
U
M
D

D
A
R
P
A

1

'&

$%

PerformancePredictionandOptimization

forSparseGaussianElimination:

ACaseStudy

TaoYang

DepartmentofComputerScience

UniversityofCalifornia

SantaBarbara,CA93106

Y
a
n
g
/
U
C
S
B

5
/
1
8
/
1
9
9
8

U
M
D

D
A
R
P
A

2

'&

$%
Researchgoals:

�AnapplicationemulatorbasedonSparseGaussian

Elimination.

�FastsimulationofMPIprogramsonSMPs.

�Schedulingtechniquesforperformancepredictionand

optimization.

Talkoutline:

�ExperiencewithhighperformancesparseGaussian

Elimination.

�Otherongoingresearchactivities.
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SparseGaussianElimination

Agoodcaseforustostudyonperformancepredictionand

optimization:

�Importantformanyapplications.

�Challengesforhighperformance:

{Poorcachingperformanceduetocompresseddata

representationandpivoting.

{Limitedparallelism.

{Unpredictabledependencyanddatastructures,

processorloads.
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ResearchworkonsparseGE

�Sequentialmachines.

{UMFPACK(DavisandDu�.93-94)

{SuperLU(Demmel,Eisenstat,Gilbert,LiandLiu.

95-96)

�Sharedmemorymachines.

{SuperLU(Demmel,Gilbert,Li,96-97).2.5Gops.

�Distributedmemorymachines.

{S�(Fu,Yang,SC'96).1.3Gops.

{S+(Shen,Jiao,Yang,SPAA'98).11Gops.
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Ourresearchstrategies

�Sequentialcomplexityx+1maybebetterthanx.

Increasetheoperationcountforsimplerdatastructures

andbettercachingperformance.

=)MaximizetheuseofBLAS-3andeliminatedynamic

symbolicfactorization.

�Codeprototyping.UsetheRAPID/PYRROS

softwareforperformancepredictionandoptimization.

�FurtheroptimizationbyeliminatingRAPIDsystem

overhead.Proposecompactparallelismrepresentation

andsimplerscheduling.
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Datapartitioningaftersymbolicfactorization
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�Staticpreprocessingto�xdatastructure.

�Identifymoredensestructurestomaximizetheuseof

BLAS-3(L=Usupernodepartitioningand

amalgamation).
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Program partitioning for sparse LU

(01) for k = 1 to N

(02) Perform task Factor(k);

(03) for j = k + 1 to N with Ak;j 6= 0

(04) Perform task Update(k; j);

(05) endfor

(06) endfor

� Factor(k): Factorize and pivoting on column block k.

� Update(k,j):, Delayed updating/swapping that uses

column block k to modify j.
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Task description

k jk

information

delayed pivoting

column block k

Update(k,j): swapping and updatingFactor(k): pivoting & local updating

update
swapping
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Taskdependencies

Giventhenonzeropatternofamatrix:
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ParallelsolutionusingRAPID

RAPIDprovidesanAPIandtoolsupportforruntime

parallelizationofirregularcodeswithmixedgranularities

[ICS'96,PPoPP'97]:

Dependence
transformation analysis

DependenceTask

scheduling
clustering &

User specification:

tasks, data objects,
data access patterns.

Data dependence

graph (DDG)

Dependence-
complete task

graph

Iterative
asynchronous

Task assignments,

data object owners

schedules and

execution

�Userspeci�esshareddataobjects,tasksanddataaccess

patterns.

�RAPIDderivesadependencegraphandusesDAG

scheduling(PYRROS)formappingandperformance

prediction.
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�RAPIDprovidesane�cientscheduleexecutionprotocol

usingasynchronousfastremotememoryaccess.

�RunsonCrayT3E,MeikoCS-2.Testedforsparse

Cholesky/LU,sparsetriangularsolver,Newton's

method,n-bodysimulation(fastmultipolemethod).

�Sourcecode:

http://www.cs.ucsb.edu/research/rapidsweb/RAPID.html.
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SchedulingforsparseGE

�1Ddatamapping:Columnblocksaremappedto

processorscyclically.

�Taskmapping:Tasksthatmodifythesamecolumn

blockareinthesameprocessor.Tasksareordered

withineachprocessor.

�Performanceprediction:Paralleltimeandspace

usage.

F(1)

U(3,5)

U(3,4)

U(1,4)

F(3)

U(4,5)F(5)

F(4) F(2)

U(1,5)U(2,5)

U(1,5)U(2,5)U(3,5)U(4,5)

U(1,4)U(3,4) F(2)

F(5) F(1)F(3)

F(4)
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E�ectivenessofperformanceprediction

Actualvs.predictedspeedups:
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#proc
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E�ectivenessofgraphscheduling

RAPID/PYRROSschedulingvs.asimplermethod.

05101520253035
−0.1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8
Comparison of the RAPID Code with the 1−D CA Code

#proc

1−
P

T
(R

A
P

ID
)/P

T
(C

A
)

*: sherman5

x: lnsp3937

o: lns3937

+: sherman3

Y
a
n
g
/
U
C
S
B

5
/
1
8
/
1
9
9
8

U
M
D

D
A
R
P
A

1
6

'&

$%
ExperiencelearnedfromRAPIDprototyping

�Fastprototypingandreasonableperformanceprediction

ofparallelsparseLUcode.

�Setanewperformancerecordfordistributedmemory

machines[SC'96].

RAPIDcanpredictperformanceforsolvinglargermatrices,

butcannotexecuteschedulesduetomemoryconstraints.

�Predictedspaceusageishigh,exceedingthememory

capacity.

�CurrentRAPIDsystemoverheadisstillsubstantialfor

runtimeexecution.
Y
a
n
g
/
U
C
S
B

5
/
1
8
/
1
9
9
8



U
M
D

D
A
R
P
A

1
7

'&

$%
S

+
:OptimizedcodeforsparseLU

Keynewideas[SPAA'98].

�SupernodalmatrixmultiplicationGEMMtoimprovethe

kernelcomputationspeed.

�Compactparallelismrepresentation:Eliminationforest

toguide

{supernodepartitioningandamalgamation.

{2Dasynchronouscomputationschedulingwithsmall

spaceoverhead.
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Overallsequentialperformance

CrayT3E.300Mhz.Megaopcountdoesnotincludeextra

unnecessaryoperationintroducedbystaticfactorization.

MatrixSequentialS+SuperLUSequentialS
�

Exec.TimeRatio

TimeMopsTimeMopsTimeMopsS+

SuperLU
S+

S
�

sherman50.6538.880.7832.40.9426.90.830.69

lnsp39371.4828.521.7324.42.021.10.860.74

lns39371.5828.301.8424.32.1920.40.860.72

sherman31.5639.521.6836.72.0330.40.930.77

jpwh9910.5233.380.5631.00.6925.20.930.75

orsreg11.6039.111.5340.92.0430.71.050.78

saylr42.6740.102.6939.83.5330.30.990.76

goodwin10.2665.28--17.039.4-0.60

dense10004.04165.08.3979.44.04165.00.481.00
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MegaopperformanceofS

+

on300MHzCrayT3E

MatrixP=8P=16P=32P=64P=128

goodwin403.5603.4736.0797.3826.8

e40r0100443.2727.8992.81204.81272.8

raefsky4568.21072.51930.33398.15133.6

inaccura495.5803.81203.61627.61921.7

af23560432.1753.21161.31518.91844.7

�dap011811.21522.82625.04247.66248.4

vavasis3958.41864.83303.65640.48441.9

MegaoprateofGEMM:388.
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ParallelperformanceofS

+

on450MHzCrayT3E

MatrixP=8P=32P=128

TimeMopsTimeMopsTimeMops

goodwin1.21553.50.69970.60.67999.6

e40r01004.06611.31.871327.21.591560.9

raefsky438.62804.211.542691.54.556826.0

inaccura6.56697.22.801633.41.912394.6

af2356010.57602.14.061567.52.802272.9

�dap01121.581149.56.813642.73.048159.9

vavasis362.681423.619.264632.98.0811043.5
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SummaryonsparseGE:

�E�ectivetime/spaceperformancepredictionandcode

prototypingbyRAPID.

�Timeandspacee�cientimplementationforparallel

sparseLUfactorizationondistributedmemory

machines.

�Achievethehighestmegaoprate.11.04Gopson

128-node450MHzCrayT3E.

Comparison:2.5GopsbySuperLUon8processorsof

CrayC90.
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Currentworkandresearchplans

�RedesignandimplementS+usingMPIasa

performancebenchmark(applicationemulator).

�FastsimulationofMPIcodesonSMPs

{Step1:Providecompilerandruntimesupportfor

thread-safeexecutionofMPIcodes(ThrMPI).

{Step2:IntegratesomeofHowsim,Gigasim,

Dumsim,Petasim,andPYRROS+workfor

performancepredictionwithoutdirectexecution.
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�Techniquesfortaskgraphschedulingand

performanceprediction:

{Continuetoworkontime/spaceperformanceprediction

andoptimization[PPoPP'97].

{Symbolicschedulingandperformancepredictionfor

parameterizedtaskgraphs.

{IntegrateRAPIDwithPYRROS+,anduseS*codeasa

testbenchmark.
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CurrentThrMPIperformance

PerformanceimprovementofThrMPIoverSGIMPIruntime

systemona4-processorPowerChallenge.

Matrixsize4MPInodes16MPInodes

MM(500�500)32%19%

MM(1000�1000)32%49%

GE(512�512)4.8%195.3%

GE(1024�1024)same163.1%

MM-Densematrixmultiplication.GE-DenseGaussian

Elimination.
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