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Abstract:

Code partitioning is the problem of dividing sections of code among a set of proces-
sors for execution in parallel taking into account the communication overhead between
the processors. Code partitioning of large amounts of code onto numerous processors
requires variations to the classical partitioning algorithms, in part due to the memory
and time requirements to partition a large set of data, but also due to the nature of the
target machine and multiple constraints imposed by its architectural features.

In this paper, we present our experience in the design of enhancements to the classi-
cal multi-level k-way partitioning algorithm to deal with large graphs of over 1 million
nodes, 5 constraints, and nodes of irregular size. Our algorithm was implemented to
produce code for a massively parallel machine of up to 40,000 processors, and forms
part of a hardware description language compiler. The algorithm and the compiler
were tested on RTL designs for a next generation SPARC® processor. We present
performance results and comparisons for partitioning multi-processor hardware
designs.
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1 Introduction

Partitioning is the problemof dividing a datasetof an applicationinto several partsof
similar size. Many partitioning problemscan be solved by representinghe dataas a
graphandsolvinga graphpartitioningproblem. Graphpartitioningdividesa datasetinto
severalpartsof similar sizeandminimizesthenumberof edgedetweerthoseparts.Graph
partitioningalgorithmsarewidely usedin industryto, for example,breaka circuit into k
differentareas(minimizing wire lengthbetweenthe areas) multiply a matrix in parallel,
solve sparsdinear systemsplacea multimediaor relationaldatabasénto k clusters,and
much more. It is widely known that partitioningis an NP-completeproblem[Sar89,
therefore partitioningalgorithmsprovide approximationgo a solution. In this paper we
discusscodepartitioningfor acompiler



Codepartitioningis the problemof dividing theinput data(the coderepresentingninput
program)into several partsthatfit into a setof processordor executionin parallel,taking
into accountthe communicationoverhead(if ary) of the target processors.A compiler
thatimplementscodepartitioningrepresentshe input dataasa graph,andsolvesa graph
partitioningalgorithm. The partitioningphasecanbe seenasthefirst stageof instruction
schedulingin the compiler Codepartitioning of large graphsonto numerousprocessors
requiresvariationsto the classicalpartitioning algorithms, in part due to the memory
andtime requirementdo partition large graphs,but also due to the natureof the target
architecture Further multiple constraintsmposedoy hardwarecharacteristicsf thetarget
architectureaswell asby designconsiderationsf thecompilerposeinterestingchallenges
to adaptingclassicabpartitioningalgorithms.

We have developeda partitioningalgorithmfor a Verilog compiler Verilog is a hardware
descriptionanguagehatis usedto describedigital systemsat severallevelsof abstraction.
A sampleVerilog programis discussedn the next section. Verilog hassyntaxandsome
structural constructsakin to traditional programminglanguages. A Verilog program,
which is often a simulationof the hardware designdescribedherein, makes explicit the
parallelismwhich is inherentin digital systems. Such parallelismcan be classifiedas
codeparallelism,asopposedo dataparallelism,which is often found in mary scientific
applications.

Therequirement®f this compilerwereto generateodefor amassvely parallelmachine,
PHASER,which cancontainup to 40,000processors.The natureof the target machine
madethe partitioningproblema multiple constrainfproblem,whereb differentconstraints
neededo beaddressedrlheinputdatato thiscompilerarehardwareRTL designdor anext
generatiorSFARC processari.e.,in theorderof millions of linesof RTL code.A desirable
requirementor the compilerwasto emit codewithin a coupleof hours. The compilation
time for hardware simulatorsis mostly determinedoy the target architecturemostof the
compilationtime is spenton mappingthe software constructso hardware elementsand
meetingarny hardwareinterconnectiming constraints.

In this paper we presentour experiencein developing a partitioning algorithm for a
massvely parallelmachineanda large setof input data. New featuresof our algorithm
include-

e multiple invocationsof a multi-level algorithmto modelhierarchicaimachineinter-
connection,

¢ handlingof multiple hardconstraints,

IWe saythat a constraintis a hard constraintif overflowing it causesodegeneratiorto fail. In other
words, a hard constraintcannotexceedits maximumresourceallocationafter instruction schedulingand
registerallocation.



e ability to partitiongraphsof irregulargranularity?

e algorithmicadaptation@anduseof efficient datastructureso provide partitionsof
reasonablguality efficiently, in spiteof largeinputgraphs.

Althoughouralgorithmwasimplementedn a Verilog compilertargetingthe PHASERmMa-
chine,thedesignandimplementationssuesaddressedregenerakenoughto beapplicable
to othercompilersandtargetmachines.

We discusswhat designdecisionsvere made,aswell aspragmaticdecisionsakenalong
the road. We first give an overvien of the PHASER machine(Section2) and explain
codepartitioningandtherequirement®f the partitioningof large graphs(Section3). We
summarizeprevious work in Section4, followed by an explanationof our partitioning
algorithmin the context of the PHASER machine(Section5). We briefly describekey
aspectof ourimplementatiorthatmake the algorithmfastandspaceefficient (Section6).
Section7 describesxperimentson the useof this partitioneron next generatiorSFARC
processodesignsandits spaceandtime performance.We concludewith a summaryof
our experiencgSection8).

2 ThePHASER Machine

The PHASERmachineis a hierarchicalmachinewhich consistsof 10 boardsconnected
via aninterconnec{(seeFigure1). The boardscommunicatewith the hostsystemwith a
Myrinet switch.

EachPHASERDboardconsistof 64 PHASERASICs, which cancommunicatesxternally
via ahostbridge.

An ASIC consistsof 8 subclusterof 8 processorgach;thesesubclustercommunicate
with eachother the I/O ports,the SRAM interface,andthe registerfile units (RFUs)via
themainclusterinterconnectEachASIC has2 MB of SRAM.

Eachprocessohasl K 8-bytewordsof memory which aresharedetweercodeanddata,
12032-bitregisters,256 singlebit-registers,andthe CPU.

The PHASER machinehardware hasthree levels of interconnection. Communication
overheaddiffers betweenlevels. For example, board-to-boarccommunicationis more
expensve thanchip-to-chipcommunication.

2A graphis saidto have regulargranularityif all its nodeshave similar weightor size.
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Figure 1: A High-level View of the PHASER Machine

3 Code Partitioning

Considerthe sample 1-bit adder Verilog module in Figure 2 and its associateddata
dependeng graphin Figure 3, which shows a graphof intermediateinstructionsfor a
compiler In thegraph,eachinstructionis uniquelyidentifiedby a $N symbol,whereN is

aninteger. For example,instruction49 representsheregisterfor inputa0 andinstruction
59representanexclusive-orof theresultsof instructionss7 and58. Notethatthenodefor

instruction59 containsthreeedges:two thataccesshe nodesthatcontaintheinstructions
thatit useg(namely instructions57 and58), andonefor the nodethatusesthis instruction
(namely instruction60). The graphcontainseleven nodesthathold 19 instructions. For

partitioning, we usethe graphwithout referenceto the instructions(seeFigure 4; each
nodehasbeenannotatedvith its weight (w); the weightwascomputedasthe numberof

instructionsin thenode).

Assumewe hadthreesmall processorseachcontainingten slotsfor dataandcode,each
slot beingableto hold aninstruction(weight 1). Our graphcould be partitionedinto two
groupsof nodegpartitions),of weights10 and9 respectiely, for example:



module fulladder (s, c_out, a0, b0, c_in);
output  s;

output c_out;

input  ao;

input  bO;

input c_in;

reg s, c_out;

always@ (a0 or bO or c_in) begin

S = a0 ~ b0 " c_in;

c_out @ & b0) | cin & (@0 ~ bO);
end
endmodule

Figure 2: Verilog source code for a 1-bit adder module

[ $49 reg /* a0 */ ] [ $50 reg /* b0 */ ]
l $55 movea($49)] [ $56 movea($50)]

$16 reg init(1) l

$35 movea(516) $19 reg ] [ $47 reg [*s*/ ] [ $48 reg /* c_out */ ] [ $51 reg /* c_in */ ]

$124 store($16,$20

’ $57 xor($55,$56)‘

| $34 movea($19)| | $60 storeif($47,$59,$36)] | $70 storeif($48,$126,$36) | $58 movea($51) |

$36 or($34,$35) $59 xor($57,$58)‘ ’ $126 b00|4($127,$55,$56,$57,$5+)

Figure 3: Annotated graph for the behavioral 1-bit adder code of Figure 2

partition1 = {n1,n2,n3,n4,n5}

partition2 = {n6,n7,n8,n9,n10,n11}
or

partition1 = {n1,n2,n3,n4,n10}

partition2 = {n5,n6,n7,n8,n9,n11}

Thefirst groupof partitionshastwo edgedetweerthe partitions,whereaghe secondne
hastwelve edgesbetweerthe partitions. Edgesbetweenpartitionsrepresentommunica-
tion betweentheinstructions,asdatausedacrosspartitionsin our architectureneedto be
passedetweenthe partitionsby meansof at leastone extra instructionin eachpartition
thatis partof anedge:asend instructionto sendthe datafrom the partitionthatdefines
thedata,andareceive instructionto receve thedatainto the partitionthatuseshedata.
Communicatioredgesncreaseéhe numberof instructionsneededn eachpartition,which
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Figure 4. Graph for the behavioral 1-bit adder code of Figure 2

reduceghe amountof memoryavailableon a processofor otherinstructionsto be placed
in that partition (processor)—thereforthe needto minimize the numberof edgesacross
partitions.

In our earliergroupsof partitions,thefirst groupof partitionsis abettersolution,asit takes
only two edgeshetweenthe partitionsby introducingfour new instructions. The second
group of partitionswould introducetwenty four new instructions. Oncethe send and
receive instructionshave beenaddedto the code,the partitionswould have a weight
of 12and11respectiely (onesend andonereceive oneachpartition),exceedingthe
memoryconstraintof the sampleprocessorgwhich have 10 slotseach).Figure5 shaws
theweightedgraph.

partition 2
node 9 node 8
w=2 w=2
partition 1 / /—
node 2 node 1 node 3 node 4 node 10 node 6
w=2 w=3 w=3 w=3 w=1 w=2
\/ I~
node 5 node 7 node 11
w=1 w=2 w=2

Figure 5. Partitioned graph with weights after send and receive instructions have
been added to partitions (infeasible partition)



Since the memory constraintsfor the processorsare exceeded,the solution is said to
be infeasible,and anothersolution needsto be found. In this example,three partitions
(processorsareneededA feasiblesolutionwould be asfollows:

partition1 = {n1,n2,n3,n5}
partition2 = {n4,n6,n7}
partition3 = {n8,n9,n10,n11}

The partitioned,weightedgraphis shavn in Figure6. Partitions1 and2 endup with a
weightof 10, andpartition 3 with aweightof 9.

partition 3
node 9 node 8
w=2 w=2
partition 1 partition 2 \
node 2 node 1 node 3 node 4 node 6 node 10
w=2 w=3 w=3 w=4 w=3 w=2
>.
\<
node 5 node 7 node 11
w=2 w=3 w=3

Figure 6: Final partitioned graph with weights after send and receive instructions
have been added to partitions

This exampleillustratesthe challengeof codepartitioning: a completesolutionneedsot
only to partitionthe input data,but alsoto take into accounttommunicatiorcostsin terms
of extrainstructionsrequiredin the schedulein orderto find a partitionthatis feasiblefor
agivensetof processors.

In the previous examplewe wereonly dealingwith one constraint:memory andwe were
partitioning a setof dataso thatit fits into slotsin memory We can make the example
morerealisticby pointing out thata programs instructionsanddataarestoredin different
poolsof memoryin a processqrtherebydealingwith two separat&onstraintsinstruction
memoryand datamemory Sucha problemis known as a multi-constraintpartitioning
problem.

This sections exampleconcentrate@n the graphfor a 1-bit addermodule,without taking
into consideratiorthe testbenchassociateavith sucha module. A completeanalysisof a
Verilog programrequiresthe useof a testbench.Our 1-bit adderexamplewith testbench
producesthe graphshawvn in Figure7. As canbe seen,the compleity of the problem



increasesthegraphgoesup from 11 nodesto 84 nodesn total. Similar characteristicare
seenondesigngor completeprocessors.

Figure7: Graph for the behavioral 1-bit adder code with testbench

3.1 Partitioning Large Graphs

Dependingon the requirementgor the compiler a partitioningsolutionwill have to take
into accountthe large amountsof input datarepresentinghe graph and deal with the
physicalconstraintof the compiler’s deploymentplatform.

The input size of hardware designsfor a next generationprocessois large: 1.5 million

nodes.A multi-processosystemof 2 or 4 processorsnvolves3 to 6 million nodes.The
sheersize of thesedesignsrequiresthat the compiler usesefficient algorithmsand data
structuressincememoryrequirementsluringthe compilationprocesscanbevery high.

Our experiencehasbeenthat mary of the classicalpartitioningalgorithmsdid not scale
to the sizeof the problemwe weresolving. The literaturereportsresultsfor graphsof up
to 250,000n0des. The amountof time and/ormemoryconsumedy thesealgorithmsin

the context of 1+ million nodesis prohibitive. Further hardly any algorithm dealswith

multiple constraints.

We identifiedthefollowing uniquecharacteristicef partitioninglarge graphs:
e the graphneedsto be representedn memoryfor the durationof the partitioning
processwhile avoiding accespatternghatcausememorythrashing,
e thegranularityof thenodesizesis different,i.e.,inputgraphscanbeirregulargraphs,

e “largenodes”:somenodesareaboutthesizeof a partition,i.e., alargepercentagef
thesizeof aprocessqrand

e thecompilationtime needgo be“small”.



Due to theserequirementsye decidedto usea multi-level algorithm (seeSection4) to
arrive quickly at a solution. Multi-level algorithmscoarseran input graphmultiple times
until a smallgraphis obtained.The smallgraphis thenpartitioned,andthe resultsof the
partitioning are propagatedackto the coarsenedyraphs. This allowed us to deal with
the large size of the input graphs. The differencein granularityof the nodesof the input
graphwas dealtwith in two ways: a differentbalancingalgorithmwas usedduring the
partitioning stage,and, for large nodes,a separatextra stepof the multi-level algorithm
wasimplementedo assignsuchnodesto partitionsaheadof time. We also adaptedhe
classicalmulti-level algorithm to deal with multiple constraintsimposedby our target
platform. This algorithmis explainedin Section5.

4 Previous Work

Theearly partitioningalgorithmthatformsthe basisof today’s partitioningalgorithmsis a
networking partitioningalgorithmby KernighanandLin, commonlyreferredto asthe KL

algorithm[KL70]. TheKL algorithmis a bisectionalgorithmwhich represents network
asagraph.Startingfrom aloadbalancednitial bisectionthealgorithmmovesnodesrom

onebisectionto anotherif the move reducegshe edge-cut? This algorithmworkswell for
asmall setof nodesjn theorderof hundredof nodesasit testsall nodesn thegraph.An

improvementto the KL algorithmis thatby Fiducciaetal.,[FM82], whereby useof better
datastructureproducesanalgorithmof compleity O(| E|).

In this sectionwe briefly describepartitioningtechniquesusedin generalcompilersand
circuit partitioning. We alsosummarizehe state-of-the-art/erilog compilers.

4.1 Code Partitioningin Compilers

Code partitioning in a compiler mostly usesone of the following types of partitioning
algorithms:critical path scheduling or multi-level partitioning.

Critical path schedulingalgorithmsplacethe largestcritical pathsfirst, andthe shortest
critical pathslast. In this way, large pathsget scheduledirst, followed by otherpathsin
decreasingritical pathlength. Most of the critical pathalgorithmsdo not consideror do
not modelwell the communicatioroverheadoetweenprocessorswhenschedulingpaths
acrossprocessorsintuitively, this algorithmis correct;however, studieshave shavn that

3For agraphG with nodesN(G), anedgecut is the setof all edgeshaving oneendnodein someproper
nodesubsetS andanotherendnodein N(G) \ S.



it doesnot generatenearoptimal solutionsfor partitioning, sometimegerformingworse
thana sequentiatolution[KMJ93, MCK96].

4.2 Multi-level Partitioning

Multi-level algorithmsarecommonlyusedthesedaysto solve partitioningproblems.These
algorithmsarebasedn the obsenationthatbisectionalgorithmsoptimizewell a small set
of nodes therefore the input graphneedso be “collapsed”into a smallergraphthat can
be efficiently andeffectively partitioned.

The most widely known multi-level algorithmsare those by Karypis and Kumar (the
MLKP algorithm) [KK95], Hendricksonand Leland [HL95, HKOO] and Walshav and
Crosg[WCO00]. Eachof thesealgorithmsarebasedn the samepremise althoughdifferent
internalalgorithmsareusedatdifferentstage®f thepartitioningprocessThesealgorithms
have beenimplementedn tools that are availablein the literatureand/orreportedin the
literature;thetoolsare, METIS/hMetis,Chaco,andJOSTLE respectiely.
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Figure 8: Multi-Level K-way Partitioning

Multi-level algorithmsarebestdescribedvy the processn Figure8. An initial coarsening
phasecollapsesnodesof aninitial graphGq until a small numberof nodesis reachedn
adervedgraphG,. Nodesarenormally collapsedby proximity or someotherfunction.
The coarsenedraphG,, is thenpartitionedinto k partitionsusingan algorithmknown to
provide good partitionson a small numberof nodes. The partitionedgraphG,, is then
uncoarsenedhatis, collapsednodesare uncollapsedandthe partitionedinformationis
propagatedio eachof thosenodes.During uncoarseninghepartitionis refined,by moving
nodesacrossartitionsif their cutset canbefurtherminimized. Onceuncoarseningnds,
theinitial graphG, is fully partitioned.

4A cutsetis a setof nodesvhoseremoval disconnectshe graph.
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Karypis andKumarreferto their algorithmasthe MLKP algorithm,a multi-level k-way
partitioningalgorithm.In their notation,k standgor thenumberof partitionsneededn the
solutionto the problem.

4.3 Multi-constraint Partitioning

In multi-constrainpartitioning,therearemultiple constraintshatneedo besolvedin order
to obtaina partition. A multi-constraintvariantof Karypis’ MLKP algorithmis described
in [Kar99], which useamultiple priority queuego guidebalancingor multiple constraints
asrefinemenprogresses.

In our work, we useda differentmulti-constraintalgorithmto solve this problem,in part,
becausewnve had hard constraintge.g., registersand amountof local memoryused)that
couldnot be overflovedby latercodegeneratiorstagesn the compiler

4.4 Circuit Partitioning

Graph partitioning has beenusedwidely in the VLSI communityto split circuits into

boards,chips, and subcircuits[She95 Vah03. Circuit partitioning tries to shortenthe

critical pathandto placeit in the smallestpossibleunit, thus minimizing communication
costs.Oneof theimportantgoalsof circuit partitioningis to reducethe areaused.

Evolutionary computing[BGOMO3], and simulatedannealingand tabu searchheuris-
tics [GOMBO02] have alsobeenusedto aid circuit partitioning. The resultsof theseworks
shaow bettercut setsfor 8 or morepartitionsin smallto medium-sizedyraphs(i.e., graphs
of upto 150,000nodes).

45 Verilog Compilers

Theindustrystate-of-the-artoolsfor compilingthe Verilog hardwaredescriptionanguage
arethe softwaresimulatorsNC Verilog by CadencgNCV] andVCS by SynopsigVCS].
Thesesimulatorsrun on traditionalworkstationsanddo not needto performpartitioning.

Hardware simulatorswhich executeon parallelmachinesor FPGAsperformpartitioning.
Themostcommonlyusedonesare AXIS by Verisity (now integratedinto SpeXsim)[Spd,
Palladiumby CadencdPal], Mentor IKOS [IK O], and TharasSystems’Hammer[Ham)].
Thesetoolsuseproprietaryalgorithmsthatarenotreportedn theliterature.
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Hardware simulatorsare ordersof magnitudefasterthan software simulators. However,
they arenot aswidely useddueto the expenseof the hardwarerequiredfor runningthe
simulation,andthe needfor smallchangesn the Verilog sourcecodeto supportadesign.

5 Partitioning for the PHASER Machine

In this section, we explain the adaptationswe madeto the classicalMLKP [KK95]
algorithmin orderto supporipartitioningfor thePHASERmachinewhichrequiressupport
for multiple hardconstraintssupportfor large data,andsupportfor irregulargraphs.

Thehierarchicahatureof the PHASERmachindeadusto partitionrepeatedlyat different
levelsof abstractionboard,chip, andprocessotevels. This simplified oneconstraintthe
communicatioroverheadat differentlevels of abstractionasby partitioningonelevel ata
time, all nodesin thatlevel have equalcommunicatiorcostbetweeradjacennodes.

Figure9 describeghe ML *KP algorithm,which partitionsaninput (Verilog) intermediate
form tree representationnto a PHASER systemof N boards,eachboardof 64 chips,
and eachchip of 64 processors. Lines in boldface are additionsor extensionsto the
standardMLKP algorithm. Thesechangesare explainedin the next subsections. We
note that the initial partitioning requiresa different balancingalgorithmto that usedin
the standardVILKP algorithm,dueto the multiple constraintgo be balancedy that pass
of thealgorithm.

Figuresl0,11and12shov anexampleof a 1-bit adderbeingpartitionedinto boardschips
andthenprocessorsassuminga smallerconfigurationof a PHASERmachine.For these
figures,we configuredthe compilerto partition assuminga boardhad?2 chipsanda chip

had?2 processorsgachprocessocontaining512 bytesof memory

5.1 Multiple Constraints

Unlike someof thetraditionalpartitioningalgorithms the ML ®KP algorithmneedsgo sat-
isfy five constraintsasit triesto partitionaninput graphonto severalthousandgrocessors.
Theconstraintsare:

e Memory (dataandinstruction):eachPHASERprocessocanaccommodatéstruc-
tions consumingup to 8 KB memory Similarly, a chip canhold instructionsworth
64x8 KB memoryandaboardcanhold 64x64x8KB memory

e Raisters:eachPHASERprocessohas12032-bitgenerapurposeegisters,

12



partition_system (IF tree) {
build graph G from IF tree
partition by boards (G)
rewrite|F treebased on G

}
partition_by boards (graph  G) {

partition sram (G)

partitions P = partition (G)

for (all partitions p of P) do

partition by chips (p, G)

}
partition_by_chips (partition p, graph G) {

CG = subgraph (G, p)
partition large nodes (CG)
partitions CP = partition (CG)
for (all partitions cp of CP) do
partition by processors (cp, CP)
}

partition_by processors (partition cp, graph CG) {
PG = subgraph (CG, cp)
partition large nodes (PG)
partitions PP = partition (PG)
for (all partitions pp of PP) do
place partitioned nodes of PG
}

partitions partition (graph  G) {
graphs CGs = coarsening (G)
partition P = initial partition (coarser graph(CGs))
balance infeasible partitions (P)
uncoarsen and refinement (P, CGs)

Figure9: The ML3KP Algorithm

Figure 10: After board partitioning
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Figure 12: After processor partitioning

e Bit-register:eachPHASERprocessohas256 bit-registers,
e SRAM: eachPHASERASIC has2 MB of SRAM, and

e Routing-processomstructions: eachPHASER ASIC has 8192 bytes of SRAM
routingprocessomstructions.

Someof theconstraintse.g.,memory areprimarily imposedoy physicalcharacteristicof
the PHASERsystem. The actualestimationwhich is far more conserative, is discussed
in the next subsection.SRAM, which is a constraintat boardandchip level, alsofalls in
the categyory of physicalconstraints.

However, constraintdik eregistersandbit-registersareimposedy designandimplementa-
tion decisionsf otherphasesn the compiler Registers(andbit-registers)area constraint
becausedhe partitionerneedsto be ableto estimatethe register requirementof a set of

nodesplacedin a processar This needarisesdueto the hardware’s useof staticrouting

of messagesStaticrouting requiresthatinstructionsbe scheduledo executeexactly ata

clockcycle determinediuringinstructionscheduling Suchdecisionsnake it quitedifficult

to insertspill instructions andthe compilerdesigndid not supportspilling.
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5.2 Building a Graph for Partitioning and Estimation of Resour ces

The first stepof partitioninginvolvesbuilding a graphsuitablefor partitioningfrom the

compilers intermediateform representationthe IF tree. The IF treeis producedby the

compilerfrontendandintermediateoptimizationsareperformedonit prior to partitioning.
Each IF node containsan instruction or data elementthat representssome portion of

the input Verilog program. Although Verilog supportsoops, our compileronly supports
loopsthat canbe fully unrolledstatically at compiletime. Eachnodein the graphto be

partitionedconsistsof oneor morelF treenodes.Basically the compilerallows a variable
to residein exactly one processar Therefore,writes (stores)to a variableare grouped
togethemith its definitionsinceit is notpossibleto performwritesfrom anotheiprocessar
Suchgroupsareatomicandconsideregsonenodein thegraphto be partitioned.

The synchronizatiorof messagesind the handlingof communicationis carried out by
the schedulingand static routing phasesn our compilet which follows the partitioning
phase Thesephasesnvolve complex algorithmswhich arebeyondthe scopeof this paper;
neverthelessthe partitionerhasto estimateaesourcesisedby thesephasesheadf time.

The partitioner estimatesan upper boundto the numberof communicationand delay
instructionghatwill beintroducedatschedulingime, knowing thatthe PHASERmachine
requiresonesend andonereceive instructionto communicatelata,andthatany gaps
in the generatedstatic schedulewill make use of eithera nop instructionor a wait
instruction(for morethanonenop). If aninstructionin a partitionis waiting for datafrom
anotherpartition, the scheduletries to scheduleotheravailable andreadyinstructionsin
theinterleaving time slots,sothatthe processofor thefirst partitionis notidle. Therefore,
thepartitionerconseratively estimateshateachinstructionwill have oneotherinstruction
beforeit anddoublesthe amountof memoryneeded.

The estimationfor registersand bit-registersis also conserative asregisterallocationis

doneafterinstructionscheduling Thepartitionerestimatesegistersconsumedby variables
as well astemporaries. It makes a worst-caseassumptioraboutthe possibility of the
registerallocatorbeingableto reusetemporariessthatdependsn the schedule Further

the operand®f aninstructioncanarrive from anothermprocessothroughareceive and
the partitionerheuristicallyestimatesegistersfor suchaninstruction.

5.3 MLKP Algorithmsand Default Values

The coarseningphasecoarsensa boards IF graph (about500,000nodes)into smaller
graphs,until we reach500 nodesin a graph. Coarseningusesa heary edgematching
algorithm. Coarseningf graphsis donewhile the numberof nodesin the graphis greater

15



than500 andwhile the differencebetweena graphandits coarsenedjraphis greaterthan
3%. In otherwords,we stopwhensignificantchangesn thegraphsarenotrealized.

Theinitial partitionis doneby recursve bisectionof theresultingcoarsenegraph.We use
the greedygraphgrowing algorithm, as describedby Karypis and Kumar [KK95]. This
algorithmselectsa nodeat random,placesit in the selectedoartition, computeghe edge
reductionchangdor every unselectethodeontheboundaryandthenselectshenodewith
thelargestchangeupdatingtheboundaryasneededlf thereareno morenodesconnected,
or theweightcriterionis notyet met,it randomlychoosesnothemode.

The uncoarseningnaps back the graphs,and the refinementimproves the number of
edgesby minimizing edgesacrosspartitions. The boundaryKernighan-Linrefinement
algorithm[KK95] is used,which choosegsandomnodesfrom the boundaryandcomputes
thegain/lossof moving thenodeto eachof the otherpartitions. The partitionthatresultsin
thelargestgainwhile still meetingtoleranceandconstraintss chosenlf thereis none,we
look atmoveswith 0 gainthatwill improvethebalance Thebalanceas thetotalmagnitude
of theerrorsin theweightof thetwo partitions(balancds explainedin Section5.5).

5.4 Partitioning of SRAM

SRAM storageis attachedto a chip, andis accessedy sendingmessageshroughthe

SRAM routing processarSincethereareno messagesentacrossSRAMs, partitioningto

reduceedgess not suitable thereforewe usea differentscheme We partition datain the

SRAMswith aseparat@passhatsortsthenodeshatcontainSRAM datain reverseweight
order(i.e.,from largerto smaller)andkeepalist of SRAM bins sortedby availablespace.
Theorderof binsis keptsortedusinga heap,sowe automaticallygetan evendistribution

of SRAM usageacrosghechips.

5.5 Balancing

Balancingis a key stratgyy which guidesthe partitioningprocesdo keepthe intermediate
partitions within constraintsas the graphis partitionedusing recursve bisection. The
goal of bisectioningis to divide a set of nodesinto two subsetsof equalsize (or to a
specificproportion),which areevenly balancedn all the constraints.lt is very important
to achiee a goodbalancein eachlevel of bisectioningbecausehe repetitve application
of bisectioningto get a k-way partitioning causesary imbalanceto be magnified. The
tendeny is to placeall of the imbalancein one of the final partitions. This problemis
alsonot trivial becausehe resourcedo be balancedfor eachnodedo not usually have
amountghatarerelatively proportionalto eachother For example,anodemayhave large
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requirementdgor useof registersbut little requirementgor useof memory Fortunately
there are enoughnodesin a setthat the algorithm should be able to find a reasonable
balancen lineartime compleity.

In our balancingalgorithm,we make useof the Euclideandistancebetweenhe resources
of thetwo partitions. We usea normalizederror functionwhich measureshe normalized
vectordistanceof resourcebetweenhe two subsetgluring bisection.For example,if the
cumulative weight of 3 resource®n onesubsets (4, B, C) , the weightof resource®n
theothersubseis (X, Y, Z), andthelimiting constraintare (U, V, W), theerroris:

E:\/(AEX)2+(B‘_/Y)2+(CV_[/Z)2

To considemoving anodefrom onesubseto anotheywe computethe new weightsof the
subsetg A, Br,C1) and (X1, Y1, Z1) andanew errorquantity:

Er = \/(AIEX,)2+ (BI‘—/YI)2+ (C/I;/Zl)z

If Er < FE thenodemovements carriedout.

We found that when the cumulative weight of a resourcewas larger than its limiting

constraint,e.g., A > U, we could improve the balanceamongthe componentsby
applying a non-linearmultiplier to that componentof the distance. Thatis, if any one
error components disproportionatelyarge, we magnify the error still furtherto give the
algorithmanincentive to reduceit. We useda multiplier thatwasnon-linear;a non-linear
functioncouldbe usedinstead.

Thefollowing exampleillustrateshow balancingwvorks. Ourgoalis to divide asetof nodes
into two bisections—partitiorl and partition 2—with constraintof (256, 128, 32) each.
We have 8 nodeswith thefollowing resourceequirements:

nodel (32,3,0)
node2 (16, 64,0)
node3(32,3,0)
node4(16,1, 0)
node5 (16, 8, 0)
node6 (16, 64, 0)
node7 (16, 64,0)
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node8 (16, 32,0)

whereeachtuplerepresentémemory registet bit-register).In thefollowing steps;‘weight
(partitionx)” representshe cumulatve weightof all thenodesn partitionx.

We begin with partition1 emptyandall nodesin partition2. We addnodesl, 2, 3,4,5, 6
to partition 1 sincethatimprovesthebalance.

While addingnode6 (16, 64, 0) we have thefollowing balancingcomputations:
weight(partition1) = (112,79, 0)
weight(partition2) = (48, 160,0))
E =0.519179
and
weight(partition1 + node6) = (128,185,0)
weight(partition2 - node6) = (32,96, 0)
Er=0.394995

Note the non-linearpenaltyin registersfor partition 1 asit exceedsthe constraint. Still,
sinceE’ < E themovementof node6 is carriedout.

However, whenwe try to addnode7 (16, 64,0), we have
weight(partition1) = (128,185,0)
weight(partition2) = (32,96, 0)

E =0.394995

and
weight(partition1 + node7) = (144,269,0)
weight(partition2 - node7) = (16, 32,0)
Er=0.958943

The move of node7 from partition 2 to partition 1 is rejected. After rejectingnode8 as
well, we try to move backany nodefrom partition 1 to partition 2 to improve balance.So
nodel, 3 and5 aremovedbackto partition2, in thatorder Theresultingpartitionssofar
are

partition1 = {2, 4, 6}
partition2 = {7, 8, 1, 3, 5}
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We try againto determineif the balanceof partition 1 canbe improved by moving nodes
from partition 2, andthereforenode3 is movedbackto partition 1. Thefinal resultof the
balancingphaseresultson thefollowing partitionsandweights:

partitionl= {2, 3, 4, 6}
partiton2={7,8, 1,5}
weight(partitionl) = (80, 132,0)
weight(partition2) = (80, 107,0)

5.6 Partitioningin the Presence of Large Nodes

Thegraphusedin our partitioningprocessallows multiple IF treenodesto be meigedinto
onelF graphnode. For somedesignsa large numberof IF treenodesmay endup being
representedh the onegraphnode,leadingto heavy resourcerequirementgor thatnode.
We commonlyfind a numberof nodeswhoseresourcesrecomparabldo thoseavailable
in asingleprocessar

Graph nodelD: 133447, weight = (2080, 16, 1)

IF nodelD: $462746, opcode = MEM, width = 16384
IF nodelD: $1252331, opcode REFX, width = 16
IF nodelD: $1252334, opcode STOREIF, width =0
IF nodelD: $3828369, opcode REFX, width 16
IF nodelD: $3828370, opcode LOAD, width 16

Figure 13: Example of a Large Node

Figurel3is anexampleof alarge node:a splicedarraythatmaybe placedin a processar
A splicedarrayis anarraythathasbeenbrokenupinto severalsmallerpartsof similarsize,
to be ableto fit into a processar The splicedarray requires16,384bits (2,048 bytes)of

storage(memoryusedin a processor).A referencanto thatsplicedarray of a storeand
load,is groupedwith the splicedarray leadingto requirement®f 2,080memorybytes,16

registersandl bit-register Thelarge memoryrequirement{2,0800ut of the 4,096x2bytes
availablein a processorjnakesthis nodealarge node.

During bisection, large nodesneedto be taken into accountseparatelybecausethey
adwersely affect ary bisectionalgorithm usedto balancelike nodesduring the initial
partitioning.Oneof thepartitionswill oftenendupbeingtooheary. Considetthefollowing
example.We aretrying to partitionthreenodesA (40, 25, 4), B (60, 10, 6) andC (30, 25,
4) into two processorsvith resourceconstraintof (256,32, 8) each.Thecombinedweight
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of the threenodes(130, 60, 14) fits well within the constraintsof a two-processosized
partition (512, 64, 16). Therefore,it would be valid for earlier stagesof bisectionto put
themtogether However, every possiblecombinationof A, B or C is boundto exceed
constraintsn atleastoneof theprocessorsThebalancingstrate)y describedearlierworks
fine whenthenodeweightsaresmallcomparedo thatof a processarHowever, its efficacy
breaksdown whennodeweightsareof a similar magnitudeasthatof a processar

The partitioneravoids this problemby partitioninglarge nodesin a separatgassprior to
the normal partitioning. They are distributed acrossthe processorsising a round-robin
list, sothatthey do not createheary partitionsat the processolevel. Large nodesget
preallocatedat both the chip and processoievels. Preallocationis performedso that
bisectioningdoesnot have to dealwith theselarge nodesand make a chip or processor
heary beyond correction. As a generalrule of thumb, a large nodeis onewhereat least
one of the resourcerequirementss 20% of the size of the adjustedavailable processor
resources.

5.7 Balancing Infeasible Partitions

After uncoarseninghe finestgraph,and prior to refinementof that graph,an extra pass
overthenodesin the graphattemptdo balanceconstraintof infeasiblepartitions. In this
passwe only considerregisterandbit-registerresourceshatare larger thanthe adjusted
availableprocessoresources.

We identify the heariestnodeof theresourcehatis mostimbalancedn a giveninfeasible
partition. Thenwe attemptto swap this node with a node from anotherpartition that
consumegessresourcesislongasthetargetpartitionremaindeasibleandtheimbalancean
theinfeasiblepartitionis reduced Notethatmorethanonenodemay needto be movedin
orderto make aninfeasiblepartitionfeasible.This processnvolvesexhaustve comparison
of nodes. However, sinceonly a few partitionsareinfeasible,typically about3% of the
total numberof partitions,thetime costis not prohibitive.

6 Implementation Details

The partitioneris written in C++, asis therestof the compiler Its inputis anintermediate
codetreeof (IF) nodesimplementedasa linked structureon the C++ heap. Its outputis
thesamegraphallocatedo processors;hips,andboards.Thoughsucha heapstructureis
well suitedto the variety of operationgequiredduring codegeneratiorandschedulingjt
hasa numberof disadantagedor the partitioningprocess:

20



e the nodescontain much datanot neededfor partitioning, increasingthe memory
usage,

¢ linking nodesand creatingsetsusing linked lists consumesnore memorythanis
necessary

¢ thegraphis widely spreadhroughoutmemaory causingpoorlocality whenaccessing
nodesandedgesand

e creatingnodesandedgesds arelatively expensve operationyequiringrepeatedeap
allocationof smallcomponents.

Graphsarerepresented a compactform, namely with a setrepresentedby a rangeof
indicesin anarray A 1:1 mappingof indicesand IF tree nodeid’'s keepstrack of the
nodes. This is a commonrepresentatiorusedby graphalgorithms,and is much more
suitable for examining the connectionpropertiesof the graph. Nodesand edgesare
annotatedvith resourceconsumptiorand,eventually partitioninformation. Creatingsuch
a representatiofis straightforvard andinexpensve, but modificationsto the graph,once
createdareexpensve. We avoid this costby changingonly theannotation®ncethegraph
hasbeencreated.

A spaceoptimization is done during coarsening. If the changebetweentwo levels

of coarsenings small (3%), the changesare combined,and the intermediategraphis

discarded. This reducesstoragerequirementswithout significantly reducingrefinement
possibilitiesin theuncoarseningrocess.

All thresholdsfor partitioning (e.g., 3% coarsening20% large nodes,etc.) were deter
minedempiricallyandcanbe controlledat the command-lineof the compilet

The work reportedhereinwas the result of 2 person-years.The aim of the work was
to producereliable partitions in an industrial-strengthcompiler and to provide good
maintainablecode. Whilst maintainability of the codeis not an issuefor this paper it
is importantto notethatsucha goalwasobtainedn 15K linesof heavily-commentedC++
code(a50:50ratio of commentgo code).

7 Experimental Results

We report on experimentalresultsobtainedwhen running the PHASER compileron a
next generatiorSFARC processodesign,andcompareour partitioningalgorithmto that
implementedn thehMetistool.
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7.1 Experimentswith 1, 2 and 4 CPU designs

Table1 shavstheresultsobtainedoy compilingseveralRTL designdor a next generation
generalpurposeprocessarResultsfor 4 designsof differentsizesareshown: exu, oneof
the key modulesinsidethe CPU; 1 CPU, the designfor the CPU itself; 2 CPU, a multi-
processodesignof 2 CPUsof thesameprocessorand4 CPU,amulti-processodesignof
4 CPUs. For eachdesign,the numberof lines of Verilog code(LOC) aregiven, followed
by the numberof nodesin the intermediaterepresentatioifTr nodes),the corresponding
numberof nodesn thegraphthatgetspartitioned(Gr nodes)thecompilationtimesfor the
wholedesign(Compt) andthe partitioningtime (Partt), thememoryusagegor compilation
of thewhole design(Compmem)andfor partitioningof the design(Part mem). The last
column, Speed,indicatesthe simulationspeedof the RTL designexpressedn termsof
numberof simulationcyclesper second.Simulationspeeds influencedto a large extent
by the effectivenesf the partitioneramongvariousotherparameters.

| Design| LOC | Trnodes| Grnodes| Compt | Partt | Compmem| Partmem| Speed|

exu 158,131 429,311 246,361 227s| 31.4s| 771.2MB| 132MB | 114kHz
1CPU | 1.87M| 2,715,818| 1,370,803| 5,053s| 728s| 5,790MB| 591MB 38kHz
2CPU | 3.52M| 5,388,950 2,713,454| 19,263s| 742s| 11,300MB| 893MB | 32kHz
4 CPU 6.9M | 10,067,298| 4,900,235| 70,312s| 1,768s| 25,840MB | 1,260MB| 5.7kHz

Tablel: Results

The resultswere obtainedin a lightly-loaded4-processomachinewith 900 MHz Ultra-
SFARC Il processorsvith 16 GB of mainmemoryand8 MB E-cache.

The compiletime appeargo be quadraticin the sizeof the designandit is dominatedoy
theroutingphasewhichis indeedquadratic.

7.2 Performance comparison against hMetis

We comparedthe compile time performanceof the PHASER partitioner with hMetis

(an implementationof MLKP) [KK95]. Table 2 shows that even for the large designs,
our partitioneris 2-4.5 timesfasterthan hMetis. For smallerdesigns,the compile time

differenceis evenhigher It shouldbe notedthatthe hMetisimplementatiorpartitionsthe

graphfor one constraintwhile the PHASER partitionerpartitionsfor 5 constraintsand

that hMetis performedmulti-phaserefinement. This datawas collectedon a 8 processor
UltraSFARC Il machinewith 400MHz processors.
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1.25M nodes 246K nodes
k=2 \ k:128\ k=8,192| k=25 \ k=1,600
hMetistime 1,341sec| 3,798sec| 4,236sec| 351sec| 357sec
PHASERtime | 571sec| 868sec| 1,128sec| 24sec| 54sec
ratio 2.34 4.37 3.75| 14.62 6.61

Table2: Comparisorwith hMetis

We comparedhecachebehaiour of the PHASERcompilerandpartitioneragainshMetis
usingcputrackona 2 CPUUIltraSpardll, 1.2 GHz Sunworkstationwith 3 GB of memory

Table3 reportsdataobtainedusingcputrackon a completeprogramrun of hMetisandthe
PHASERcompilerusingtheexu designasinputdata.Thenumbersn tablearein millions.

| [ hMetis| PHASER]

Totaltime 141sec 24 sec
Instructioncount 81,730M | 12,750M
Cyclecount 186,284M | 35,548M
D-Cacheread 21,520M | 3,324M
D-Cachereadmiss 1,341M 123M
miss/reado 6.2% 3.7%
E-Cacheef 26,516M | 3,074M
E-Cachamisses 576 M 71M
misses/refo 2% 2.3%
I-Cacheref 41,625M | 6,854M
[-Cachemiss 25M 11M

Table3: Cachebehaiour comparisorwith hMetis

As can be seen,hMetis executesabout 6-times more instructionsthan the PHASER
partitionerandtakes5-timesasmary cycles. hMetis hasabout11-timesmoredatacache
read misses,8-times more E-cachemisses,and twice more I-cachemisses. The first
obsenation aloneseemdo indicatewhy the timing resultsfor hMetis arelarger. hMetis
hasaworsedatacachemissrate,but a betterE-cachemissrate.
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7.3 Experimentswith different processor sizes

We alsoexperimentedvith how the sizeof theresourceswvailablein processorandchips
affectedthe simulationspeedf a givendesign.This experimentgivesus someinteresting
insightsinto how the parallelismin the designto be simulatedinteractswith architectural
parametersf a hardwaresimulationengine.

| Procbytes| Regs | Bitregs | Procs/chip| Result |

8192 120 | 256 64 1 processom 1 chip,1785.71kHz
512 64 8 64 8 processor 1 chip,1937.98kHz
512 64 8 8 8 processore 1 chip,1937.98kHz
512 64 8 4 8 processorf 2 chips,1602.56kHz
512 64 8 2 8 processor 4 chips,1470.5%Hz

Table4: Effect of processogranularity

Table4 shavs thataswe increaseghe numberof processorswvailable,andreducethe size
of the processorghe partitionerspreadoutthenodego extractmoreparallelism—hence,
the increasen simulationspeedaswe go from 1 to 8 processors.However, assoonas
we crossthe chip boundaryi.e., reducethe numberof processorger chip, chip-to-chip
communicationbecomesa factor Chip-to-chipcommunicationis more expensve than
intra-chipcommunicationThis explainsthedropin simulationspeedaswe move towards
morechips.

8 Conclusions

In this paper we have describedour experienceswith the designof adaptationdo the

classicaimulti-level partitioningalgorithmin orderto partition codegraphsof millions of

nodesnto thousand®f processorslt wasour experiencehattheexisting literaturecannot
copewell with scalability; mostof the reportedliteraturedealswith experimentalresults
in the orderof up to 250,000nodes.We dealtwith graphsof up to 6 million nodes.Space
andtime considerationsvereimportantin our design.

Our experiencerevealedthat balancingof multiple constraintswas key to getting the

partitioningto work correctly;it wasalsothe hardesipartto getright. Whendealingwith

multiple constraintsof irregular granularity and when large nodesare present,standard
bisectioningalgorithmsdo notwork well. We usedanerrorfunctionbasedntheEuclidean
distanceof the weights of the two bisectionsbeing considered,to cater for multiple

constraintsWe alsopre-assignethrge nodesto partitionsto dealwith large nodes.
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Thestructureof ouralgorithmreflectshe PHASERmachingopologyof boardschips,and
processorsThis simplified dealingwith oneextra constraint:the differentcommunication
costsateachlevel of abstraction.

Last, this paperreportson experimentalresultsfor the partitioning of industrial designs
onto a real machine. Many challengesvere faced: the paperprovides a solutionto the
problem.

Acknowledgements

We would lik e to thankGreg Wright for numeroussommentdo aid in the presentatiorof
this paperaswell asLiang Chen,who helpedin focusingsomepartsof thepaper

25



References

[BGOMO3]

[FM82]

[GOMBO2]

[Ham]

[HKOO]

[HLO5]

[IKO]

[Kar99]

[KK95]

[KL70]

[KMJ93]

[MCK96]

R. Banos, C. Gil, J. Ortega, and M.G. Montoya. A parallel evolutionary
algorithm for circuit partitioning. In Proceedings of the 11th Euromicro
Workshop on Parallel and Distributed Processing, Genwa, February2003.

C.M. Fiducciaand R.M. Mattheyses. A linear time heuristicfor improving
network partitions. In Proceedings of the 19th IEEE Design Automation
Conference, pagesl75-181,1982.

C. Gil, J. Ortega, M.G. Montoya, and R. Banos. A mixed heuristic for
circuit partitioning. Computational Optimization and Applications Journal,
23(2):321-3402002.

Hammerby TharasSystems. http://www.tharas.com/product s/
index.ntml . Lastaccesseduly 16,2004.

B. Hendricksonand T.G. Kolda. Graph partitioning modelsfor parallel
computing.Parallel Computing, 26:1519-15342000.

B. HendricksorandR. Leland.A multilevel algorithmfor partitioninggraphs.
In Proceedings of Supercomputing, 1995.

IKOS by Mentor.  http://www.mentor.com/supportne t/iko s.
Lastaccesseduly 16,2004.

G. Karypis. Multilevel algorithmsfor multi-constrainthypeigraphpartition-
ing. TechnicalReport99-034,Univ. of Minnesota,Dept. of ComputerSci-
ence,1999.

G. Karypisand V. Kumar A fastand high quality multilevel schemefor
partitioningirregular graphs. TechnicalReport95-035,Univ. of Minnesota,
Dept.of ComputerScience1995.

B.W. KernighanandS. Lin. An efficient heuristicprocedurefor partitioning
graphs.The Bell System Technical Journal, 49(2):291-3071970.

A.A. Khan,C.L. McCreary andM.S. Jones. A comparisorof multiprocessor
schedulingheuristics.TechnicalReport9307,Auburn University, Department
of ComputerScienceandEngineering,1993.

C.L. McCreary M.A. Cleveland,andA.A. Khan. The problemwith critical
path schedulingalgorithms. Technical Report 9601, Auburn University,
Departmenbf ComputerScienceandEngineering,1996.

26



[NCV]

[Pal]

[Sar89]

[She9s]

[Spe]

[Vah02]

[VCS]

[WCO00]

NC Verilog by Cadence. http://www.cadence.com/product s/
functional_ver/nc- verilog/ind ex.a spx.Lastaccesseduly16,
2004.
Palladium by Cadence. http://www.cadence.com/product s/
functional_ver/palladium/ind ex.a spx. Lastaccesseduly 16,
2004.

V. Sarkar Partitioning and Scheduling Parallel Programsfor Multiprocessors.
PhDdissertationStanfordUniversity, 1989.

N. Shervani. Algorithms for VLS Physical Design Automation. Kluwer
AcademicPublishersBoston,Massachussetg,edition,1995.

SpeXsim by Verisity.  http://www.verisity.com/product s/
spexsim.html . CombinedVerisity’'s VPA and Axis technologies,after
Axis memgedinto Verisity. Lastaccesseduly 16,2004.

F. Vahid. Partitioning sequentialprogramsfor CAD using a three step
approach. ACM Transactions on Design Automation of Electronic Systems,
7(3):413-429July 2002.

VCS by Synopsys. http://www.synopsys.com/product s/
simulation . Lastaccesseduly 16,2004.

C. Walshav and M. Cross. Messpartitioning: a multilevel balancingand
refinementlgorithm. SAM J. Sci. Comput., 22(1):63—-802000.

27



About the Authors

Michael Ball is a DistinguishedEngineerat Sun Microsystemswherehe is working to
improve the productvity of programmerswriting high-performanceechnicalcode. He
wasrecentlypartof the PHASERcompilerteam. Prior to this, he wastechnicalleadfor a
C++ compilerboth at Sunandat TauMetricCorporation.His long-terminterestsinclude
languages;ompilationandprogramanalysigechniquesandprogrammeproductvity. He
canbecontactedat ball@acm.og.

Crigtina Cifuentesis a SeniorStaf Engineerat SunMicrosytemd_aboratoriesn Mountain

View, California, wheresheinvestigatecompilationtechniquegor virtual machinesHer

researchnterestsinclude programtransformationsn the areasof compiler construction,
binary translation,programcomprehensionsoftware maintenancereverseengineering,
anddecompilation Cristinawaspartof the PHASERcompilerteamin recentyears.Prior

to joining SunMicrosystemd.aboratoriesn July 2000,sheheldacademigositionsat The

University of Queenslan@ndThe University of Tasmanian Australia.

Deepankar Bairagi is a Memberof TechnicalStaf at SunMicrosystemsn Menlo Park,
California where he is working on the compiler baclend for AMD64. His research
interestsinclude algorithmsfor compiler optimizations, parallel computing,and issues
in codegeneratiorand baclkend optimizations. Previously, Deepankamasa memberof
the PHASERcompilerbaclkendteam. Prior to joining SunMicrosystemd_aboratoriesn
June2000,Deepankareceveda PhDin ComputerEngineeringrom North CarolinaState
University.

28



	Partitioning of Code for a Massively Parallel Machine
	Abstract
	Copyright
	1 Introduction
	2 The PHASER Machine
	3 Code Partitioning
	3.1 Partitioning Large Graphs

	4 PreviousWork
	4.1 Code Partitioning in Compilers
	4.2 Multi-level Partitioning
	4.3 Multi-constraint Partitioning
	4.4 Circuit Partitioning
	4.5 Verilog Compilers

	5 Partitioning for the PHASER Machine
	5.1 Multiple Constraints
	5.2 Building a Graph for Partitioning and Estimation of Resources
	5.3 MLKP Algorithms and Default Values
	5.4 Partitioning of SRAM
	5.5 Balancing
	5.6 Partitioning in the Presence of Large Nodes
	5.7 Balancing Infeasible Partitions

	6 Implementation Details
	7 Experimental Results
	7.1 Experiments with 1, 2 and 4 CPU designs
	7.2 Performance comparison against hMetis
	7.3 Experiments with different processor sizes

	8 Conclusions
	Acknowledgements
	References
	About the Authors


