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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.

email addresses:
michael.ball@sun.com
cristina.cifuentes@sun.com
deepankar.bairagi@sun.com



© 2004 Sun Microsystems, Inc. All rights reserved. The SML Technical Report Series is published by Sun Microsystems Laboratories, of Sun
Microsystems, Inc. Printed in U.S.A.

Unlimited copying without fee is permitted provided that the copies are not made nor distributed for direct commercial advantage, and credit to the
source is given. Otherwise, no part of this work covered by copyright hereon may be reproduced in any form or by any means graphic, electronic,
or mechanical, including photocopying, recording, taping, or storage in an information retrieval system, without the prior written permission of the
copyright owner.

TRADEMARKS
Sun, Sun Microsystems, the Sun logo, Java, and Solaris are trademarks or registered trademarks of Sun Microsystems, Inc. in the U.S. and other
countries.

All SPARC trademarks are used under license and are trademarks or registered trademarks of SPARC International, Inc. in the U.S. and other
countries. Products bearing SPARC trademarks are based upon an architecture developed by Sun Microsystems, Inc. UNIX is a registered trade-
mark in the United States and other countries, exclusively licensed through X/Open Company, Ltd.

For information regarding the SML Technical Report Series, contact Jeanie Treichel, Editor-in-Chief <jeanie.treichel@sun.com>.All technical
reports are available online on our website, http://research.sun.com/techrep/.



Partitioning of Code for a Massively Parallel Machine

MichaelBall
SunMicrosystems
15Network Circle

MenloPark CA 94025
michael.ball@sun.com

CristinaCifuentes
SunMicrosystemsLaboratories

15Network Circle
MenloPark CA 94025

cristina.cifuentes@sun.com

DeepankarBairagi
SunMicrosystems
15Network Circle

MenloPark CA 94025
deepankar.bairagi@sun.com

1 Introduction

Partitioning is the problemof dividing a dataset of an applicationinto several partsof
similar size. Many partitioning problemscan be solved by representingthe dataas a
graphandsolvinga graphpartitioningproblem.Graphpartitioningdividesa datasetinto
severalpartsof similarsizeandminimizesthenumberof edgesbetweenthoseparts.Graph
partitioningalgorithmsarewidely usedin industryto, for example,breaka circuit into k
differentareas(minimizing wire lengthbetweenthe areas),multiply a matrix in parallel,
solve sparselinearsystems,placea multimediaor relationaldatabaseinto k clusters,and
much more. It is widely known that partitioning is an NP-completeproblem[Sar89],
therefore,partitioningalgorithmsprovide approximationsto a solution. In this paper, we
discusscodepartitioningfor acompiler.
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Codepartitioningis theproblemof dividing theinput data(thecoderepresentinganinput
program)into severalpartsthatfit into asetof processors,for executionin parallel,taking
into accountthe communicationoverhead(if any) of the target processors.A compiler
that implementscodepartitioningrepresentsthe input dataasa graph,andsolvesa graph
partitioningalgorithm. Thepartitioningphasecanbeseenasthefirst stageof instruction
schedulingin the compiler. Codepartitioningof large graphsonto numerousprocessors
requiresvariationsto the classicalpartitioning algorithms, in part due to the memory
and time requirementsto partition large graphs,but also due to the natureof the target
architecture.Further, multipleconstraintsimposedby hardwarecharacteristicsof thetarget
architectureaswell asby designconsiderationsof thecompilerposeinterestingchallenges
to adaptingclassicalpartitioningalgorithms.

We have developeda partitioningalgorithmfor a Verilog compiler. Verilog is a hardware
descriptionlanguagethatis usedto describedigital systemsatseverallevelsof abstraction.
A sampleVerilog programis discussedin thenext section.Verilog hassyntaxandsome
structural constructsakin to traditional programminglanguages. A Verilog program,
which is often a simulationof the hardwaredesigndescribedtherein,makesexplicit the
parallelismwhich is inherentin digital systems. Suchparallelismcan be classifiedas
codeparallelism,asopposedto dataparallelism,which is often found in many scientific
applications.

Therequirementsof this compilerwereto generatecodefor amassively parallelmachine,
PHASER,which cancontainup to 40,000processors.The natureof the target machine
madethepartitioningproblemamultipleconstraintproblem,where5 differentconstraints
neededto beaddressed.Theinputdatato thiscompilerarehardwareRTL designsfor anext
generationSPARC processor, i.e.,in theorderof millions of linesof RTL code.A desirable
requirementfor thecompilerwasto emit codewithin a coupleof hours.Thecompilation
time for hardwaresimulatorsis mostlydeterminedby the targetarchitecture;mostof the
compilationtime is spenton mappingthe softwareconstructsto hardwareelementsand
meetingany hardwareinterconnecttiming constraints.

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

� multiple invocationsof a multi-level algorithmto modelhierarchicalmachineinter-
connection,

� handlingof multiplehardconstraints,1

1We saythat a constraintis a hardconstraintif overflowing it causescodegenerationto fail. In other
words, a hard constraintcannotexceedits maximumresourceallocationafter instructionschedulingand
registerallocation.
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� ability to partitiongraphsof irregulargranularity,2

� algorithmicadaptationsanduseof efficient datastructuresto provide partitionsof
reasonablequalityefficiently, in spiteof largeinput graphs.

Althoughouralgorithmwasimplementedin aVerilogcompilertargetingthePHASERma-
chine,thedesignandimplementationissuesaddressedaregeneralenoughto beapplicable
to othercompilersandtargetmachines.

We discusswhatdesigndecisionsweremade,aswell aspragmaticdecisionstakenalong
the road. We first give an overview of the PHASERmachine(Section2) and explain
codepartitioningandtherequirementsof thepartitioningof largegraphs(Section3). We
summarizeprevious work in Section4, followed by an explanationof our partitioning
algorithm in the context of the PHASERmachine(Section5). We briefly describekey
aspectsof our implementationthatmake thealgorithmfastandspaceefficient (Section6).
Section7 describesexperimentson the useof this partitioneron next generationSPARC
processordesigns,andits spaceandtime performance.We concludewith a summaryof
our experience(Section8).

2 The PHASER Machine

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

EachPHASERboardconsistsof 64 PHASERASICs,which cancommunicateexternally
via ahostbridge.

An ASIC consistsof 8 subclustersof 8 processorseach;thesesubclusterscommunicate
with eachother, the I/O ports,theSRAM interface,andthe registerfile units (RFUs)via
themainclusterinterconnect.EachASIC has2 MB of SRAM.

Eachprocessorhas1 K 8-bytewordsof memory, whicharesharedbetweencodeanddata,
12032-bit registers,256singlebit-registers,andtheCPU.

The PHASER machinehardware has three levels of interconnection. Communication
overheaddiffers betweenlevels. For example, board-to-boardcommunicationis more
expensive thanchip-to-chipcommunication.

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

3 Code Partitioning

Considerthe sample1-bit adder Verilog module in Figure 2 and its associateddata
dependency graphin Figure 3, which shows a graphof intermediateinstructionsfor a
compiler. In thegraph,eachinstructionis uniquelyidentifiedby a $N symbol,whereN is
aninteger. For example,instruction49 representstheregisterfor input a0 andinstruction
59representsanexclusive-orof theresultsof instructions57and58. Notethatthenodefor
instruction59 containsthreeedges:two thataccessthenodesthatcontaintheinstructions
thatit uses(namely, instructions57 and58),andonefor thenodethatusesthis instruction
(namely, instruction60). The graphcontainseleven nodesthathold 19 instructions.For
partitioning, we usethe graphwithout referenceto the instructions(seeFigure 4; each
nodehasbeenannotatedwith its weight (w); theweightwascomputedasthenumberof
instructionsin thenode).

Assumewe hadthreesmall processors,eachcontainingtenslotsfor dataandcode,each
slot beingableto hold an instruction(weight1). Our graphcouldbepartitionedinto two
groupsof nodes(partitions),of weights10and9 respectively, for example:
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module fulladder (s, c_out, a0, b0, c_in);
output s;
output c_out;
input a0;
input b0;
input c_in;
reg s, c_out;

always@ (a0 or b0 or c_in) begin
s = a0 ˆ b0 ˆ c_in;
c_out = (a0 & b0) | c_in & (a0 ˆ b0);

end
endmodule

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

$16 reg init(1)

$35 movea($16)

$124 store($16,$20)

$36 or($34,$35)

$19 reg

$34 movea($19)

$47 reg /* s */

$60 storeif($47,$59,$36)

$59 xor($57,$58)

$48 reg /* c_out */

$70 storeif($48,$126,$36)

$126 bool4($127,$55,$56,$57,$58)

$51 reg /* c_in */

$58 movea($51)

$49 reg /* a0 */

$55 movea($49)

$57 xor($55,$56)

$50 reg /* b0 */

$56 movea($50)

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 edgesbetweenthepartitions,whereasthesecondone
hastwelve edgesbetweenthepartitions.Edgesbetweenpartitionsrepresentcommunica-
tion betweenthe instructions,asdatausedacrosspartitionsin our architectureneedto be
passedbetweenthe partitionsby meansof at leastoneextra instructionin eachpartition
that is partof anedge:a send instructionto sendthedatafrom thepartition thatdefines
thedata,anda receive instructionto receivethedatainto thepartitionthatusesthedata.
Communicationedgesincreasethenumberof instructionsneededin eachpartition,which
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Figure 4: Graph for the behavioral 1-bit adder code of Figure 2

reducestheamountof memoryavailableon a processorfor otherinstructionsto beplaced
in that partition (processor)—thereforethe needto minimize the numberof edgesacross
partitions.

In ourearliergroupsof partitions,thefirst groupof partitionsis abettersolution,asit takes
only two edgesbetweenthe 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 12 and11 respectively (onesend andonereceive on eachpartition),exceedingthe
memoryconstraintsof thesampleprocessors(which have 10 slotseach).Figure5 shows
theweightedgraph.
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Figure 5: Partitioned graph with weights after send and receive instructions have
been added to partitions (infeasible partition)
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Since the memory constraintsfor the processorsare exceeded,the solution is said to
be infeasible,and anothersolution needsto be found. In this example,threepartitions
(processors)areneeded.A feasiblesolutionwouldbeasfollows:

partition1 =
�
n1,n2,n3,n5�

partition2 =
�
n4,n6,n7�

partition3 =
�
n8,n9,n10,n11�

The partitioned,weightedgraphis shown in Figure6. Partitions1 and2 endup with a
weightof 10,andpartition3 with a weightof 9.

partition 1 partition 2

partition 3

node 1

w=3

node 5

w=2

node 2

w=2

node 3

w=3

node 7

w=3

node 4

w=4
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w=3

node 6

w=3
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w=2
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w=2
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w=2

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

This exampleillustratesthechallengeof codepartitioning: a completesolutionneedsnot
only to partitiontheinput data,but alsoto take into accountcommunicationcostsin terms
of extra instructionsrequiredin theschedule,in orderto find apartitionthatis feasiblefor
agivensetof processors.

In thepreviousexamplewe wereonly dealingwith oneconstraint:memory, andwe were
partitioninga setof dataso that it fits into slots in memory. We canmake the example
morerealisticby pointingout thata program’s instructionsanddataarestoredin different
poolsof memoryin a processor, therebydealingwith two separateconstraints:instruction
memoryanddatamemory. Sucha problemis known asa multi-constraintpartitioning
problem.

This section’sexampleconcentratedon thegraphfor a1-bit addermodule,without taking
into considerationthe testbenchassociatedwith sucha module.A completeanalysisof a
Verilog programrequirestheuseof a testbench.Our 1-bit adderexamplewith testbench
producesthe graphshown in Figure7. As can be seen,the complexity of the problem
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increases:thegraphgoesup from 11nodesto 84nodesin total. Similarcharacteristicsare
seenondesignsfor completeprocessors.
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Figure 7: Graph for the behavioral 1-bit adder code with testbench

3.1 Partitioning Large Graphs

Dependingon the requirementsfor thecompiler, a partitioningsolutionwill have to take
into accountthe large amountsof input data representingthe graphand deal with the
physicalconstraintsof thecompiler’sdeploymentplatform.

The input sizeof hardwaredesignsfor a next generationprocessoris large: 1.5 million
nodes.A multi-processorsystemof 2 or 4 processorsinvolves3 to 6 million nodes.The
sheersize of thesedesignsrequiresthat the compiler usesefficient algorithmsanddata
structures,sincememoryrequirementsduringthecompilationprocesscanbeveryhigh.

Our experiencehasbeenthat many of the classicalpartitioningalgorithmsdid not scale
to thesizeof theproblemwe weresolving. Theliteraturereportsresultsfor graphsof up
to 250,000nodes.The amountof time and/ormemoryconsumedby thesealgorithmsin
the context of 1+ million nodesis prohibitive. Further, hardly any algorithmdealswith
multipleconstraints.

We identifiedthefollowing uniquecharacteristicsof partitioninglargegraphs:

� the graphneedsto be representedin memoryfor the durationof the partitioning
process,while avoidingaccesspatternsthatcausememorythrashing,

� thegranularityof thenodesizesis different,i.e., inputgraphscanbeirregulargraphs,

� “largenodes”:somenodesareaboutthesizeof apartition,i.e.,a largepercentageof
thesizeof aprocessor, and

� thecompilationtimeneedsto be“small”.
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Due to theserequirements,we decidedto usea multi-level algorithm(seeSection4) to
arrive quickly at a solution. Multi-level algorithmscoarsenan input graphmultiple times
until a smallgraphis obtained.Thesmallgraphis thenpartitioned,andtheresultsof the
partitioningare propagatedback to the coarsenedgraphs. This allowed us to dealwith
the large sizeof the input graphs.The differencein granularityof thenodesof the input
graphwasdealtwith in two ways: a differentbalancingalgorithmwasusedduring the
partitioningstage,and,for large nodes,a separateextra stepof the multi-level algorithm
wasimplementedto assignsuchnodesto partitionsaheadof time. We alsoadaptedthe
classicalmulti-level algorithm to deal with multiple constraintsimposedby our target
platform.Thisalgorithmis explainedin Section5.

4 Previous Work

Theearlypartitioningalgorithmthatformsthebasisof today’spartitioningalgorithmsis a
networking partitioningalgorithmby KernighanandLin, commonlyreferredto astheKL
algorithm[KL70]. TheKL algorithmis a bisectionalgorithmwhich representsa network
asagraph.Startingfrom a loadbalancedinitial bisection,thealgorithmmovesnodesfrom
onebisectionto anotherif themovereducestheedge-cut.3 This algorithmworkswell for
asmall setof nodes,in theorderof hundredsof nodes,asit testsall nodesin thegraph.An
improvementto theKL algorithmis thatby Fiducciaetal., [FM82], whereby useof better
datastructuresproducesanalgorithmof complexity O( � 	
� ).
In this sectionwe briefly describepartitioningtechniquesusedin generalcompilersand
circuit partitioning.Wealsosummarizethestate-of-the-artVerilog compilers.

4.1 Code Partitioning in Compilers

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

Critical pathschedulingalgorithmsplacethe largestcritical pathsfirst, and the shortest
critical pathslast. In this way, large pathsget scheduledfirst, followedby otherpathsin
decreasingcritical pathlength. Most of thecritical pathalgorithmsdo not consideror do
not modelwell the communicationoverheadbetweenprocessors,whenschedulingpaths
acrossprocessors.Intuitively, this algorithmis correct;however, studieshave shown that

3For a graphG with nodesN(G), anedgecut is thesetof all edgeshaving oneendnodein someproper
nodesubset� andanotherendnodein ��
�������� .
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it doesnot generatenearoptimal solutionsfor partitioning,sometimesperformingworse
thana sequentialsolution[KMJ93, MCK96].

4.2 Multi-level Partitioning

Multi-levelalgorithmsarecommonlyusedthesedaysto solvepartitioningproblems.These
algorithmsarebasedon theobservationthatbisectionalgorithmsoptimizewell a small set
of nodes,therefore,the input graphneedsto be “collapsed”into a smallergraphthat can
beefficiently andeffectively partitioned.

The most widely known multi-level algorithmsare thoseby Karypis and Kumar (the
MLKP algorithm) [KK95], Hendricksonand Leland [HL95, HK00] and Walshaw and
Cross[WC00]. Eachof thesealgorithmsarebasedonthesamepremise,althoughdifferent
internalalgorithmsareusedatdifferentstagesof thepartitioningprocess.Thesealgorithms
have beenimplementedin tools that areavailablein the literatureand/orreportedin the
literature;thetoolsare,METIS/hMetis,Chaco,andJOSTLE,respectively.
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Figure 8: Multi-Level K-way Partitioning

Multi-level algorithmsarebestdescribedby theprocessin Figure8. An initial coarsening
phasecollapsesnodesof an initial graph ��� until a small numberof nodesis reachedin
a derivedgraph ��� . Nodesarenormally collapsedby proximity or someotherfunction.
Thecoarsenedgraph ��� is thenpartitionedinto k partitionsusinganalgorithmknown to
provide good partitionson a small numberof nodes. The partitionedgraph ��� is then
uncoarsened,that is, collapsednodesareuncollapsed,andthe partitionedinformation is
propagatedto eachof thosenodes.Duringuncoarsening,thepartitionis refined,by moving
nodesacrosspartitionsif their cutset4 canbefurtherminimized.Onceuncoarseningends,
theinitial graph ��� is fully partitioned.

4A cutsetis a setof nodeswhoseremoval disconnectsthegraph.
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Karypis andKumarrefer to their algorithmasthe MLKP algorithm,a multi-level k-way
partitioningalgorithm.In theirnotation, standsfor thenumberof partitionsneededin the
solutionto theproblem.

4.3 Multi-constraint Partitioning

In multi-constraintpartitioning,therearemultipleconstraintsthatneedto besolvedin order
to obtaina partition. A multi-constraintvariantof Karypis’ MLKP algorithmis described
in [Kar99], whichusesmultiplepriority queuesto guidebalancingfor multipleconstraints
asrefinementprogresses.

In our work, we useda differentmulti-constraintalgorithmto solve this problem,in part,
becausewe hadhardconstraints(e.g., registersandamountof local memoryused)that
couldnot beoverflowedby latercodegenerationstagesin thecompiler.

4.4 Circuit Partitioning

Graphpartitioning hasbeenusedwidely in the VLSI community to split circuits into
boards,chips, and subcircuits[She95, Vah02]. Circuit partitioning tries to shortenthe
critical pathandto placeit in thesmallestpossibleunit, thusminimizing communication
costs.Oneof theimportantgoalsof circuit partitioningis to reducetheareaused.

Evolutionary computing[BGOM03], and simulatedannealingand tabu searchheuris-
tics [GOMB02] have alsobeenusedto aid circuit partitioning.Theresultsof theseworks
show bettercut setsfor 8 or morepartitionsin small to medium-sizedgraphs(i.e., graphs
of up to 150,000nodes).

4.5 Verilog Compilers

Theindustrystate-of-the-arttoolsfor compilingtheVeriloghardwaredescriptionlanguage
arethesoftwaresimulatorsNC Verilog by Cadence[NCV] andVCS by Synopsis[VCS].
Thesesimulatorsrun on traditionalworkstationsanddo notneedto performpartitioning.

Hardwaresimulatorswhich executeon parallelmachinesor FPGAsperformpartitioning.
ThemostcommonlyusedonesareAXIS by Verisity (now integratedinto SpeXsim)[Spe],
Palladiumby Cadence[Pal], Mentor IKOS [IKO], andTharasSystems’Hammer[Ham].
Thesetoolsuseproprietaryalgorithmsthatarenot reportedin theliterature.
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Hardwaresimulatorsareordersof magnitudefasterthansoftwaresimulators. However,
they arenot aswidely useddueto the expenseof the hardwarerequiredfor runningthe
simulation,andtheneedfor smallchangesin theVerilogsourcecodeto supportadesign.

5 Partitioning for the PHASER Machine

In this section, we explain the adaptationswe made to the classicalMLKP [KK95]
algorithmin orderto supportpartitioningfor thePHASERmachine,whichrequiressupport
for multiplehardconstraints,supportfor largedata,andsupportfor irregulargraphs.

Thehierarchicalnatureof thePHASERmachineleadusto partitionrepeatedlyatdifferent
levelsof abstraction:board,chip,andprocessorlevels. This simplifiedoneconstraint,the
communicationoverheadat differentlevelsof abstraction,asby partitioningonelevel at a
time,all nodesin thatlevel haveequalcommunicationcostbetweenadjacentnodes.

Figure9 describestheML ! KP algorithm,which partitionsaninput (Verilog) intermediate
form tree representationinto a PHASERsystemof " boards,eachboardof 64 chips,
and eachchip of 64 processors. Lines in boldface are additionsor extensionsto the
standardMLKP algorithm. Thesechangesare explained in the next subsections.We
note that the initial partitioning requiresa different balancingalgorithm to that usedin
thestandardMLKP algorithm,dueto themultiple constraintsto bebalancedby thatpass
of thealgorithm.

Figures10,11and12show anexampleof a1-bit adderbeingpartitionedinto boards,chips
andthenprocessors,assuminga smallerconfigurationof a PHASERmachine.For these
figures,we configuredthe compilerto partition assuminga boardhad2 chipsanda chip
had2 processors,eachprocessorcontaining512bytesof memory.

5.1 Multiple Constraints

Unlikesomeof thetraditionalpartitioningalgorithms,theML ! KP algorithmneedsto sat-
isfy five constraintsasit triesto partitionaninput graphontoseveralthousandprocessors.
Theconstraintsare:

� Memory(dataandinstruction):eachPHASERprocessorcanaccommodateinstruc-
tionsconsumingup to 8 KB memory. Similarly, a chip canhold instructionsworth
64x8KB memoryandaboardcanhold64x64x8KB memory,

� Registers:eachPHASERprocessorhas12032-bit generalpurposeregisters,
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partition_system (IF tree) #
build graph G from IF tree
partition by boards (G)
rewrite IF tree based 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)$

Figure 9: The ML ! KP Algorithm
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Figure 10: After board partitioning
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Figure 12: After processor partitioning

� Bit-register:eachPHASERprocessorhas256bit-registers,

� SRAM: eachPHASERASIC has2 MB of SRAM, and

� Routing-processorinstructions: eachPHASER ASIC has 8192 bytes of SRAM
routingprocessorinstructions.

Someof theconstraints,e.g.,memory, areprimarily imposedby physicalcharacteristicsof
thePHASERsystem.Theactualestimation,which is far moreconservative, is discussed
in thenext subsection.SRAM, which is a constraintat boardandchip level, alsofalls in
thecategoryof physicalconstraints.

However, constraintslikeregistersandbit-registersareimposedby designandimplementa-
tion decisionsof otherphasesin thecompiler. Registers(andbit-registers)areaconstraint
becausethe partitionerneedsto be able to estimatethe register requirementsof a setof
nodesplacedin a processor. This needarisesdueto the hardware’s useof staticrouting
of messages.Staticrouting requiresthat instructionsbescheduledto executeexactly at a
clockcycledeterminedduringinstructionscheduling.Suchdecisionsmakeit quitedifficult
to insertspill instructions,andthecompilerdesigndid notsupportspilling.
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5.2 Building a Graph for Partitioning and Estimation of Resources

The first stepof partitioning involvesbuilding a graphsuitablefor partitioningfrom the
compiler’s intermediateform representation:the IF tree. The IF treeis producedby the
compilerfrontendandintermediateoptimizationsareperformedon it prior to partitioning.
Each IF node containsan instruction or data elementthat representssomeportion of
the input Verilog program. Although Verilog supportsloops,our compileronly supports
loopsthat canbe fully unrolledstatically, at compiletime. Eachnodein the graphto be
partitionedconsistsof oneor moreIF treenodes.Basically, thecompilerallowsa variable
to residein exactly one processor. Therefore,writes (stores)to a variableare grouped
togetherwith its definitionsinceit is notpossibleto performwritesfrom anotherprocessor.
Suchgroupsareatomicandconsideredasonenodein thegraphto bepartitioned.

The synchronizationof messagesand the handlingof communicationis carriedout by
the schedulingandstatic routing phasesin our compiler, which follows the partitioning
phase.Thesephasesinvolvecomplex algorithmswhicharebeyondthescopeof thispaper;
nevertheless,thepartitionerhasto estimateresourcesusedby thesephasesaheadof time.

The partitioner estimatesan upper bound to the numberof communicationand delay
instructionsthatwill beintroducedatschedulingtime,knowing thatthePHASERmachine
requiresonesend andonereceive instructionto communicatedata,andthatany gaps
in the generatedstatic schedulewill make use of either a nop instruction or a wait
instruction(for morethanonenop ). If aninstructionin apartitionis waiting for datafrom
anotherpartition, the schedulertries to scheduleotheravailableandreadyinstructionsin
theinterleaving timeslots,sothattheprocessorfor thefirst partitionis not idle. Therefore,
thepartitionerconservatively estimatesthateachinstructionwill haveoneotherinstruction
beforeit anddoublestheamountof memoryneeded.

The estimationfor registersandbit-registersis alsoconservative asregisterallocationis
doneafterinstructionscheduling.Thepartitionerestimatesregistersconsumedbyvariables
as well as temporaries. It makes a worst-caseassumptionabout the possibility of the
registerallocatorbeingableto reusetemporariesasthatdependson theschedule.Further,
theoperandsof an instructioncanarrive from anotherprocessorthrougha receive and
thepartitionerheuristicallyestimatesregistersfor suchaninstruction.

5.3 MLKP Algorithms and Default Values

The coarseningphasecoarsensa board’s IF graph (about500,000nodes)into smaller
graphs,until we reach500 nodesin a graph. Coarseningusesa heavy edgematching
algorithm.Coarseningof graphsis donewhile thenumberof nodesin thegraphis greater

15



than500andwhile thedifferencebetweena graphandits coarsenedgraphis greaterthan
3%. In otherwords,westopwhensignificantchangesin thegraphsarenot realized.

Theinitial partitionis doneby recursivebisectionof theresultingcoarsenedgraph.Weuse
the greedygraphgrowing algorithm,asdescribedby Karypis andKumar[KK95]. This
algorithmselectsa nodeat random,placesit in the selectedpartition,computestheedge
reductionchangefor everyunselectednodeontheboundary, andthenselectsthenodewith
thelargestchange,updatingtheboundaryasneeded.If therearenomorenodesconnected,
or theweightcriterionis not yetmet,it randomlychoosesanothernode.

The uncoarseningmapsback the graphs,and the refinementimproves the numberof
edgesby minimizing edgesacrosspartitions. The boundaryKernighan-Linrefinement
algorithm[KK95] is used,which choosesrandomnodesfrom theboundaryandcomputes
thegain/lossof moving thenodeto eachof theotherpartitions.Thepartitionthatresultsin
thelargestgainwhile still meetingtoleranceandconstraintsis chosen.If thereis none,we
look atmoveswith 0 gainthatwill improvethebalance.Thebalanceis thetotalmagnitude
of theerrorsin theweightof thetwo partitions(balanceis explainedin Section5.5).

5.4 Partitioning of SRAM

SRAM storageis attachedto a chip, and is accessedby sendingmessagesthroughthe
SRAM routingprocessor. Sincethereareno messagessentacrossSRAMs,partitioningto
reduceedgesis not suitable,thereforewe usea differentscheme.We partitiondatain the
SRAMswith aseparatepassthatsortsthenodesthatcontainSRAM datain reverseweight
order(i.e., from largerto smaller)andkeepa list of SRAM binssortedby availablespace.
Theorderof binsis keptsortedusinga heap,sowe automaticallygetanevendistribution
of SRAM usageacrossthechips.

5.5 Balancing

Balancingis a key strategy which guidesthepartitioningprocessto keeptheintermediate
partitionswithin constraintsas the graph is partitionedusing recursive bisection. The
goal of bisectioningis to divide a set of nodesinto two subsetsof equalsize (or to a
specificproportion),which areevenly balancedin all theconstraints.It is very important
to achieve a goodbalancein eachlevel of bisectioningbecausethe repetitive application
of bisectioningto get a k-way partitioning causesany imbalanceto be magnified. The
tendency is to placeall of the imbalancein oneof the final partitions. This problemis
also not trivial becausethe resourcesto be balancedfor eachnodedo not usually have
amountsthatarerelatively proportionalto eachother. For example,anodemayhave large
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requirementsfor useof registersbut little requirementsfor useof memory. Fortunately,
thereare enoughnodesin a set that the algorithm shouldbe able to find a reasonable
balancein lineartimecomplexity.

In our balancingalgorithm,we make useof theEuclideandistancebetweentheresources
of thetwo partitions.We usea normalizederror functionwhich measuresthenormalized
vectordistanceof resourcesbetweenthetwo subsetsduringbisection.For example,if the
cumulative weightof 3 resourceson onesubsetis %'&)(+*,(.-)/ , theweightof resourceson
theothersubsetis %'01(.23(546/ , andthelimiting constraintsare %879(5:�(+;</ , theerroris:

	<=<> %@?BADCE /GFIHJ%@K�A�LM /NFOHP%RQSAUTV /GF
To considermoving anodefrom onesubsetto another, wecomputethenew weightsof the
subsets%'&6WX(+*)WX(+-�WY/ and %'0ZWX(+2�W[(54\WY/ andanew errorquantity:

	]WB= > % ?�^_ADCI^E /GF`HJ% Ka^bA�LB^M /NFOHP% Qc^_AUTD^V /NF
If 	]Wedf	 thenodemovementis carriedout.

We found that when the cumulative weight of a resourcewas larger than its limiting
constraint,e.g., & g 7 , we could improve the balanceamong the componentsby
applying a non-linearmultiplier to that componentof the distance. That is, if any one
error componentis disproportionatelylarge,we magnify theerror still further to give the
algorithmanincentive to reduceit. We useda multiplier thatwasnon-linear;a non-linear
functioncouldbeusedinstead.

Thefollowing exampleillustrateshow balancingworks.Ourgoalis to divideasetof nodes
into two bisections—partition1 andpartition2—with constraintsof (256,128,32) each.
Wehave8 nodeswith thefollowing resourcerequirements:

node1 (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)

whereeachtuplerepresents(memory, register, bit-register).In thefollowing steps,“weight
(partitionx)” representsthecumulativeweightof all thenodesin partitionx.

We begin with partition1 emptyandall nodesin partition2. We addnodes1, 2, 3, 4, 5, 6
to partition1 sincethatimprovesthebalance.

While addingnode6 (16,64,0) wehave thefollowing balancingcomputations:

weight(partition1) = (112,79,0)

weight(partition2) = (48,160,0))

	 = 0.519179

and

weight(partition1 + node6) = (128,185,0)

weight(partition2 - node6) = (32,96,0)

	]W = 0.394995

Note the non-linearpenaltyin registersfor partition 1 asit exceedsthe constraint.Still,
since 	]Wedh	 themovementof node6 is carriedout.

However, whenwe try to addnode7 (16,64,0), wehave

weight(partition1) = (128,185,0)

weight(partition2) = (32,96,0)

	 = 0.394995

and

weight(partition1 + node7) = (144,269,0)

weight(partition2 - node7) = (16,32,0)

	]W = 0.958943

The move of node7 from partition 2 to partition 1 is rejected.After rejectingnode8 as
well, we try to move backany nodefrom partition1 to partition2 to improvebalance.So
node1, 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 thebalanceof partition1 canbe improvedby moving nodes
from partition2, andthereforenode3 is movedbackto partition1. Thefinal resultof the
balancingphaseresultson thefollowing partitionsandweights:

partition1=
�
2, 3, 4, 6 �

partition2 =
�
7, 8, 1, 5 �

weight(partition1) = (80,132,0)

weight(partition2) = (80,107,0)

5.6 Partitioning in the Presence of Large Nodes

Thegraphusedin our partitioningprocessallowsmultiple IF treenodesto bemergedinto
oneIF graphnode.For somedesigns,a largenumberof IF treenodesmayendup being
representedin the onegraphnode,leadingto heavy resourcerequirementsfor thatnode.
We commonlyfind a numberof nodeswhoseresourcesarecomparableto thoseavailable
in a singleprocessor.

Graph nodeID: 133447, weight = (2080, 16, 1)
IF nodeID: $462746, opcode = MEM, width = 16384
IF nodeID: $1252331, opcode = REFX, width = 16
IF nodeID: $1252334, opcode = STOREIF, width = 0
IF nodeID: $3828369, opcode = REFX, width = 16
IF nodeID: $3828370, opcode = LOAD, width = 16

Figure 13: Example of a Large Node

Figure13 is anexampleof a largenode:a splicedarraythatmaybeplacedin a processor.
A splicedarrayis anarraythathasbeenbrokenupinto severalsmallerpartsof similarsize,
to be ableto fit into a processor. The splicedarrayrequires16,384bits (2,048bytes)of
storage(memoryusedin a processor).A referenceinto that splicedarray, of a storeand
load,is groupedwith thesplicedarray, leadingto requirementsof 2,080memorybytes,16
registersand1 bit-register. Thelargememoryrequirement(2,080outof the4,096x2bytes
availablein a processor)makesthis nodea largenode.

During bisection, large nodesneed to be taken into accountseparatelybecausethey
adversely affect any bisectionalgorithm usedto balancelike nodesduring the initial
partitioning.Oneof thepartitionswill oftenendupbeingtooheavy. Considerthefollowing
example.We aretrying to partitionthreenodesA (40,25,4), B (60,10,6) andC (30,25,
4) into two processorswith resourceconstraintsof (256,32,8) each.Thecombinedweight
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of the threenodes(130, 60, 14) fits well within the constraintsof a two-processorsized
partition (512, 64, 16). Therefore,it would be valid for earlierstagesof bisectionto put
them together. However, every possiblecombinationof A, B or C is boundto exceed
constraintsin at leastoneof theprocessors.Thebalancingstrategy describedearlierworks
finewhenthenodeweightsaresmallcomparedto thatof aprocessor. However, its efficacy
breaksdown whennodeweightsareof asimilar magnitudeasthatof aprocessor.

Thepartitioneravoids this problemby partitioninglargenodesin a separatepassprior to
the normal partitioning. They are distributedacrossthe processorsusinga round-robin
list, so that they do not createheavy partitionsat the processorlevel. Large nodesget
preallocatedat both the chip and processorlevels. Preallocationis performedso that
bisectioningdoesnot have to dealwith theselarge nodesandmake a chip or processor
heavy beyond correction. As a generalrule of thumb,a large nodeis onewhereat least
oneof the resourcerequirementsis 20% of the sizeof the adjustedavailableprocessor
resources.

5.7 Balancing Infeasible Partitions

After uncoarseningthe finestgraph,andprior to refinementof that graph,an extra pass
over thenodesin thegraphattemptsto balanceconstraintsof infeasiblepartitions.In this
pass,we only considerregisterandbit-registerresourcesthatarelarger thantheadjusted
availableprocessorresources.

We identify theheaviestnodeof theresourcethatis mostimbalancedin a giveninfeasible
partition. Then we attemptto swap this nodewith a nodefrom anotherpartition that
consumeslessresourcesaslongasthetargetpartitionremainsfeasibleandtheimbalancein
theinfeasiblepartitionis reduced.Notethatmorethanonenodemayneedto bemovedin
orderto makeaninfeasiblepartitionfeasible.Thisprocessinvolvesexhaustivecomparison
of nodes. However, sinceonly a few partitionsare infeasible,typically about3% of the
total numberof partitions,thetimecostis notprohibitive.

6 Implementation Details

Thepartitioneris written in C++, asis therestof thecompiler. Its input is anintermediate
codetreeof (IF) nodesimplementedasa linkedstructureon theC++ heap. Its outputis
thesamegraphallocatedto processors,chips,andboards.Thoughsuchaheapstructureis
well suitedto thevarietyof operationsrequiredduringcodegenerationandscheduling,it
hasanumberof disadvantagesfor thepartitioningprocess:
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� the nodescontainmuch datanot neededfor partitioning, increasingthe memory
usage,

� linking nodesandcreatingsetsusing linked lists consumesmore memorythan is
necessary,

� thegraphis widely spreadthroughoutmemory, causingpoorlocality whenaccessing
nodesandedges,and

� creatingnodesandedgesis a relatively expensiveoperation,requiringrepeatedheap
allocationof smallcomponents.

Graphsarerepresentedin a compactform, namely, with a set representedby a rangeof
indicesin an array. A 1:1 mappingof indicesand IF tree nodeid’s keepstrack of the
nodes. This is a commonrepresentationusedby graphalgorithms,and is much more
suitable for examining the connectionpropertiesof the graph. Nodesand edgesare
annotatedwith resourceconsumptionand,eventually, partitioninformation.Creatingsuch
a representationis straightforward andinexpensive, but modificationsto the graph,once
created,areexpensive. Weavoid thiscostby changingonly theannotationsoncethegraph
hasbeencreated.

A spaceoptimization is done during coarsening. If the changebetweentwo levels
of coarseningis small (3%), the changesare combined,and the intermediategraph is
discarded. This reducesstoragerequirementswithout significantly reducingrefinement
possibilitiesin theuncoarseningprocess.

All thresholdsfor partitioning (e.g.,3% coarsening,20% large nodes,etc.) weredeter-
minedempiricallyandcanbecontrolledat thecommand-lineof thecompiler.

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 maintainabilityof the codeis not an issuefor this paper, it
is importantto notethatsuchagoalwasobtainedin 15K linesof heavily-commentedC++
code(a50:50ratio of commentsto code).

7 Experimental Results

We report on experimentalresultsobtainedwhen running the PHASERcompiler on a
next generationSPARC processordesign,andcompareour partitioningalgorithmto that
implementedin thehMetistool.
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7.1 Experiments with 1, 2 and 4 CPU designs

Table1 showstheresultsobtainedby compilingseveralRTL designsfor anext generation
generalpurposeprocessor. Resultsfor 4 designsof differentsizesareshown: exu, oneof
the key modulesinsidethe CPU; 1 CPU, the designfor the CPU itself; 2 CPU,a multi-
processordesignof 2 CPUsof thesameprocessor;and4 CPU,amulti-processordesignof
4 CPUs.For eachdesign,thenumberof linesof Verilog code(LOC) aregiven,followed
by the numberof nodesin the intermediaterepresentation(Tr nodes),the corresponding
numberof nodesin thegraphthatgetspartitioned(Gr nodes),thecompilationtimesfor the
wholedesign(Compt) andthepartitioningtime(Part t), thememoryusagefor compilation
of thewholedesign(Compmem)andfor partitioningof thedesign(Part mem). The last
column,Speed,indicatesthe simulationspeedof the RTL designexpressedin termsof
numberof simulationcyclesper second.Simulationspeedis influencedto a large extent
by theeffectivenessof thepartitioneramongvariousotherparameters.

Design LOC Tr nodes Gr nodes Compt Part t Compmem Partmem Speed

exu 158,131 429,311 246,361 227s 31.4s 771.2MB 132MB 114kHz
1 CPU 1.87M 2,715,818 1,370,803 5,053s 728s 5,790MB 591MB 38kHz
2 CPU 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

Table1: Results

The resultswereobtainedin a lightly-loaded4-processormachinewith 900 MHz Ultra-
SPARC III processorswith 16 GB of mainmemoryand8 MB E-cache.

Thecompiletime appearsto bequadraticin thesizeof thedesignandit is dominatedby
theroutingphase,which is 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 times fasterthan hMetis. For smallerdesigns,the compile time
differenceis evenhigher. It shouldbenotedthatthehMetis implementationpartitionsthe
graphfor oneconstraintwhile the PHASERpartitionerpartitionsfor 5 constraints,and
that hMetis performedmulti-phaserefinement.This datawascollectedon a 8 processor
UltraSPARC II 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: Comparisonwith hMetis

Wecomparedthecachebehaviour of thePHASERcompilerandpartitioneragainsthMetis
usingcputrackona2 CPUUltraSparcIII, 1.2GHzSunworkstationwith 3 GB of memory.

Table3 reportsdataobtainedusingcputrackon acompleteprogramrun of hMetisandthe
PHASERcompilerusingtheexu designasinputdata.Thenumbersin tablearein millions.

hMetis PHASER

Total time 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/read% 6.2% 3.7%
E-Cacheref 26,516M 3,074M
E-Cachemisses 576M 71M
misses/ref% 2% 2.3%
I-Cacheref 41,625M 6,854M
I-Cachemiss 25M 11M

Table3: Cachebehaviour comparisonwith hMetis

As can be seen,hMetis executesabout 6-times more instructionsthan the PHASER
partitionerandtakes5-timesasmany cycles. hMetishasabout11-timesmoredatacache
read misses,8-times more E-cachemisses,and twice more I-cachemisses. The first
observation aloneseemsto indicatewhy the timing resultsfor hMetis arelarger. hMetis
hasaworsedatacachemissrate,but abetterE-cachemissrate.
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7.3 Experiments with different processor sizes

We alsoexperimentedwith how thesizeof theresourcesavailablein processorsandchips
affectedthesimulationspeedof a givendesign.Thisexperimentgivesussomeinteresting
insightsinto how theparallelismin thedesignto besimulatedinteractswith architectural
parametersof ahardwaresimulationengine.

Procbytes Regs Bitregs Procs/chip Result

8192 120 256 64 1 processorin 1 chip,1785.71kHz
512 64 8 64 8 processorsin 1 chip,1937.98kHz
512 64 8 8 8 processorsin 1 chip,1937.98kHz
512 64 8 4 8 processorsin 2 chips,1602.56kHz
512 64 8 2 8 processorsin 4 chips,1470.59kHz

Table4: Effectof processorgranularity

Table4 shows thataswe increasethenumberof processorsavailable,andreducethesize
of theprocessors,thepartitionerspreadsout thenodesto extractmoreparallelism—hence,
the increasein simulationspeedaswe go from 1 to 8 processors.However, assoonas
we crossthe chip boundaryi.e., reducethe numberof processorsper chip, chip-to-chip
communicationbecomesa factor. Chip-to-chipcommunicationis more expensive than
intra-chipcommunication.Thisexplainsthedropin simulationspeedaswemovetowards
morechips.

8 Conclusions

In this paper, we have describedour experienceswith the designof adaptationsto the
classicalmulti-level partitioningalgorithmin orderto partitioncodegraphsof millions of
nodesinto thousandsof processors.It wasourexperiencethattheexistingliteraturecannot
copewell with scalability;mostof the reportedliteraturedealswith experimentalresults
in theorderof up to 250,000nodes.We dealtwith graphsof up to 6 million nodes.Space
andtimeconsiderationswereimportantin our design.

Our experiencerevealedthat balancingof multiple constraintswas key to getting the
partitioningto work correctly;it wasalsothehardestpart to getright. Whendealingwith
multiple constraintsof irregular granularity, andwhen large nodesarepresent,standard
bisectioningalgorithmsdonotworkwell. WeusedanerrorfunctionbasedontheEuclidean
distanceof the weights of the two bisectionsbeing considered,to cater for multiple
constraints.We alsopre-assignedlargenodesto partitionsto dealwith largenodes.
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Thestructureof ouralgorithmreflectsthePHASERmachinetopologyof boards,chips,and
processors.Thissimplifieddealingwith oneextra constraint:thedifferentcommunication
costsat eachlevel of abstraction.

Last, this paperreportson experimentalresultsfor the partitioningof industrialdesigns
onto a real machine. Many challengeswere faced: the paperprovidesa solution to the
problem.
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