitively, whenaruleis zeroed
every couple(T'a(u),Th(7)) will be putonthesameproces-
sorleadingto a zeio costcommunicatiorbetweerthem.

A clusteris saidlinear if it doesnot containtwo tasks
which areindependent.The justificationto uselinear clus-
teringis thatasprovenby YangandGerasoulig14], alinear
clusteringpreseresparallelismandprovidesgoodschedules
onanunboundechumberof processorashentasksarecoarse
grained.

Ta(d) —

4.1.The symbolic edgezeroing algorithm

Our symbolic linear clusteringfor a parameterizedask
graphis summarizedn Figure3. Thezeroingalgorithmpro-



Input: a parameterizethskgraphPTG={T,R,D}
Output ThesetZ of therule thathave to bezeroed.
Z:=(
bijection_rule_set:=computéijectionrule(R)
sort(bijectionrule_set);
foreachr in bijectionrule_setdo

if notin_conflict(r,Z) then

Z+=r

endif

enddo

Figure 3. The Zeroing Algorithm

ceedsasfollow. It considersall the bijectionrules. It sorts
themsuchthatthe rulesimplying morecommunicatiorwill
be zeroedfirst. The orderingof the rulesis doneby tak-
ing into consideratiorthe dimensionof the sentdata(i.e. a
scalayarow or acolumn,ablock of matrix). Thenit checks
if a givenruleis notin conflict with a rule alreadyzeroed.
Two rulesarein conflictif, oncezeroedthe producedclus-
teringis notlinear. If theruleis notin conflictwith ary other
zeroedrule thenthealgorithmaddsthis rule to the setof ze-
roedrules. The algorithmrepeatshis processuntil no more
rule canbezeroed.

In thenext subsectionwe discushow we detectazeroing
conflictwhich causeshe clusteringto be nonlinear

4.2.The conflict problem

Let us considerR1 and R2, the two following emission
rules:
Rl : Ta(id) — Tb(¥)| P,

R2 : Te(W) — Td(Z)| Py

SupposeRr] is alreadyzeroed. We wantto checkif R2
is notin conflictwith R1. Thereis two kind of conflict: the
fork conflictandthejoin conflict:

o We have afork conflictif:

1. Ta="Te

2. Thereexists aninstanceof « calledu, u; € P;
and an instanceof w, calledv’, w; € P, such
thatTa(ui) = Te(ul),

3. Let v7 theimageof 43 accordingto rule R1 and
Z1 theimageof w7, accordingto rule R2. v7 and
z1 aresuchthatTb(vi) # Td(Z1)

¢ We have ajoin conflictif:

1. Tb=Td

2. Thereexists aninstanceof 7, calledvi, v1 € P;
andaninstanceof 7 calledz1, 71 € Ps suchthat
Tb(vi) =Td(#)

3. Let u] the sourceof v; accordingto rule R1 and
w the sourceof 71 accordingto rule R2. 4} and
wh aresuchthatTa(ui) # Te(wh)

In orderto automaticallycomputeif two rulesarein fork
conflict (the join conflict caseis symmetric)we proceedas
follows. Concerningstep2, we computethe set 7, which
is theintersectiorof all thetasksT'a(#), @ € P; with all the
tasksT'c(w), & € Ps. If Iisnotemptythenstep2is verified.
Concerningstep3, we need7b = T'd andwe computeif
R1 restrictedto [ is equalto R2 restrictedto 7, if not then
the R1 and R2 arein fork conflict We cancompute/, the
restrictionof R1 and R2 to I symbolicallyusingthe omeya
testprogramof the university of Maryland[20].

Let comebackto ourexample.Rule2 andrule 3 canbein
fork conflict. Butrule2isvalidif j = k+1 andrule 3is valid
if k+2 < j < n+ 1. Hencethereis noinstanceof 72(k, j)
which have two sons:both72(k + 1, ) andT'1(k + 1). So
rule 2 and3 arenotin conflictandcanbecanbebothzeroed.

Thezeroingalgorithmsbuild asetof bijectionruleswhich
areneverin conflict.

Hencewe have thefollowing theorem:

Theorem1 LetG = (T, R, D) aPTGwheee R is composed
of bijectionrule andthere is norule in conflictthenzewing
all theruleshbuild linear clusteringof G.

Proof of theorem 1 Eachrule is a bijectionrule. There-
fore, zeroinga rule leads,in the instantiatedask graph, to
zeroexactly oneedgefor eachinstanceof therule.

No rulesarein conflict. Therefore,zeroingall therules
leads,in theinstantiatedaskgraph,to a clusteringwith no

independentasksin the samecluster -

5. Mapping of Symbolic Clusters

Givenp processorsye assignsymbolicclustersevenly to
processorsLet ¢ betheidentificationof a clusterinstance,
the processonof this clusteris ¢ modp. The main issueis
how we assignanidentificationto sucha cluster The num-
bering of clustersmustbe assignedas uniform as possible
in aninteger space.In this way, clusterscanbe evenly dis-
tributedto processors.



We needto build afunctionx(Ta, @) that,for ary generic
task7'« andary valid instancei givesaclustemumbey such
thatall thetasksin the sameclusterwill have the samenum-
ber.

Letusconsiderule:

Rl : Ta(d) — Th(V)| Py
If thisruleis zeroedthen,in P;, we musthave:
k(Ta,d) = k(Th, V) @

The basisof our methodis the sameas the one usedby
Feautrierin [10]. As Feautrierwe will supposehat, in its
generafform,

&(Ta, i) = ayid + f, )

whereay andﬁ; arevectorsof unknovnswhich have to be
found. We also have x(Th,v) = ayu + B Thensolving
equationl leadsto o, @ + B, = ayi + .

Fromeachruleswe derive equationf this form leading
to asystem.Solvingthis systemgivesusthevaluesof all the
&’sand[?’sfor everytasks.In orderto dothatwe have modi-
fied Feautriersalgorithmandwe areableto derive piecevise
affine clusteringfunctionswhennecessary This leadsto a
more complicatedfunction thanthe one describedn equa-
tion 2 andthis is doneby splittingthe PTG (seef4] for all the
details).For our Gaussiarkliminationexample,this method
finds:

5(T2,(k,j)) =j
K(T1, (k) = k

6. Multi-thr eadedExecution of Clusters

Sofar eachprocessohasbeenassignednumberof clus-
ters. Assumethattherearet clusters.Eachclusteris a lin-
eartaskchainandis considered threadon that processar
At mostt taskscanbe executedat the sametime on a pro-
cessar Multi-threadingis importantfor hiding communica-
tion lateny andoverlappingcomputatiorwith communica-
tion [24].

6.1.Finding a starting task

In orderto initiate computatiorateachprocessgmwe need
to know thesetof startingtasks(i.e. the setof tasksthathave
no father). This is doneby symbolically subtractingthe set
of all thetaskswith thesetof thetasksthatonly receve data.

6.2.The executionscheme

We have shavn how to build parameterizegholyhedrons
thatdescribethe setof startingtasks. At runtime, oncethe
parameteraluesaregiven, eachprocessorP, scanghe set
of startingtasks. For eachstartingtaskit computests pro-
cessorP.. If P, = P! thenit executeghetask.

For eachgenerictaskwe canbuild apolynomialthatcom-
putesits numberof fathers. This polynomialis computed
from the receptionrules and can be usedfor ary valid in-
stanceof the iteration vectorandary value of the parame-
ters. We proposethe following protocol for task ordering:
we maintaina readyqueuefor thetasksreadyto be executed
andawaiting queuefor the tasksthathave alreadyreceved
dataandarewaiting for otherdata.

¢ Whenataskrecevesadataitem:

1. If this taskis not in the waiting queuethen we
computeits numberof fathersand decremenit.
This numbeiis calledthe numberof remainingfa-
thers If its currentnumberof remainingfathersis
0, we put this taskin the readyqueue,otherwise
we putit in thewaiting queue.

2. If thistaskis in the waiting queuethenwe decre-
mentits numberof remainingfathersand, if this
numbemreache®, we putit in thereadyqueue.

e Whena threadis idle, it picks up a taskin the ready
queug(if notempty).

The executionof the tasksare doneasynchronouslyvhich,
contraryto the dataparallelapproachdoesnot involve ary
synchronizatiorbarrier Therefore the processorsrenever
forcedto beidle by the executionsystem.

The datato be sentare describedby the emissionrules.
Hence,the messageyenerationis a straightforwardimple-
mentationof the datapartof theemissiorrules.

7. Experimental Results

We have built a multi-threadedbarallelprogramthatexe-
cutesthe symbolic staticallocationfoundedin the previous
section.We have run it on the popcmachineof LHPC. The
popc (pile of PC)is a high performanceclusterbasedon a
modulararchitectureeaturinglntel PentiumPro processors
(200Mhz, 256 KB of cachelL.2 memory)interconnectedby
afastMYRINET network. We useBIP ascommunication
protocol. BIP [19](Basic InterfaceProtocol),allows the net-
work to reacha 10 uslateny anda 100Mbytes/sbandwidth.



| Sizeof thematrix | 1000 | 2000 | 2500 |
Numberof tasks(n?/2 + 3n/2 — 2) 501498 | 2002998 | 3128748
Numberof edgegn? + n — 4) 1000996 | 4001996 | 6252496
Numberof floatop ((n” + n? — 2)/10°) 1001 8004 15631
Sizein MB for Pyrros 18 78 127

Table 1. Characteristics of the Gaussian Elimination DAG for Various Matrix Size

The multi-threadedAPI we useis called PM2 [18]. PM2
(Parallel Multi-threadedMachine),allows the userto create
threadsremotelyon a distancenode,it canhandlea lot of
threadson a samenodewithout high overhead seefigure 4)

thread overhead for gauss (n=2000), on the popc.
60 T T T T

T : number of thread per nodes
O T=2
SOR 415 4

o0 T=10

* T=20

overhead in percent

NB procs

Figure 4. Overhead of the Use of Many Threads
on One Node

andfinally it canmigratethreadseasily (which is of no use
sofar). We have run our genericprogramfor varioussize
of the programparametergsindvariousnumberof processors
(seeFigureb). Tablel givesthe characteristicef the static
DAG with respecto the sizeof the matrix.

Figure4 shavstheoverheacdpercentagef executiontime
whenusingmorethanonethreadpernodes.Thisoverheads
importantwhenusingonly oneprocessqgrbecauséhereis no
communicationbput it decreasewith the numberof proces-
sors. It lowersbetweers.5% and2.5% with ten processors.
We believethisis mainly dueto theoverlappingof communi-
cationanda goodschedulingpf thethreads Figure5 shows
the speedumf our programfor varioussize of matrix. We
seethe high scalabilityof our methodandenvironment. We

speedup for gauss, on the popc, using bip.
12 T T T T T

N : size of the matrix
x N=1000
O N=2000
+ N=2500

NB procs

Figure 5. Speedup for Gaussian Elimination for
Various Matrix Size

have a speedupof 8 for 11 processorsvhen matrix sizeis
2500.

8. Conclusions

In this paperwe have presented methodto symbolically
schedulea parameterizetiaskgraphon distributedmemory
machinesThis approactis usefulwhendealingwith coarse
grain applicationsandwhenthe expandedtask graphis too
largeto fit into memory

Our contribution is twofold. First, we have modified
Feautriers algorithm for distributing computationsamong
processorsn order to take into accountconditionalsthat
arisewith the PTG model. Our algorithmis thenmoregen-
eralandwell suitedfor our problem. Secondwe have de-
scribeda distributedand asynchronousnethodto schedule
and executeour symbolicallocationusing a multi-threaded
ervironment.



Our first experimentsare very promisingand, in our fu-
ture works, we will realizea codegeneratothat transforms
an annotatedsequentiaprograminto a genericparallelone
andexecutesthe symbolicallocationon a distributedmem-
ory parallelcomputer
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