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Abstract

In this paperwe report experienceon a parallelimplementationof a standardcell placementalgorithmon a
clusterof myrinetconnectedPCs. The proposedalgorithmis basedon a recentlydevelopedplacementool (called
Feng Shui) thatextendsrecursve bisectionplacemento incorporateglobal aspectof the design. This is achieved
usinganefficientandnovel optimizationcallediterative deletion.We investigateseveralalgorithmicandsystem-lgel
optimizations.Contraryto previous attemptsat parallelizingplacemenglgorithms,initial experimentakesultsshav
significantperformancemprovementwith small reductionin the placemenquality. Furthermorethe reductionin
the placementuality doesnotincreasewith the numberof processors.

1 Intr oduction

With advancesin VLSI fabricationtechnology the size of circuits of interestshasbecomeextremelylarge andis
continuouslyexpanding. Physicaldesignautomationtools are neededo aid in designand layout of suchcircuits.
However, the size of the circuits presentsa similar challengeto the designautomationtools: they mustbe ableto
provide good quality layoutswith acceptableun times. In this paper we considerVLSI standardcell placement
— animportantanddifficult problemin physicaldesignautomation. The placemenimpactscircuit areasandwire
delaysprofoundly;a poor placementnay preventa circuit from operatingat an acceptablespeed or make too large
for the designfloor-plan. Furthermorejf the placementlgorithmhashigh complexity, we will be unableto obtain
a placementn anacceptablemountof time. Thisin turn mayforce usto sacrificethe placementjuality to achieve
fastermplacementime.

Parallel processingoffers the promiseof increasingthe performanceand capacityof placementools, enabling
themto provide bettersolutionsin fastertimes. The emegenceandcommercialucces®f clusteringtechnologiess
perhapghe mostexciting developmentyetin thefield of parallelprocessingit finally allows scalablecost-efective
parallelprocessingnachinedo be built [1, 3, 29]. Clustersapproachthe performanceof customparallelmachines

by usinghigh-performancé.ocal/Systemareanetworking technologiesandstandard¢suchasMyrinet [5], SCI[10,
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17] andothers[4, 36, 37]) andlow-overheadusetrlevel spacecommunicatiorprotocols(suchasthe Basiclnterface
for Parallelism(BIP) [15], Illinois FastMessagegIFM) [28] and others[11, 27]). Becausehey usecommodity
componentsglustersareaffordable,scalableandeasyto build [32].

This paperpresentour experiencesn parallelizinga state-of-the-arplacementool on a clusterof myrinetcon-
nectedworkstations. The algorithmusesstandardterative partitioning but augmentghatwith an iterative deletion
stepthatincorporateglobal aspectof the partitionin additionto the local optimizationsobtainedthroughthe itera-
tive bisectionstep.

The contributionsof this paperarethe following: (i) theinitial sequentiablgorithmis state-of-the-arboth from
arun-timecompleity andsolutionquality perspecties;(ii) the parallelimplementatiorprovidessignificantspeedup
while maintainingvery high quality solutionsregardles®f thenumberof processorsised.In contrastgxisting parallel
implementationgienerallysuffer significantdegradationin solutionquality; (iii) mostpublishedsolutionsarespecific
to an architectureand are not directly portableto a clusterervironment. To our knowledge, this is the first study
thatinvestigateshis importantproblemon a modernclusterervironment;and(iv) we investigateseveral algorithmic
optimizationsas well as system-lgel tradeofs in the implementation. This includesa study of the effect of the
Myrinet network [5] runningthe BIP messaggassingdlibrary relative to using 100 Mbit/sec switchedEthernetfor
communication.

Theremaindeof this paperis organizedasfollows. Section2 the placemenproblemandrelatedwork. Section3
discusseshe sequentiaplacemenalgorithmin moredetail. Sectiord presentshedetailsof the parallelimplementa-

tion. Section5 presentshe experimentaketupandresults.Finally, Section6 presentsomeconcludingremarks.

2 Overview and RelatedWork

Placementlgorithmshave beenextensiely studied; objectives suchas areaminimization, wire length mini-
mization, andtiming optimizationare common. For all but trivial problemsizes,we have only heuristicmethods;
optimizationis usually performedon only a small subsetof the circuit at ary giventime. If we perturba subsetof
circuit elementsye canoptimizea placementrom alocal perspeciie, but have no guarante¢hat our modifications
areappropriatdrom aglobal perspectie.

We considerthe problemof standarccell placement:the objective is to placerectilinearcircuit elementgcells)
into oneor morehorizontalrows, minimizing total wire length. Therearea numberof establishedpproacheso the
placemenproblem. For a comprehensie surwey, the readeris referredto the following paper[33]. Force Dir ected

or LP basedapproachesepeatedlysolve systemsof equationsdeterminingcell locationsiteratively (for example,
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[13]). This approachis popularin commercialplacementtools. Simulated Annealing basedapproachesbtain
cell placementdy swappingpositionsof cells randomly guidedby a probabilisticacceptancéunction. A number
of currentcommercialplacementenginesutilize this approach;efficient cost estimatesallow the consideratiorof
large numbersof intermediatestates. A well known example of this approachis TimberWolf[35]. Partitioning
basedapproachedeterminecell locationsby recursvely dividing aninitial area(region)with successie bisectionsor
guadrisectionsThis approacthasbecomemoreattractve recently;advancesn partitioningresearcthave provideda
numberof fastalgorithmswhich produceextremelygoodresults.This is theapproactusedin this paper

Breuer[q utilized repeatedgraphbisectionsto obtaina circuit placementihis approachis shavn in Figure 1.
The bisectionsdivide the circuit netlistinto a hierarchyof cells, with the resultinghierarchyroughly mappinginto
a rectilineargrid. Dunlop and Kernighan[12 extendedthis approachthroughthe useof animproved partitioning
method[20. Moving beyondsimplebisections SuarisandKedem[34 exploredthe useof quadrisectior{a four way
partitioning). Huangand Kahng[1§ also apply quadrisectionutilizing a multi-level clusteringbasedpartitioning
algorithm,andconsideringninimum spanningreelengths ratherthanthe simplemin-cutmetric.

Dunlop andKernighan[12] alsointroduceterminal propagation. When partitioning a region, we canexpecta
numberof connectiongo be requiredto cells or padsoutsideof theregion. Terminalpropagatiorprovidesa simple
methodto insertfixed“dummy” vertices sothatthe partitioningconsidergheseexternalconnectiongFigure2). With
terminalpropagationthe partitioningsof regionsbecomenterdependentf we begin with two regions,L andR, and
partition L first, this impactsthe optimal solutionfor R. Partitioning R first might resultin a differentsolution,and
neitherof thesamightbeglobally optimal,evenif theindividual partitioningswere. To addressheorderdependencef
the partitioning,both[34] and[16] employ repeategartitioningateachlevel. We mightwishto partitionL, followed
by R, andthenpartitionL a second time. Repeategbartitioningsdo not, however, changea local optimizationprocess
into aglobalone.

Becauseof the computationatompleity of placementtherehasbeensignificantinterestin parallelizingplace-



Figure2: Terminal propagatiorasperformedby Dunlop andKernighan.Whenrecursvely partitioninga netlist, we
caninsertdummy terminals to influencethe partitioner If a netspansmorethanoneregion, the locationof dummy
terminalscanimprove the placemenguality.

mentalgorithmssincethe 1980% (seefor example[8, 9,18, 21, 22, 23, 24, 26]; agoodsummaryis availablehere[2]).
Thesestudieshave experimentedwith parallelizingmostof the placemenalgorithmson avariety of parallelarchitec-
tures.Most of thesestudiesarequite old andarespecificto the architectureshatwereusedto testthem;it is difficult
to compareperformancelirectly with them. In addition, the objective functionsthat the differentstudiesoptimize
aregenerallydifferent. Furthermoreresearchn placemensuffersfrom thelack of uniform metricsfor reportingthe
results— wire lengthsare reported,but the resultscanvary by a multiplicative factor dependingon the underlying
assumptiongsuchascell spacingandthe methodof measuringvire length). This makesit difficult to fairly compare
the algorithms,even whenthe samemodelsare used. However, while directcomparisoris difficult, comparisorof
relatve measurebetweerthe sequentiahndparallelversionsof eachalgorithm(suchasspeedupandquality degra-
dation)arestill possible. In the following paragraphwe will overview someof the mostrecentof theseworks. In
Section5 they arealsoreviewedaswe compareour resultsto them.

Banerjees researchgroup hasdonethe most extensive work in the areaof parallel placementlgorithms. For
example,within the ProperPLACE CAD tool they discussa parallel placementalgorithm basedon simulatedan-
nealing[21]. In contrastto otherparallelplacemenimplementationsthey work with an abstractparallelmachine
modelallowing the implementatiorto be directly portedacrossdifferentarchitectures.They study sharedmemory
anddistributedmemoryimplementationsThe speedumcrosdifferentimplementationsverereportedon the ISCAS
benchmarksKoide et al presenta parallelimplementatiorof their POPINStiming drivenplacementool [23]. They
usea bisectionapproachsimilar to our own, with non-linearprogrammingusedin a secondohaseoptimization. The
parallelimplementationusessharedmemory In this study the drop of quality in the parallelimplementationwas

significant(anaverageof 14%).
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Figure 3: Flowchartof the placement@pproach.The partitioningandbranch-and-bounanprovementstepsarewell
known. New to the approachs the pre-processingerformedby iterative deletion.

3 Algorithm Formulation

This paperconsidergarallelizinga placementool (calledFeng Shui [38]) developedby two of the authors.Feng
Shi adaptsarecentlypresentegbartitioningapproactor k-way partitioning. It differsfrom thatsolutionin thatit uses
atechniquecallediterative deletion [25] to allow someglobalissueso be capturedresultingin improved placement
quality at significantly lower costthank-way partitioning. Feng Shui integratesa variantof k-way partitioning ap-
proachinto a traditionalframewvork. The generalflow of our placementool is asshowvn in Figure3. Whenfaced
with large numbersof regionsto bisect,iterative deletion is appliedfirst (to obtaina good quality global solution),
followed by repartitioningof regionswith a traditionalbisectionapproach(to improve solutionquality from a local

perspectie). Theremaindeiof this sectiondescribeshesestepsn moredetail.

3.1 Bisection

Theframework for theplacementool is atextbookimplementatiorof theapproachof DunlopandKernighan[12 The
circuitis repeatedhydividedby eitherhorizontalor verticalcutlines. A recentmulti-level clusteringbasedartitioning
algorithmhMetis[19, versionl1.5.3is used. At eachpatrtitioning, we attemptto obtaina nearly exact bisectionif
cutting vertically. If the cut line is horizontal(splitting a numberof rows), the rows are split asevenly aspossible.
If the region beingbisectedcontainsan odd numberof standardcell rows, fixed and weighteddummyverticesare
addedto allow a nearlyexactbisectionto be mappednto the available space.The partitioningobjective is min-cut;

the hMetis partitionerattemptgo minimizethe numberof cuthyperedges.



The recursve bisectionprocesdivides placementegionsinto progressiely smallerareasultimately assigning
eachcell to a singlerow, but possiblyhaving several cells remainingwithin a region. To establishpositionsfor each
cell, thecellsareorderedby region locationwithin eachrow; the cellsarepacledtogethemwithout spaceor overlap.
The positionsof cellswhich werewithin the sameregion will be arbitraryat this point; they werenot orderedby the
partitioningprocess.To optimizethesepositions,we apply branch-and-bounteorderingmodifying the positionsof
asmallsetof consecutre cellsin asinglerow.

Feng Shui allows the specificatiorof a“window size; controllingthe numberof cellsinvolvedin ary branch-and-
boundoptimization. This window passe®ver eachcell row (in order),traveling alongeachrow at stepsof half the
window size. At eachstep,the optimal orderfor cellsfound underthewindow is determined.The numberof passes
overthe placementandthe sizeof thewindow, areboth parametersvhich canbe controlledby the user In practice,
we find thatwindow sizesof 6 to 8 cells,and4 passe®f improvement,aresufiicient for goodoverall performance.
Increasinghewindow sizemayimpactruntimessubstantiallyasthe compleity of the branch-and-boungrocedure
is O(w!) worstcasewherew is the sizeof the optimizationwindow). In [7], a numberof waysto implementbranch-

and-boundeorderingsfficiently wereexplored.

3.2 k-Way Partitioning

Thefocusof ourwork hasbeenontheglobal aspect®f theplacemenproblem.With partitioning,we canoptimizethe
numberof edgescut within a region effectively, but have no way of knowing if this local optimizationis appropriate
from a global perspectre. Similarly, our branch-and-bounceorderings alsoalocal optimization.

A carefulexaminationof placemenby recursve bisectionrevealsa numberof instancesvhereglobal objectves
may be lost. The examplein Figure 4 shavs a simple casewherelocal optimizationis insufficient; thereare four
regionsto bisect,eachwith two cells. If the problemis approachedsa seriesof independenbisectionsa numberof
configurationsvhich areboth stableandsuboptimalcanbe encounteredThe sub-optimalityof the global solutionis
not relatedto the quality of the bisectionsof eachregion; simply improving the bisectionalgorithmwill notimprove
theglobal configuration.

As we progresghroughthe placemenprocessthe numberof regionsincreasesgdoublingrepeatedlylf thereare
k regionsthatareto be split (obtaining2k new regions),thetraditionalapproachs iterative, bisectinga singleregion
atatime. Instead,Feng Shui attemptshisectionof all regionsat the sametime, obtaininga solutionthatis of good

quality globally. The methodusedto performthis massve bisectionis basedn partitioningby iterative deletion[23.
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Figure4: Giventhe netlistabose, we may assignpairsof cellsto theregionsshown. If we partitionor apply branch-
and-boundeorderingto the four regions,we maybe unableto find anoptimalsolution. If we determingheordering
in region Ry first, we arrive at a stableandsuboptimalsolution. Repeatedocal optimization(throughrepartitioning)
will fail to find the globally optimalsolution.

3.3 NewFormulation — Iterati ve Deletion

To captureglobal objectiveseffectively, a variantof multi-way partitioning is used(ratherthanasa seriesof biparti-
tions). We partitionall regionssimultaneously, with the intermediatestateof eachregion influencingthe others.We
areconcerneavith partitioningverylargenumberf regions,andour costobjectiveis wire lengthratherthanmin-cut.
The problemwe consideris given a set of regions (with physical constraints) and a set of elements mapped to these
regions, bisect all regions to minimize the resulting bounding-box wire length. Solutionof this problemoptimizesthe
circuit from a global perspectie. Multi-way partitioninghasproven quite challenging[3]; for traditionalobjectives
suchasmin-cut, the greatessuccesfiasbeenobtainedwith recursve partitioning.

In [25], hypegraphpartitioningwasconsideredA new methodbasedon iterative deletion waspresentedin this
approachyerticesareduplicatedwith oneinstanceof eachvertex beingassignedo a partition. Redundanelements
areremovedoneatatime until no duplicatesemain.While theapproactwasrelatively simple,it provedeffectivein
someareaswvheretraditionalmethodshaddifficulty. For bipartitioning, cut sizesfrom a singlelineartime passwere
comparableéo mary passe®f atraditionalFM[14] algorithm. Multi-way cut sizesweresuperiorto a directflat multi-
way partitioningalgorithm[3]. For problemswith avariety of hyperedgeveights,acombinationof iterative deletion
andFM patrtitioningprovedsubstantiallymoreeffective thanFM partitioningalone.Theapproachs computationally
attractve: with integerhyperedgeveights,it maybeimplementedn O(n) time.

Our variation of the iterative deletionapproachfor placemenbperatesn the following manner Eachcell in a
regionis assignedo both subregjions;if thereis morethana singleinstanceof acell, it is consideredo beredundant.
We repeatedlyemove redundantellsfrom subrgionswhich have high utilization, andselectthe highestcostcell for
removal.

In the existing implementatiorof the placemenengine the cell costis evaluatedoasedon the centerof massfor
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Figure5: Two instance®f eachcell in the netlistaregeneratedandassignedo both subrejionsof any region. Cell
costsarebasedn the centerof massfor thevertices;high costcellsareremosedoneat atime from any region of the
entire placement problem. In this way, the partitioningis performedon a globalbasis ratherthanwith only a pair of
subrgyionsatatime.

thecomponentets.For eachnetn;, the centerof massfor this netis theaverageX andyY locationof the cellswhich
it connects.The costof ary cell ¢; is the sumof the distancedetweerthe cell andthe centerof massof eachnetto
which the cell is connected.In this way, a cell which is far from the centerof massof eachnetto which thecell is
connectechashigh cost. Eachregion hasa numberof cellsassignedo it, andan availablecapacity;redundantells
(thoseintroducedby iterative deletion)with high costsareremovedfrom theregion which hasthe highestratio of cell
areato capacity

Heapsareusedto maintainthe orderingof cellswithin ary givenregion andthe orderingof regions. In this way,
maintenancandcell selectiorarebothatworstO(log n) for eachcell removed. As thenumberof redundanelements
to beremavedin ary passs n, eachpasss O(nlog n). Regionsizesdecreasby afactorof 2 with eachpassyesulting
in alogarithmicnumberof passesequired.Thus, theiterative deletion portionof thealgorithmis atworstO(nlog?n).

To illustratetheiterative deletionprocesswe presentrigure5. In this figure, we duplicatecellscy, in region Ry,
andcell c; in region Ry, andassumehata netconnects; to ¢, andthata seconchetconnects; to a pad.

Theorderof cell deletionsin this figureis asfollows. Note that othercell deletionsmay beintersperseavith the

following; we focusonly onthesecellsto clarify theprocess.

The centerof massfor the netsconnectedo cell c; is closesto the pad;we remove theinstanceof ¢c; whichis

furthestfrom this location(asthis is theinstancewvhich hashighestcost).

The centerof massfor netsconnectedo cell ¢; is recalculatedandthisis propagatedo the othercells.

Netn; now hastwo instance®f c; andoneinstanceof ¢, connectedo it: thecenterof masdor thisnetchanges,

influencingthe costfor eachinstanceof c;.

An instanceof c; is removed.



4 Parallel Cell Placement

Theoptimizedsequentiaimplementatiorof the placementlgorithmdiscusse@bore wasinstrumentedo isolate
the portionsthatare mostcomputationallydemanding.The bulk of the executiontime wasspentin partitioningand
reorderingphases- iterative deletionupdatesontributedverylittle overheadaftereachpartitioningpass.Theparallel
implementatiorand optimizationsto it (boththosewe have alreadyimplementecand onesthatare planned)will be
discussedn this section. TheimplementatiorwasperformedusingMPICH runningon top of the Basiclnterfacefor

Parallelism(BIP) [30] onamyrinetconnectedPCclusterrunningLinux.

4.1 Parallel Partitioning

In orderto maintainthe global optimizationachiered by iterative deletion, parallel processings restrictedto the
growing list of regionsto be partitionedin eachpass. In the first passthe main region is partitionedby a master
processnto two. In the secondpbassthe resultingtwo regionsarepartitionedinto four in parallelby the masteranda
slave andsoon until theprocessolimit is reachedAs thelist grows, regionsabove a certainthresholdaredistributed

evenly by themasteramongall processesAn exampleis shavn in Figure®.
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Figure6: Parallel Partitioning

Initially, we implementedhedatadistribution usinga messag@erwork unit (i.e. region). Thus,the mastemwalks
the list and sendsa messagédor eachregion to the slavesin around-robin fashion. We optimizedthis implementa-

tion by generatinga messageer eachbatchof work units usingMPI’'s vector scatter-gather. Obviously, the latter



outperformsthe first becauset increaseshe computationgranularityby requiringthe masterto communicatdewer
messagewith largersize. Load balanceis maintainedby the aforementione@vendistribution of regionsandby the
factthatthe partitioningengineproducesalancedegion cutsaswell.

Becausé&/LSI CAD applicationgequirelargememoryspaceit is necessaryo utilize memoryefficiently. In order
to doso,unicastmastesto-slaze andbroadcastommunicatiormessageareusedto instructslavesto allocateonly the
spacerequiredfor storingandprocessingheir workloadin the roundrobin andvectorscattergatherimplementations
respectrely. Suchmessagemcur slight overheadhatis negligible for non-trivial placemenproblems.

An approximateanalysisof the parallelpartitioningfollows. Considera region of areaR to be partitionedinto N
regionsjustbelow thethreshold Assumingalinearruntime compleity of the partitioningengineandahomogeneous
distribution of circuit elementsif it takestime T, to partitionR, thenpartitioninga region of area%‘ requiresT—np. The
progressiorof region partitioningis modeledby thetreein Figure6. A sequentialmplementatiorperformsn steps,
with steptime T—rf at eachpassto partitionn regionsinto 2n regionswith a total time of T,. The numberof passes
is logz2N, andso the total amountof partitioningtime is T, -10g2N. On the otherhand,using P processorsthe first
logoP + 1 passehaven<=P andeachtakes% to complete(i.e. amaximumof oneregion perprocessoryvhile the
resthave n > p andeachtakesceil(n/p)x Ty/n to complete(i.e. ceil(n/p)regionsperprocessor)Thetotal time for the

first groupof passess:

|092P T
3% (1)
andthetotal time for therestis:
|ngN—1 T
=2 =L (logN —logP - 1) @)
i=logoP+1 P P

For machineswvith smallP, overawide rangeof problemsize,N is muchlargerthanP (i.e. the numberof passesvith
n <= p is muchlessthanthosewith n > P), andif logaN >> logzP + 1, thenthe total time is given by the second
formula andis approximatedy T—g -logzN. The bestcasespeedupsequential/paralleime) is hencelinearin the
numberof processors.

Costupdateandcommunicatiortimescouldbeincorporatedy time T, aftereachpass.Thetotal of this overhead
is thegeometricseriesandis givenby:

logopN—-1 (2(IogzN) —1)

i;) 2I'Tu=Tu'W=(N_1)'Tu 3)

SinceTy is largerin the parallelimplementatiordueto communicatioriime, theactualspeedugannoteexpected

to belinear.
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4.2 Parallel Reordering

Even Pass Windows

Odd Pass Windows

[ [T ouase

Individual cells

Figure7: ParallelReorderingPasses

Branchandboundcell reorderingis a secondphaseoptimizationthatis performedafter the placementtepto
improve the solutionquality. A reorderingwindow of a prespecifiedvidth in numberof cellsis slid acrosshe each
row in stepsof half the window size. All combinationsof reorderingsof the cells within the currentwindow are
consideredcandthe bestwindow kept. Thus, the smallestwork unit is the block of consecutie cells definedby the
reorderingwindow. The larger the window size the larger the block and the large the numberof cells considered
for reorderingat a time, but the smallerthe numberof blockssincerows are of fixed length. All cells excepthalf a
window’s worth at the beginning of eachrow areconsideredor reorderingtwice. To keepthis key for quality in the
parallelimplementationpnly non-overlappingblocksarereorderedn parallel. Thus,eachrow undegoestwo passes
of reorderingvhereawindow now movesatstepsof full size. Thefirst passconsidergvenblocksonly andthesecond
considerddblocksonly or vice versa.

The sameprinciplesfor partitioningload balanceand communicatiorare followed here;blocks are distributed
evenlyamongall processorsisingvectorscattergatherasshavn in Figure7. Becausehereis oftenalargenumberof
rowsin aplacementit is crucialto optimizememoryreallocation;allocatedmemoryis not releasedinlessthe space

requiredto hold blocksof anew row is largerthanthe availablespace.

5 Experiments

The parallelimplementatiorof the placementool wasevaluatedfor executiontime andquality of solutionon a

11



Benchmark|| Rows Cells Nets
fract 6 149 163
struct 21 1952 1920
primaryl 17 833 904
primary2 22 3014 3029
biomed 44 6514 7052
industry2 69 12637 | 13419
industry3 52 15433 | 21967
avgsmall 79 21918 | 30038
avglamge 83 25178 | 33298
golem3 117 | 100312 | 217362

Tablel: TheplacemenbenchmarkgonsideredThefirst four benchmarksarethe ISCAS Benchmarkcircuits. The
numberof rows usedwasdeterminedy the TimberWolf placemenandroutingtools.

Benchmark Wire Length RunTime (sec)
Sequential Parallel(ratio) | Sequential]| 2 Processors| 4 Processors| 8 Processors|

fract 66242 69498.4(1.05) 2.6 7 7 6.9
struct 775636 797647.6(1.03) 41.9 30.5 215 16.6
primaryl 1053258 1064441(1.01) 18.6 16.9 13.2 11.8
primary2 3747715| 3855615.4(1.03) 80.2 57.1 39.2 30.1
biomed 3382200 3514514(1.04) 162 111.8 79.4 64.5
industry2 15629154 16508315(1.06) 359.4 227.2 155.5 117.8
industry3 45088174 | 47757192.8(1.06) 538.6 338.5 218.1 157
avgsmall 6041243 6626165.6(1.1) 925.1 746.8 598.9 566.3
avglarge 6344469 | 7053757.8(1.11) 1006 788.2 645.5 603.9
golem3 88959019| 92830917(1.04) 3235.9 2191.2 1243.1 918.1

Table2: Wire LengthsandRun Timesfor the ParallelImplementatioriJsing Scatter/Gatheon Myrinet

clusterof eight550MHzPentiumlll workstationsTheclusteris interconnectedisinga Myrinet network; the Myrinet
LAN cardsusea LANai 7 33MHz processoiand 33MHz, 32-Bit PCI bus. The machinesare also connectedvia
switched100Mbit/secEthernet.n [38], Feng Shui’s performancavascomparedagainstommerciallyavailabletools
andfoundto producebetterresultswith smallerrun times. In this paper we only focuson the performanceof the
parallelversion.Unlesswe indicateotherwiseall resultsarethe averageof five runswith five differentseedsTablel
shavs thebenchmarksisedin the experiments.Thesebenchmarkspana wide rangeof circuits, up to andincluding
thelargestavailablepublic domaincircuits.

Table2 shaws the executiontimesof the parallelalgorithm (usingscatter/gather)Theseresultswere about30%
fasterthanour initial implementatiorwith roundrobin region distribution. The quality of the parallelversionis not
affectedby the numberof processorsThe degradationin quality is dueto the factthatthe region processings done
in parallelandin phasesThisis in contrastto the sequentialersionwheretheregionsareupdatedsequentiallywith
every subsequemntegion usingthe updatedvaluesof the regionsprocessedbeforeit. We notethatthe smallestmodel
(fract) suffers a slowdown in the parallelimplementationjts size makesthe communicatioroverheaddominatethe

executiontime. Note thateventhoughthe tableshaws the resultsfor 2, 4 and8 processorenly, the algorithmis not

12



restrictedto power of two processoconfigurations.

Theresultsuseareordemwindow sizeof 6. Aswewill shov later, awindow sizeof 6 wasfoundto providethebest
qualityto executiontime point (biggerwindow sizetook muchlongerto executeandprovidedmaiginalimprovement).
Thedropin quality wassmallfor mostbenchmarkglowerthan6%). The exceptionwasavglargeandavgsmallwhich
sufferedaround10%reductionin solutionquality. Thesetwo benchmarkslsodid not achiese goodspeeduplespite
their large size. We are currently looking more closely at their behaior to try to gaininsightinto their behaior;
otherstudiesreportdifficultieswith thesebenchmark$23]. Thereductionin quality is significantlysmallerthanthat
reportedn otherparallelplacemenstudies.For example,in onestudythe quality degradationof the parallelsolution
reached30% (with an averageof 14%)[23] on a 4 processostudy In anotherstudy the quality drop alsoreached

over 30%with anaverageof around20%. Both studiesonly reportresultson a subsebf the benchmarksisedin this

study

Speedup for the BIP Experiments

Golem3 —+—

Avglarge —--x-—
Industry3 ------
Industry2 -
35 | Biomed --m-

25 |

Speedup

1 1 1 1 1
1 2 3 4 5 6 7 8 9

Number of Processer

Figure8: Speedugor the Myrinet/BIP Experiments

Figure 8 shavs the speedupmbtainedby the parallelversionon selectecbenchmarks We notethat the speedup
generallyincreasesvith the sizeof the model;the largerthe modelthe largerthe granularityof the computation.The
only exceptionis avglarge— despitebeingthe secondargestmodel,it benefitdeastof the5 modelsshavn.

Table 3 shaws the run timesfor selectecbenchmarksising ethernetcommunication. The quality resultswere
identicalto the Myrinet version. Clearly, the performancas significantlyworsethanthe Myrinet version. This can

moreclearlybeseenin Figure9.
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Benchmark RunTime (sec)

Sequential| 2 Processors| 4 Processors| 8 Processors|
industry?2 359.4 283 229.7 212.6
industry3 538.6 402.9 309.1 263.9
avgsmall 925.1 894.6 816 772.9
avglamge 1006 946.2 872.6 842.3
golem3 3235.9 2328 1983 1635

Table3: Wire LengthsandRun Timesfor the ParallelimplementatiorlJsing Scatter/Gatheon Ethernet

Speedup Comparison between BIP and Ethernet

Golem3-bip —+—
Avqlarge-bip ---*%---
Industry2-bip ------

Golem3-ethernet &
35 | Avgglarge-ethernet —-m-
Industry2-ethernet ---o---

25 |

Speedup

Number of Processer

Figure9: SpeedupgComparisorMyrinet/BIP vs. Ethernet

Iterative deletionprovedusefulin thesequentiaversionof thetool, yieldingafew percenimprovemenionaverage
with asmallincreasen executiontime. We attemptedo verify whetheriterative deletionwill have thesameeffecton
theparallelversion.Table4 presentsheresultsof this study While iterative deletionresultedn 0.7%improvemenin
averageijt did performworsefor anumberof benchmarksMost notably thetwo problematidoenchmarkén termsof
speedumndquality degradationavgsmallandavglarge)sufferedthebiggestdegradatiorfrom usingiterative deletion.
Without thosetwo, theimprovementbecomed..4%.

We alsoinvestigatedhe effect of the size of the reorderwindow (from the default 6 to 8). The executiontime
rosesharplyfor all benchmarkshut the efficiengy of the parallelismfor thereordemortionof thealgorithmraisedthe
overall speedufgascanbe seenin Table5). We notehoweverthatthe gainin quality is mamginal; we would be better
off to executewith window size 6 sequentiallyratherthanwindow size 8 — the gainfrom the higherwindow sizeis

smallerthanthelossdueto parallelism.
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Benchmark Wire Length Improvement(%)
Without1D With ID
fract 68502 69498.4 -1.4
struct 804123 797647.6 0.8
primaryl 1084639 1064441 1.9
primary2 3914142 | 3855615.4 15
biomed 3506130 3514514 -0.2
industry?2 16488752 16508315 -0.1
industry3 48973501 | 47757192.8 25
avgsmall 6479309 | 6626165.6 -2.3
avglamge 6947883 | 7053757.8 -15
golem3 96020944 | 92830917 3.3

Table4: Effectof Iterative Deletionon the Parallel Execution

Benchmark Window Size
6 8

Time | Speedup| WireLength | Time | Speedup| Wire Length
struct 16.7 25 789777 | 34.3 3.32 782683
primary2 30.2 2.65 3863183| 77.8 3.69 3852182
biomed 64.3 2.52 3494020| 110 3.22 3472616
industry?2 117.9 3.04 16444527 | 301.1 4.1 16380765
avgsmall 561.1 1.64 6670242 | 749.7 2.88 6603005

Table5: Effectof ReordingWindow Size— 8 Processors

Theseresultsrepresenwhatis very muchawork-in-progressWe expectto further refinethe existing implemen-
tationin the following ways. Currently the region list is relayedbackto the masterat the end of every partitioning
stepto updatethe dependenciedeforeresendinghe resultsback out to the slaves. This causesa lot of redundant
communicatioraswell asa sequentialvalk of thelist. The next stepis to allow a parallelwalk of the list andupdate
of theregionsby doinganall to all exchangejnsteadof the “reduction” backto the mastemprocessFromthe quality
perspectie, we areworking on maintainingthe sequentiatlependenciessinga “wavefront pipeline” scheme.This

formulationshouldproducethe samequality asthe sequentialersion,althoughthe speedupvill notbeashighasthe

currentformulation.

6 Concluding Remarks

With the exponentialgrowth in the size of circuits underfabrication,efficient physicaldesigntools are needed.
Parallel processingffers the promiseof increasingthe performanceand capacityof thesetools. The emegenceof
clustersascost-efective scalablehigh-performanceomputingplatform bringsthe long overduepromiseof parallel
processindo the mainstreamThe investigationof parallelizationof physicaldesigntoolsusingclusterss timely.

In this paper we presentedxperienceswith parallelizinga state-of-the-arplacementool on a clusterof work-
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stations.The sequentiatool provideswire lengthscomparabldo thoseof awell known commerciakool, andresults
reportedor thetool Capo indicatethatplacementarenotdifficult to route. Thesequentiaimplementations efficient;

the growth in run timesis nearlylinearwith the size of the circuit. Thetool usesa novel iterative deletionapproach
to allow the consideratiorof global objectivesfrom within a traditionaltop-dovn placemenframewvork. For more

detailspleaseeferto thefollowing paper{38].

Contraryto otherefforts at parallelplacementwe wereableto obtainsignificantimprovemenin performancevith
minimal degradationin the quality of the layout. Thedegradationin the quality of the solutiondoesnotincreaseawith
thedegreeof parallelism.We exploredseveralalgorithmicandsystenmoptimizationsandevaluatedheimplementation
onamyrinetaswell asa switchedEthernemnetwork. We arestill in the procesf optimizingtheimplementatiorand
arehopefulof achieving higherspeedupn time for thefinal versionof this paper

We expectto continueto refinethistool bothfrom animplementatiorandfunctionality perspecties. For example,
timing drivenplacements asignificantconcerrfor moderndesign.We arecurrentlyworkingwith anindustryresearch
groupto evaluatethe performanceof our approachon large designsunderrealisticdelayrules. We note that delay
optimizationis perhapamoreof a global phenomenahanwire lengthminimization: meetingtiming objectvesmay
requiremodificationgn mary areaf aplacementandreductionsn delayfor somenetsmayrequireincreasedlelay

in others.
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