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Abstract

Iterative-improvement2-way min-cut partitioningis an importantphasein mostcircuit placementools, and finds
usein mary other CAD applications. Most iterative improvementtechniquedor circuit netlistslike the Fiduccia-
Mattheyses(FM) methodcomputethe gainsof nodesusinglocal netlistinformationthatis only concernedvith the
immediatamprovemenin thecutset.Thiscanleadto misleadinggaininformation.Krishnamurthysuggestedlooka-
head(LA) gaincalculationmethodto amelioratethis situation;however, aswe shaw, it leavesroomfor improvement.
We presentherea probabilisticgain computationapproachcalled PROP (PRObabilistic Partitioner) thatis capable
of capturingthe future implicationsof moving a nodeat the currenttime. We also proposean extendedalgorithm
SHRINK-PROP that increaseghe probability of remaving recently“perturbed” nets(netswhosenodeshave been
movedfor thefirst time) from the cutset.Thisis necessarysincein aregularmove processtheremoval probabilities
of mostnetseitherremainunchangear even decreasevhentheir nodesare movedfor the first time. Experimental
resultson medium-to large-sizeACM/SIGDA benchmarlcircuits shov that PROP and SHRINK-PROP outperform
previousiterative-improrementmethoddike FM (by about30% and37%, respectiely) andLA (by about27% and
34%,respectiely). BothPROPandSHRINK-PROPalsoobtainmuchbettercutsizedhanmary recentstate-of-the-art
partitionerdike EIG1, WINDOW, MELO, PARABOLI, GFM andGMetis (by 4.5%to 67%). We alsoshaw thatthe
spaceandtime compleities of PROP and SHRINK-PROP arevery reasonableOur empiricaltiming resultsreveal
thatPROP is appreciablyffasterthanall recenttechniquesxceptGMetis—all otherpartitionersincluding ourswork
onflat netlists,while GMetisuseanultilevel clusteringwhichis a paradignorthogonato basicpartitioning,andcan
be usedin conjunctionwith arny partitioner Further PROPis only alittle slowerthanFM andLA, bothof which are
veryfast(but give sub-optimatesults). SHRINK-PROPis abouttwo timesslowerthanPROR, but still fastetthanmost
recentpartitioners.We alsoobtainresultson the morerecentlSPD-98benchmarlsuitethatshav similar substantial
mincutimprovementsby PROP and SHRINK-PROP over FM (24% and 31%, respectiely). It is alsonotevorthy
that SHRINK-PROP's resultsare within 2.5% of thoseobtainedby hMetis, one of the bestmultilevel partitioners.
However, the multilevel paradigmasmentionedabove, is orthogonalto SHRINK-PROR Further sinceit is a “flat”
partitioner it hasadvantage®ver hMetisin partition-drivenplacemengpplications.
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1 Intr oduction

VLSI circuit partitioningis animportantproblemin desigrautomatiorof VLSI chipsandmultichipsystems.
It isusedto reduceVLSI chipareareducaghecomponentountandthenumberof interconnecti multiple-
FPGAiImplementatiorof largecircuitsor systemstacilitateefficient parallelsimulationof circuits,facilitate
designof testsfor digital circuits andreducetiming delays. A commonlyusedapproachto solving the
partitioningproblemis to initially obtaina min-cut2-way partition of the circuit in which it is partitioned
into two subsetsuchthatthe numberof netsconnectinghodesin differentsubsetss minimized. Thereis
generallya balancecriterionwith respecto the numberof nodesor componentshatcanbe placedin ary
onesubsetfor example ,equalnumberof nodesor componentén bothsubsetspr no morethan55%of the
nodesin ary subset.Eachsubsetis further partitionedinto two smallersubsetsvith a minimum cut, and
soforth until we have recursiely partitionedthe circuit into eithera prespecifiechumberk of subsetgthus
obtaininga k-way partition), or until eachsubsehasvery few nodessay 2 or 3, in it. If we areinterested
in minimizing chip layoutareathenatthis pointwe know the approximatglacemenbdf nodesonit sothat
wiring andthuslayoutareais minimized. Othergoalslike timing minimizationcanalsobe achieedin a
similar mannetby assigningappropriataveightsto differentnets,andby changinghe optimizationmetric
for the partitioner(e.g.to min-max).

Formally, the k-way min-cutpartitioningproblemcanbestatedasfollows. Letacircuit C' berepresented
by ahypegraphor netlistG = (V, E), whereV is thesetof nodesthatrepresentomponentsf the circuit
and E the setof hyperedgeshatrepresenthe netsof the circuit. Eachhyperedgeor netconnectdwo or
morenodestogether;generallythe outputof a nodeis connectedo theinputsof several othernodesby a
net. We will representinetn; asa setof the nodesthatit connectsWe denotethe numberof nodesn V
by n, the numberof hyperedgesn E by e, the averagenumberof netsthata nodeis connectedo by g,,
the averagenumberof nodesthata netconnectdy ¢., andthe averagenumberof neighborsof a nodeby
d = ¢n(ge — 1)—anodeu is saidto beaneighborof anothemodev, if uw andv areconnectedy acommon
net.A k-waypartitioningof G is asetof subsetP* = {Vi, Vs,..., V;} of V suchthateachv € V belongs
to exactlyoneV;. Letr; andry betwo numberdetweerD andl suchthatr; < ro, 7 < 1/k andry > 1/k.
Then,an(r, r2)-balancedk-partition of G is definedasa k-partitionin whichr; < |V;|/n < ry for each
subsef/; of P*. We assumehatall nodeshave unit size;the balancecriterionis easilychangedo reflect
sizeconstraintonthe subsetsvhenthisis notthecase.The cutsetof a k-way partitioningis definedas

Ecyt ={nt € E | Ju,v € ngs.t.u € Vi,v € Vj,i # j}

In otherwords,thecutsetE,,; is thesetof netsthatconnechodesbelongingto differentsubsetsf P*. The

costor sizeof the cutsetof P* is definedas

k
cost(P*) = Z c(ny), where ny € Eqyt
=1



Here c¢(n;) is the costor weightof netn; thatdependon the criterion we aretrying to optimize when
partitioninga circuit. For example,if our goalis to minimize layoutareaof the circuit on a VLSI chip,
thenc(n;) is thewidth of netn;. If power minimizationis the goalthenc(n;) o« the switchingprobability
of the nodedriving n; [10]. For timing minimization,a netis assignedveight proportionalto the longest
delaypaththroughit to ensurethatthe lengthof critical or nearcritical netsare kept asshortaspossible
[12, 27, 21]; in this casethe optimizationmetricsproposedor partitioningare (weighted)mincut[27, 21]
andweightedmin-max[12].

Recursie 2-way partitioningis anefficientandpopularapproacho obtainingk-way partitionsfor & > 2
[9, 20, 30, 36, 35]. We will thusbe concernecherewith the 2-way min-cut partitioning problem. Since
2-way min-cut partitioningis NP-completd19], a numberof approximateschemesare beenproposed.
Theseinclude iterative improvementmethods[16, 17, 23, 24, 29, 3(], simulatedannealing31, 32] and
clustering-basetechniqued7, 5, 18, 20, 28, 29, 36, 35]. An excellentsurey on partitioningtechniques
appeardn [6]. In iterative improvementwe startwith arandom2-way partitionof thecircuit, anditeratively
improve it by eitherswappingpairsof nodesbetweerthe subsetspr moving onenodeat atime between
themsothatthe cutsetsizeis reduced.Clustering-basedethoddry to find naturalclustersin the circuit
andthenassignthemto the two subsetgherebyreducingthe cutsize. Iteratve improvementmethodsare
alsosometimesisedasa preprocessinghasefor clusteringasin [7, 35,36]. Thusmincutpartitioningusing
iterative improvementis a fundamentatool in obtaininggoodVLSI cell placement.

A numberof iterative min-cutmethodgor graphor hypegraphpartitioninghave beenpreviously pro-
posed16, 17, 23, 24, 29, 30]. KernigharandLin proposedhewell-knonvn KL graphpartitioningalgorithm
usingpair swapsto improve arandominitial 2-way partition[23]. SchweilertandKernighanextendedhis
algorithmto one(SK) thatcanhandlenetlists[30]. FiducciaandMattheysesgave a similaralgorithm(FM)
for netliststhatalternatelymovessinglenodesbetweerthetwo subset®f the partitionasopposedo swap-
ping nodepairsat a time; this makes the processmoretime efficient [17]. They alsoproposedefficient
datastructuredo obtainfastpartitions. However, thesedatastructuresassumehat netshave unit costsor
weights. If thisis notthe case aswhena circuit is partitionedto minimize power dissipationon intercon-
nectsor to minimize circuit delay[27, 21], thenthe partitioningprocesss muchslower, sincethe bucket
datastructureof [17] canno longerbe usedfor storingnodesorderedby their gains. Dutt improved the
time complity of the KL algorithmby discovering a resultthat establishedhat only a particularsubset
of O(d?) nodepairsneedto be searchedn orderto determinethe bestnode-pairto swap, whered is the
maximumnumberof neighborsof ary node[16]. This neighborhoodsearh stratgy wasincorporatedn
the Quick Cut (QC) algorithm, which hasa worst-casdime compleity of ©(max(ed, elogn)), andan
average-caseompleity of ©(elogn); theKL algorithmhasatime compleity of ©(n? logn).

Thenode-gaircalculationsn all theabove algorithmg(KL, SK, FM andQC)useonly localnetlistinfor-
mation,andthis quite oftengivesinaccuratendicationsof the potentialimprovementthatcanbe obtained



by moving a node(or swappinga nodepair), especiallysoin the caseof hypegraphs.In [24], alookahead
(LA) gaincalculationwasemplo/edto capturemoreglobalinformation. It givesbetterpartitionsthanFM,
but requiredarge amountf memory aswill bediscusseahortly thusrenderingt infeasibleor very slov
(dueto frequentpageswaps)for useon medium-to large-sizecircuits. Somepre-clusteringechniques
have beenproposedn [34, 29] to remedytheweaknes®f FM andKL in gettingtrappedn local minimafor
large circuits;thetechniquesn [29] applydirectlyto graphsthoughthey maybeextendibleto hypegraphs.
Very goodresultshave beenobtainedat the costof considerableCPU time increasesandimplementation
compleities.

In this paperwe present preciseprobabilisticgain calculationmethodPROP (for PRObabilisticParti-
tioner),andanenhancealgorithmSHRINK-PROPthatcapturemoreglobalandfuturisticinformationthan
FM or LA. We shaw by a simpleexamplethat PROP selectsbetternodesto move thaneitherFM or LA.
We alsoruntestson circuit netlistsfrom the ACM/SIGDA andISPD-98benchmarlsuites which shaw that
PROP performsan averageof 30%betterthanFM and27% betterthanLA, while SHRINK-PROP obtains
about37% and 34% betterresultsthan FM andLA, respectiely. We alsocompareour methodsto some
of the morerecenttechniquedike EIG1 [20], WINDOW [7], PARABOLI [28], MELO [5] and GMetis
[4]. Resultsshaw thatour new techniquesalsoperformssignificantlybetter(by 4.5%to 67%)thanthese
techniques.

The restof this paperis organizedasfollows. In Sec.2 we discusstwo previous relevant iterative
improvementmethodd=M andLA. Section3 discussetheprobabilitygainformulationof PROPandderives
its compleities. Sec.4, we presentan enhancedlgorithm SHRINK-PROP that attemptsto obtainlower
cutsizedy increasinghe removal probability of recently“perturbed”nets. Section6 presentdhe cutsizes
obtainedby PROP and SHRINK-PROP on medium-to large-sizeACM/SIGDA andISPD-98benchmark
circuits, andcompareghemto the resultsof variousclassicaland state-of-the-artechniquesuchasFM,
LA, WINDOW, EIG1,MELO, PARABOLI, GFM, GMetisandhMetis. Conclusionsrein Sec.7.

2 Previouslterati ve-ImprovementMethods

Here we briefly describethe netlist partitioning processand node-gaincalculationsusedin the FM and
LA algorithms. Assumethattherearen nodesin the hypegraphG, andthatit is being partitionedinto
{W1, Va}. TheFM gaincomputatioris asfollows [17]. For eachnodeu, let I(u) bethesetof netsto which
u is connectedhatlie entirelyin u’s currentsubsetand E(u) bethesetof netsthatbelongto the cutsetand
for which « is theonly nodeconnectedo themin u’s partition. Thenthegain of u is givenby

gain(u) := Z e(n;) — Z c(n;) Q)

n;€E(u) n;€I(u)

This gain definition of a nodeis the decreasen the cutsetcostif it is moved to the other subset. The
partitioningprocesproceeddy determiningthe next bestnodewu; to move in theith stepasfollows. The
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“unlocked” node(initially all nodesareunloclked) with the maximumgainin eithersubsetis determined.
If thebalancecriterionon thetwo subset&€anbe maintainedaftermoving this nodefrom its currentsubset
to the otherone, it is chosenasthe nodewu;. Otherwise,the unlocked nodewith the maximumgainin
the othersubsetis chosenasu;. Nodeu; is thenmovedto the othersubsetand“locked”, andthe gains
of all its neighborsare updated. After all nodesare moved andlocked in this manner all prefix sums
Sy = Zle gain(u¢) arecomputedandp is choserso thatthe partial sum S, is the maximum. The set
of nodesthatareactuallymovedarethen,{u, ..., u,}. Thiswholeprocesss calledapass A numberof
passesire madeuntil the maximumgain G,,,, oObtainedis 0. This solutionrepresents local minimum.
Empiricalevidenceon whatarecurrentlyconsideredmallgraphs(hundredgo thousand®f nodes)shavs
thatthe numberof passesequiredto achieve alocal minimais two to four [23, 17]; for largergraphg(tens
of thousand$o morethana hundredthousanchodes)this numberis about8 for the FM algorithmand10
to 12 for moresophisticate@lgorithmslike PROP.

As mentionedabore, gain(u) is theimmediatedecreaséor increasef it is negative) in the cutsetsize
thatwewill obtainonmoving u to theothersubsetHowever, it maybebeneficiako give anodewith higher
potentialgain but lowerimmediategainpriority over onewith muchlower potentialbut a higherimmediate
gain. Krishnamurthydevelopeda schemethat estimateghe potentialgain by using a “lookahead”gain
vectorfor eachnode[24]. Considera gainvector gain(u)[k] of nodeu with k elementsandassumehat
u € V3. Theith elementof the vectoris definedas the numberof netsconnectedo « that belongto
the cutsetandto which ¢ nodesin V; (including ) are connectedninusthe numberof netsin the cutset
connectedo u thathave i — 1 nodesof V, connectedo them. A gainvectora is saidto be greaterthana
gainvectorb if eithera[l] > b[1] or if thereexits ani < k suchthata[j] = b[j] forall1 < j < 7 and
a[i + 1] > b[i + 1]. In practice,alookaheadralueof k = 2 to 4 givesthe bestresults,and consistently
givesbetterresultsthanFM. However, the memoryrequiremenbf the LA methodis O (p~,...), wherepyq.
is the maximumnumberof pinson a node. Thusfor circuitswith with evena smallnumberof nodeswith
mediumto large connectiities, it canbecomepracticallyinfeasibleor very slow to usealookaheadf even
3. Thisis demonstratethy our experimentakresults(seeTable5 in Sec.6) which shav thatthe CPUtime
morethandoubleswhenincreasinghelookaheadrom 2 to 3, andalsothatthis time is morethanthat of
our moreinformedalgorithmsPROP andSHRINK-PROPR.

Figurel illustratesthe differencedetweerFM, LA andthe probability-basednethodPROP. Here,we
discusghe gainfunctiondifferencesbetweer-M andLA; thedifferencedo PROParedescribedater For
simplicity, only nodesin V; areconsideredandall netsareassumedo have unit cost. FM will give nodes
1,2 and3 againof two, 10and11 a gain of one,andall the othernodesshavn a gainof -1. Sincenodes
1, 2 and 3 have the samegain, FM canvery well chooseto move nodel first. However, it is easyto see
from thefigurethatbothnodes? and3 arebettercandidateso move first, sincemoving eitherof themwill
male it easierfor either8 and9 or 10 and11 to be moved laterandthusobtaina greaterreductionin the
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Figurel: Illustrationof theimprovementof PROP overthe LA andFM algorithms:(a) FM andLA-3 gains(the
latteris only shavn for nodesl, 2 and3). (b & c) Probabilisticgainsandnode-maee probabilitiesafter (b) thefirst,
and(c) thesecondterationof nhodegainandprobability calculation.

cutset(i.e., nodes2 and3 have a betterpotentialgainthannodel). The LA algorithmis ableto do better
thenFM in thisregard. Assuminga lookaheadf 3 (LA-3), thenodegainvectorsfor nodesl, 2 and3 are
asfollows: gain(1) = (2,0,0), gain(2) = (2,0,1) andgain(3) = (2,0,1); seeFig. 1(a). Thusby this

gain calculation,node2 and3 are correctlyportrayedasbeingbetterthannodel. A little thoughtshould
alsocorvincethereadeithatnode3 is abettercandidatéo move thannode2. Thereasoris thatbothnodes
10 and 11 (to which node3 is connectedvia netn;i;) arethemseles bettercandidatedor moving than

nodes8 and9 (thatareconnectedo node2 via netnig)—moving nodesl0 and11 (afternode3 hasbeen
moved)reduceshecutsetby threenets(ns, ng andn;; ), while moving nodes8 and9 (afternode2 hasbeen
moved),resultsin a cutsetreductionby only onenetnyg. Thus,neitherFM nor LA areableto completely
distinguishbetweemodesl, 2 and3 asshavn by their gainvaluesin Fig. 1(a) (increasinghe lookahead
of LA beyond 3 doesnot changethis) in spite of the fact thatintuitively the distinction betweenthemis

olvious. The primaryreasorfor thisis thatneithermethodis ableto accuratelypredictthe future stateof a

net. The probability-basednethodthatwe have devisedis ableto seethe likelihoodof future eventsmuch

better andis describedhext. We will discusgheabaove examplein the contet of this methodin Sec.3.4.

3 The Probabilistic-Gain Partitioner

The probability-basednethodPROP determinedhe bestnodeto be moved at ary pointin the partitioning
stageusingmuchmore global andfuturistic informationthanLA or FM. We associatavith eachnodeu
aprobabilityp(M (u)) [abbreviatedasp(u)] of theevent M (u) thatu will be actually movedto the other



Procedure PROP(G);
/* G is thehypegraphto be partitioned*/
Begin

1. Eitherrandomlyor usingsomeclusteringtechniquegpartitionG into two equal(or almostequal)sizedsubsets
V1 andVs.
Repeatthefollowing steps(eachiterationof thesestepss apas$ until thegainG,,., Obtainedaftera passs
lessthanor equalto O.
For eachnodeu, eitherlet p(u) = pini:, Or determinehe p(u)s from thenodes’deterministicgains.
For eachnode iteratethroughthegaincalculationstepsusingEqns.(5) and(7), andp(u) calculationiter times
RepeatSteps6-8 until all nodesarelocked,or no moremaovescanbe madeto meetthe balancecriterion.
Selectthe nodewu with the bestgainin either subsetto be move to the other subsetif the (r;,r2)-balance
conditionis notviolated.Otherwisemovethebest-gaimodeu from thatsubsefor whichthebalancecondition
is notviolated.
Notetheimmediategainof thecurrentmove.
Lock all nodesmovedin the currentiteration,andupdatetheir unlocked neighborsasdescribedn Sec.3.5.
Computethe prefix sumsof the immediategainsof all movesmadeand note the maximumG@G,,,, of these
sums.
10. If Gipaz > 0then begin

If Gaz COrrespondso the pth move then actuallymalke only thefirst p moves
end
elseexit

End.

oukw N

©ooN

Figure2: Theprobabilistic-gairbasedpartitioningalgorithmPROP

subsetin the currentpassof the partioningprocess. Note that M (u) is the eventin which u belongsto
the subsetof actuallymoved nodes;it is not the eventin which u is the only moved node. From p(u),
we computethe probabilistic(or potential)gains(hereafteronly termedgain) g(u)s of the nodes,which
givesusanaccuratandicationof the benefitof moving themto the othersubset.An importantquestionis
how to obtainthe nodeprobabilitiesp(u)s in thefirst place. The obvious answetto thisis thatthey should
be computedirom their respectre (probabilistic)nodegains—highetthe gain, highershouldbe a nodes
probability of beingactuallymovedto the otherside. However, we needto startoff this procesf chicken-
and-gg interdependenycbetweengainsand probabilitiessomeavhere,andwe do so by first determininga
roughestimateof thep(u)sin oneof two ways.In thefirst method atthe beginningof a passwe “blindly”
assignall nodeghe sameprobabilityp;,;:. In the secondmethod we first determinghedeterministiagains
gain(u)s of nodesasgiven by Eqgn. 1 for the FM method. From thesedeterministicgains,we determine
the initial probabilitiesof the nodes(functionsfor determiningprobabilitiesfrom gainsare discussedn
Sec.3.3). Thismethodgivesusreasonabléirst-cutprobabilityestimates.

Oncewe have this initial probability (by eitherof the above two techniques)we computethe (proba-
bilistic) gainsof nodesasexplainedshortly Fromthesegains,we recomputethe nodeprobabilities,and
from thesewe obtainmoreaccuratenodegains.This cycle cancontinuefor afew iterations thoughthe best
resultsare obtainedfor only oneiteration;seeSec.5.1 for an explanationof this phenomenonAfter this

!Notethata nodeis actuallymovedfrom its original subseto the otheronein aniterative-improrementschemdike KL, FM
andPROR if its “virtual” move lies within the rangeof the maximumprefix gainthatis computedafterall nodesare (virtually)
moved. Nodesbeyondthis rangearenot actuallymoved andrevert backto their original subset.



initial procesds completedwe move nodeswith the bestgainsbetweenthe two subsetgustlike in other
iterative improvementmethods.After eachmove, we updatethe nodegainsandprobabilitiesasexplained
in Sec.3.5. Also, with eachmove we notethe immediategain achieved, which is the numberof netsthat
areremoved from the cutsetminusthe numberof netsthatareintroducednto it on thatmove. At theend
of the currentpasswe actuallymake movesto thatpoint which givesthe maximumprefiximmediategain,
asin FM andLA. Notethatthe probabilisticgainis usefulin determiningwhich nodesto move that will
ultimatelyyield themostimprovementin the cutsetthoughtheimmediategainof thatmaove mightbesmall
or even nggative; dueto moving sucha nodeat the presentime, we expectthat somefuture moveswill
have largeimmediategains.lt is this determinatiorof probabilisticgainsof nodesjnitially, andafterevery
mave, thatis the key to obtainingmuchbetterperformancehanprevious deterministic-orimmediate-gain
basedteratve improvementmethoddike FM andLA. The partitioningalgorithmis describedormally in
Fig. 2.

3.1 The SampleSpaceof Node Moves

Beforedescribinghow nodegainsarecomputedrom nodeprobabilities we establishthatgivenary setof
node probabilities,the samplespaceof eventsrepresentingubsetof nodesthat areactuallymaovedin a
passis a valid probability space.All discussionsn this andlater sectiongrelateto a singlepass.Further
when&er we referto the move of a node(andthe probability of a move), we meanthe actualmove of the
node notits virtual move (all nodesarevirtually movedin aniterative-improsementtypeapproach.).

We first describesomeconceptsof conditionalprobabilities[33]. Let A and B be two eventswith
probabilitiesp(A) andp(B), respectiely, of occurring.Theevent AB is onein which botheventsA and B
occur andits probabilityis denotedy p(AB). p(A | B) istheconditionalprobability of event A occurring,
giventhatevent B hasalreadyoccurredlf theoccurrencef B raiseqlowers)thelik elihoodof A occurring,
thenp(A | B) > p(A) (p(A | B) < p(4)), andif theoccurrencef B doesnot affectthelikelihoodof A’s
occurrencethenA is saidto beindependentf B, andp(A | B) = p(A). In generaltheprobabilityp(AB)
of botheventsA andB occurringis givenby p(AB) = p(A | B) - p(B); whenthey areindependenthisis
justp(A) - p(B).

Let the setof nodesbe V. = V; U Vo = {u4,...,u,}, andthe probability that nodewu; movesbe
p(ui),0 < p(u;) < 1; thusl — p(w;) is the probabilitythatw; is not movedin the currentpass.Thuswith
ary event,representinghe subsebf nodesactuallymovedin a passwe canassigntwo possibleoutcomes
for eachnode:eitherit is actuallymovedto the othersideof the partitionor it remaingn its currentside.

Theorem 1 Givenany setof nodeprobabilities,the samplespaceof eventsrepresentingsubsetof nodes
that are actually movedin a passof an iterative-impovementprocesss a valid probability spacei.e., for
anyeventF in thisspace



(1) PE] > 0.
(2)PI[EUF) = P[E]+ P[F|ifENnF = 0.
(3) P[] = 1, whee Q is the setof all possibleevents.

Proof Seeg[11]. O

3.2 Computing Node Gains from Node Probabilities

We now describehow probabilisticnodegainsarecomputedrom nodeprobabilities.For eachnodeu, we
computeits gaincomponentgy,, (u)’s correspondingo its connectedhetsn;. Thetotal gaing(u) of u is
thenobtainedasg(u) = 3¢, 9n; (u). A netn; is saidto belockedin V; (V2) if ary nodein it is locked
in 11 (V2). A netis lockedin the cutset if it is lockedin bothV; and V4. In the next two subsectionsye
determindormulationsfor g,,, (u) for thetwo caseswhenn; is in the cutsetandwhenit is not.

3.2.1 Netsin the Cutset

For a subsetS of nodesof oneof the subsetssay V1, let M (S) denotethe eventthatall nodesin S are
actuallymovedto theothersubsetin thiscase V3, in thecurrentpasstheprobabilityof thiseventis denoted
by p(S). Notethat M (S) is nottheeventin which only thenodesof S aremoved, but onewhichincludes
themovesof nodesof S. Similarly, we defineN (S) to betheeventin which nonodein S is movedto the
othersubsef/, andits probabilityis denotedoy p(S¢). Wheneer themeanings clear we will abbreiate
M(S) andN(S) by S andS¢, respeciiely (or [S] and[S€] for clarity, whenthey arebeingintersectecr
AND’ed with otherevents,e.g.,[S1][S2]). Furthermoresingletonsets{u} and{u}¢ areabbreiatedby
andu¢, respectiely.

Letu € V; beconnectedo netn;, which belongsto the cutset. We denotethe setn; N V,. by n; .,
r = 1,2. Letn}—2 (n27'1) betheeventin which netn; is remaovedfrom the cutsetby moving all nodesin
ni1 (ni2) to Vs (V1). We definep(n}—2) as

p(nj7?) = (Probability of n; being removed from the cutset by moving all nodes in n; 1 to Vz)
andp(n?—!) as
p(n?7') = (Probability of n; being removed from the cutset by moving all nodes in n; 2 to Vi)

Note that p(n;—2) [p(n2~!)] implicitly takesinto accountthe probability that no nodein n; 2 (n;1) is
movedto V; (Vz)—if thisis notthecasen; cannotbe remaved from the cutset.Sincen, 2 andn?~! are
mutuallyexclusive events the probabilityp(n;) of removing n; from the cutsetis

p(ni) = p(n; %) +p(ni~")
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Thereareonly two possibilitiesassociateavith a nodeu—it eitheris actuallymoved (beforethe max-
prefix point) or not—in thefinal partitioningsolution. We needto computethe potentialeffectin termsof
netremoval probabilities,of thesetwo possibilitieson eachnetn; connectedo u. Thetermp(n}—2 | u) is
this probabilityfor n; whenu is moved,while p(n?~! | u¢) is this probabilitywhenu is notmoved. Instead
of consideringhesewo termsseparatelyor thetwo possibilitiesfor u, we cansubtracthesecondrom the
firstto indicatewhetherit is betterfor u to move or not—apositive resultindicatest is, while anon-positve
resultindicatesit is not. It is this resultthatwe computeas g,,, (u), which is u’s “gain for moving” with
respecto netn;. Thus

gni(u) = e(ng)[p(n; 7% | w) — p(ni~ | u)] (@)
In [11], adetailedrationaleis givenfor thefollowing practicalapproximation®f thetermsp(n; ~2 | u) and

p(ni "t | ue):

pni P |u) mpnig [u) = [ plue) (3)
uz€(n;,1—{u})
p(ni7 | u) = ] pluy) (4)
Uy ENG 2
FromEqgns.2, 3 and 4, we obtain
gns(@) =)l I plus) = I pluy)] (5)
ug€(n;,1—{u}) Uy ENG,2

3.2.2 Internal Nets

We now considerthe gain contritutedto u by a netn; thatis not currentlyin the cutsetandis notlocked
in the subsetsay V4, thatit liesin. No additionalformulationis requiredfor suchnets—Eqn2, reiterated
belaw, alsoprovidesthe gaincontritutionsof suchnetsasfollows.

9ni(w) = e(na)[p(ni 7* | w) — p(ni " | u)]
Thep(nZ~! | u¢) componentn Eqn.2 for suchnetsis 1, sinceit is alreadyin V;. We thusobtain
9ni(w) = —c(ny)[1 = p(n; 7 | w) = —e(ni)(1 — p(nia | u)

It is alsointerestingto try to derive g, (u) for internalnetsfrom “first principles”. Netn; will be
introducedinto the cutsetwhenw is moved from V; to V,. Thus, g,,(u) shouldbe negatie, but less
negative than —c(n;), sinceeventhoughn; will beintroducedinto the cutset,thereis a likelihoodthatit
will subsequentlperemovedfrom the cutsetby futuremoves. Thusgy,, (u) shouldbe

9n; (u) = —c(n;)(Probability that n; remains in the cutset after v is moved)
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= —c(n;)(Probability that not all nodes in n; ; — {u} will be moved | M (u))
= —c(ni)(1 = p(n 7? | w)) = —c(ni)(1 — p(niy | u)) (6)

We thusobtainthe sameexpressiorfrom first principlesasby applyingthe generaformulationof Eqn. 2

for this case.
Again proceedingasin thedervationof p(n; 1 | u) in Eqn.3 (see[11]), we obtain

gni(w) = —c(mi)(1 = [T p(ue)) (7)

ug€ng 1 —{u}

Thetotal gaing(u) of nodeu is thencomputedas

9w) = 3 g, (w) ®)

ucn;

3.3 Computing Node Probabilities

After the gainsof every nodehasbeencomputedoy eitherusinga first approximatiorprobability of p;,.:
for eachnode, or by first computingtheir deterministicgains(Eqn. 1), their probabilitiesare computed
usingasuitablemonotonicallyincreasingunction f (g(«)) of theirgains.This functiontakesthemaximum
gain gmaee andminimumagain g,,i, into account.Functionshatwe have experimentedvith arelinear and
semi-Gaussigrandarespecifiedoelow.

Therearetwo caveatswith probability calculation. Oneis that, sincethereare no certaintiesn node
moves, it seemsreasonabldo establisha maximum probability p,,.. < 1 anda minimum probability
Pmin > 0 within which intenal all node probabilitieslie?. The secondcaveatis to establishupperand
lower gainthresholdsy,, andg;,, suchthatall nodeswith gainsgreaterthanor equalto g,,, will getprob-
ability p,.qz, While thosewith gainslower thang;, will getprobability p,,.;.. Therationalefor establishing
thresholdds that nodeswith high gains,say greaterthan2, will be moved to the other subsetwith very
high likelihood,andthosewill very low gains,saylessthan-1, will mostlikely not be actuallymovedin
the currentpass. Thus g, and g, shouldreplaceg,.; andgn:,, respectiely, in the abose probability
functions.Thesefunctionsarecompletelyspecifiedoelon, wherewe assumehatp,,;, > 0.

Linear probabilityfunction:

Pmaz wheng(u) > gup
f(g(u)) = Pmin + (Pmaa: - pmm)(g(u) - glo)/(gup - glo) wheng;, < g(u) < Gup
Pmin Wheng(u) < Gio

2Actually, it is notunreasonabl®d have prmaz = 1, but pmin Needgo begreatetthanO.
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Semi-Gaussiaprobabilityfunction:

f(g(u)) _ Pmaz Wheng(u) > Gup
Pmin + (pmaa: - pmm)e(—%(gup—g(u))z/%(gup—glo)z) Wheng(u) < Gup

3.4 An Example

Toillustratetheimprovementofferedby the probability-baseshodegaincalculationover deterministicones
like FM andLA, let usgo backto the exampleof Fig. 1. In this example,we usethe methodof obtaining
theinitial deterministiaqyainsof nodegEqn.1) andtheir probabilities(usingsomemonotonicallyincreasing
function f of thegains).Figure1(b) shavs theinitial gainsandprobabilitiesg(u), p(u) for eachnode;note
thatthe nodeprobabilitiesare consistentvith a monotonicallyincreasingprobability function. We assume
for simplicity of expositionthatfor eachnetn; to ny; in thecutsettheirp(n?—!) termsareequal;thusthe
differencein the nodegainsg(u)s will only dependontheir p(n; 2 | u) terms(seeEqns.5 and7). In the
secondteration,thenodegainsarecalculatedasfollows usingEqn.5 and?.

Ini (1) = gn,(1) = 1, gne (1) = (0.2)* = 0.0016, thusg(1) = 2.0016;

Ins(2) = gny(2) = 1, 9n,,(2) = (0.2)2 = 0.04, thusg(2) = 2.04;

Ins(3) = gn,(3) = 1, gn,, = (0.8)? = 0.64, thusg(3) = 2.64.

Similarly, we obtaing(10) = ¢g(11) = 1.8. To obtainthe gainsof nodes4 to 9, we assumehatnetsn; s to
ny7 thatarenotin the cutsetareeachconnectedo oneothernode(not shavn) of probability0.5. We then
getg(8) = ¢g(9) = —0.3 andthegainsof nodes4 to 7 as—0.49. Thesegainvaluesandtheir corresponding
probabilitiesareshavn in Fig. 1(c). We now clearlyseethatnode3 hasthe highestgainandis thusthe best
nodeto move aswe hadconcludedntuitively from Fig. 1. Notethatthep(u)s of nodesl, 2 and3 areall 1
(e.g.,wheng,, = 2; seeSec.3.3); however, nodeselections basedn their gains.

3.5 NodeUpdates

Whennetn; is lockedin V3, thenfrom Eqn.3
p(n,}—)z) ~ H p(uz) )
Ug €ENG,1

sincethis probabilityis implicitly conditionedbnthepreviousmove(s)from V; to V5 of thenode(surrently
lockedin n; 2. Also in this casep(n?~!) = 0, sincep(u) = 0 for alocked nodeu. Equation9 doesnot
apply however, whenn; is notlockedin Vs, i.e,whenthis probabilityis notconditionedon somenodemove
to V2. FromEqns.3 and9, it follows thatwhenn; is lockedin V5, thenfor anunloclkednodeu, € n; 1,

p(ni™? | ue) = p(ni~?)/p(us) (10)
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FromEqns.5 and10, andthe factthatp(n?—!) = 0, g, (u;) for anunlocled nodeu, € n; 1, wheren; is
lockedin V4, is simply given by

9ni(uz) = () - p(ni 7% | ug) = e(ni) - p(n; ) /p(uz) (11)

Also, for u, anunlocked nodein n; o, wheren; is locked in V5, we obtainusing Eqn. 5 andthe factthat
p(n77) =0,
9ni(uy) = —c(ni) - p(ni 7% | ug) = —c(ni) - p(ni?)) 12)

Similar expression$old whenn; is lockedin V;, with nodesu, € n;» ontheunlocked sideandnodes
uz € n;1 onthelocked sideinterchangingheir roles. Theseequationsarevery usefulfor efficient node
updationaftera move, asdiscusseahext.

After moving a nodeu, say from V; to Vs, we first update p(n} %) andp(n?~!) of every netn; that
u is connectedo. We follow this by updatingthe gainsof all nodesconnectedo eachsuchn; (i.e., the
neighborsf u) accordingto Eqn.11 or 12. Wethensetp(u) = 0, to representhefactthatw is locked. In
the following updatesteps,we assumehatthe mostrecentmove (of nodew) wasfrom V; to V5; a move
from V5 to V4 is handledin a symmetricfashion.For eachnetn; connectedo u, the updatingof the gains
of unlocked neighborss performedn stepsl and?2.

1. Updatep(n}—2) andp(n}—2) for all n; > u as

p(ni ) = p(n;7?)/p(w), p(ni=") =0

As discussedbore, whenn; is not locked in V», thenthe expressionof Egn. 9 doesnot hold for

p(ni~?). However, sincewe do notreally usethevalueof p(n}=?2) unlesst is conditionedon anode
move or afteranodemave, for implementatiorefficiengy we computethe RHS of Eqn.9 asits initial

value.Then,afterthefirst nodemove fromn; ; ton; o, theabove updateofp(n}—)z) yieldsits correct
(approximatepew value.

2. Updatethe gain of all the unlocked neighborsof nodew on netn;. First consideru’s neighbors
ugy € Vi,i.e.,uy € (i1 — {u}). gn;(uz) is updatedusingEqn. 11 andthe above updatedvalue of
p(n}~2). Notethatit will never bethe casethatn; is currentlynotin the cutsetsothatEqn.7 does
not needto be usedfor updates.Similarly for u’s neighborsu, € V,, we updategy, (u,) by using
Eqgn.12,andtheupdatedvalueof p(n}—?).

Finally, thetotal gainsof the neighbor=f u arerecomputedy subtractinghe previousgaincompo-
nentscorrespondingo netrn; andaddingthe correspondingipdatedyaincomponents.

3. Recomputehe probabilitiesof all unlocked neighborof «.

4. Setp(u) = 0.
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3.6 Time and SpaceComplexities

Recallthatn is thenumberof nodese the numberof nets,g,, the averagenumberof pinspernode,i.e.,the
numberof netsit is connectedo, ¢, the averagenumberof pinson anet,i.e.,the numberof nodesa netis
connectedo, d = ¢,(ge — 1) is theaveragenumberof neighborspernode. We definep = ng, = eq. as
thetotal numberof pinsin thecircuit. Evenif the averageandmaximumvaluesof pinspernode,pinsper
netandneighborpernodearevery different,thetime andspacecompleities determinedelav will hold,
sincethesecostsareamortizedover all nodesandnetswith varying numberof pins. We first considerthe
time compleities of the differentstagesf PROP

Setting Up Data Structures: We have the standardadjacenyg list for nodesandnets,andalsostorethat
netseitherin a bucket datastructureand/orin a balancedinary AVL tree[1] usingthenodes’gainsasthe
keys. Thistakes©(p) time. It alsofollows from this thatthe spacecompleity is ©(p).

Initial Node Probability and Gain Computations: Oncewe have theinitial first-cut probabilities,we
computep(n?~1) andp(n}—?) for eachnetn; accordingo Eqn.93; if g; is thenumberof pinsonn;, then
this takes©(g;) time, andhencefor all netsthis procesdakes®(>";_; ¢;) = O(p) time. We thencompute
the g, (u) of eachnodeby eitherEqns.5 or 7 andEqgns.11 or 12 in constantime. Also, computingthe
probability of a nodefrom its gainis a constantime operation. Thus computingg(u) for nodeu takes
©(g,) time, andthusatotal of ©(ng,) = ©(p) time over all nodes.Oncewe have the gainsof all nodes,
recomputingheir probabilitiestakesatotal of ©(n) time. Sincewe have only 2 or 3 iterationsin theinitial

phasetheinitial phases time compleity is ©(p).

Choosingthe BestMove: In thecaseof singlemovesandthe AVL treestructurejt takes©(log n) time
to find the bestnodeto move. In the caseof a bucket datastructureit takesa constantime to find the
bestnode,sincewe only look at thetopmostmonemptybucket in which therearetypically very few nodes.
Thusover the entirepassthetime compleity of this phases ©(n logn) for singlemovesusingAVL tree
storageand®(n) time usingbucket storage.

Node Updation: The numberof entities(hodesand nets)updatedareg,, netsof the moved nodeu and
d neighborsof u. We seefrom Sec.3.5 thateachupdatestepfor netsandneighborsconnectedo u takes
constantime. In the AVL treedatastructure,it takes ©(logn) time to deleteandreinserta node;thusit

takes©(d log n) time to reinsertall updatedhodesper move. This reinsertiontime is on the average®(d)

for thebucket datastructure Hencethe updatingprocesgakesatotal of ©(nd log n) time for the AVL tree
or ©(nd) time for thebucket structurefor the entirepass.

3As notedin Sec.3.5, eventhoughthesearenot the correctvaluesof theseprobabilitiesinitially, we usethesevaluesfor im-
plementatiorefficiengy. Theseprobabilitiesareonly usedwhenconditioningthemon a nodemaove or to updatetheseprobabilities
afteranodemove (usingEqgns.10,in which casethe correctvaluesareobtained.
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Thusthetime complity of PROPfor anentirepasss either®(nd) = O(pq.) (usingthe bucket data
structure)or ©(ndlogn) = ©(pge logn) (for the AVL treedatastructure).For VLSI circuits, ¢ is asmall
constantike 4 andthusthetime compleities are®(p) and©(p log n), respeciiely, for thebucketandAVL
treedatastructures.Sincethe empiricalevidenceis thatonly a constanthumberof passesrerequiredto
obtaina min-cut2-way partition,thetime compl«ity of PROPis thesameasthatfor asinglepass.Finally,
asmentionedabove its spacecompleity is ©(p).

4 A StepFurther: SHRINK-PROP

An undesirablgphenomenomenerallyoccursrelatedto net removal probabilitieswhenfor the first time
anet’s nodeis moved: the net's removal probability eitherdecreasesr remainsunchanged.This causes
alackin focusin remaving this netfrom the cutsetasthe gainsof its nodeson its unloclked side are not
appropriatelyincreasedandthoseof its nodeson it locked sidearenot appropriatelyreduced.Thusfewer
thanpossiblenetsareremored from the cutsetin every pass.SHRINK-PROPis anenhancemendf PROP
designedo counterthis phenomenomndtherebyincreasehe numberof netsremoved from the cutsetin
ary pass.

We classifynetsin the cutsetinto threecateyories: (1) Netsthathave somenodesmovedto V1, (2) nets
thathave somenodesmovedto V5, and(3) unperturbedhets,noneof whosenodeshave yet beenmoved,;
thefirst two categoriesof netsareperturbednets. We ignorelocked netswhosenodeshave movedto both
V1 andV4;, asthey cannotberemoved from the cutsetin the currentpass.A netin category (1) canonly be
movedto V3, while onein catgory (2) canonly be movedto V». Unperturbedhetscanbe movedto either
Vi orVs.

Locked Node

ve Q/\O v

p(n2) = 2p**2 (1-p)**2

Figure3: Movementprobabilitiesof perturbecandunperturbedhets.
ConsiderFig. 3, which shavs two similarly configurednetsin the cutset(eachnet hastwo unlocked
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nodesin eithersubset). Assumefor simplicity of expositionthat every unlocked node hasa probability
p of beingmoved. The movementprobability of the perturbednetn; is p(n1) = p2(1 — p)?, while that
of the unperturbedhet ns is p(ns) = 2p%(1 — p)?, sinceit canmove to either V3 or V» with probability
p?(1 — p)2. Notealsothatwhenn; wasanunperturbedet, its removal probabilitywasp’(n;) = p3(1 —
p)? +p%(1—p)? = p?(1 —p)?, whichis the sameasits remaoval probabilityp(n, ) right afterit is perturbed.
In generalanewly perturbedhet’s removal probabilityeitherremainsunchangear decreasefor the most
interestingcase$ (sed11]). Furthern,’sremoval probabilitywill belessthanthatof asimilarly configured
unperturbechet. This runscounterto a productve node-mee processvhereinremoval probabilitiesof
perturbednetswill be higherthanthoseof similarly configuredunperturbedets. This enablegheinitial
nodemovesmadefor a cut netto be proportionatelyrewardedby the ultimateremoval of thatnetfrom the
cutset.

Figure 4(a) shawvs the probability distribution of unperturbednets of similar configurations,while
Fig. 4(b) shavs the distribution whensomenetsare perturbedthusdecreasingheir relative probabilities.
As aresult,theaveragenumberof netsremavedfrom the cutsetwill belowerthanin aprocessvherethese
probability decreaseare minimized,andbetterstill, reversed. It is thusdesirablethatthe absoluteprob-
ability of a netincreasesvhenit is first perturbed. The desiredprobability distribution of perturbednets
relative to unperturbednesis shavn in Fig. 4(c). A simple solutionto achiese this effect is to increase
the weightof a netn; by somefactorwhenit transitsfrom an unperturbedstateto a perturbedone. This
will substantiallyincreasehe gainsandprobabilitiesof nodeson n; onits unlocked side,anddecreas¢he
gainsandprobabilitiesof its nodesonthelocked side(seeEqn.5). As aresultthenet's remaoval probability
increasesompared processn whichits weightremainsunchangedavhenit entergheperturbedstate.

Finally, we notethatin aregularmove procesgonein which netweightsremainunchanged)a perturbed
net's removal probabilitywill alwaysincreasgby a factorof 1/p, wherep is the probability of the moved
node)whene&eranodeonit is movedfrom its unlockedto its locked side. Thusit is only necessaryo take
careof thecasein which a netmovesfrom anunperturbedtateto a perturbedne,by increasingts weight
onceatthatjuncture.

Procedurallywe usethe following efficient methodfor achieving weight magnificationfor newly per
turbednets. Thesestepsreplacethe lastiterationof theinitial gaincalculationstagein PROP (steps2-4in
Fig. 2).

1. Multiply all nodegainsg(u)saswell ascomponengainsg,, (u)s by ashrinkfactor fs, 0 < fs < 1.
Effect: This hasthe effect of decreasingheweightsof all nets(initially unperturbedpy a factorof

[s-

4The decreasén the removal probability of newly perturbechetsoccursin iterative-improvementpartitionersin which nodes
arelocked afterbeingmavedoncein a pass.Nodelocking wasinventedin theclassicaKernighan-Linpartitionerto eliminatethe
possibilityof nodeghrashingrom onesideto the other[23].
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nets nets nets

Figure4: Remawal probabilitiesof similarly configurednetswhen(a) they areinitially unperturbed(b) someof
themareperturbedn a“regular” iteratve-improrzementprocessand(c) someof themareperturbedn a “weighted”
iterative-improvzementprocess.

2. Updatenodeprobabilitiesof the neighborof the moved node(keepingall netweightsunchanged).
Effect: The first time a net n; becomesperturbed,the componentyains g, (u)s of its nodesare
alsoupdatedor thefirst time, andcomputedaccordingto n;'s original (hon-shrunk)weight. These
componengainsthusexperiencea magnificatiorby afactorof 1/ f; comparedo theregularprocess
in which all gainsare not initially shrunk. For subsequentipdatesof thesecomponentgains, no
furthermagnificationis obtained.All this hasthe effect of increasingn;'s weightonceby afactorof
1/ fs whenit transitsfrom theunperturbedo the perturbedstate.

Therestof the stepsareexactly thesameasin Fig. 2. Thecompleities of SHRINK-PROParethesame
asthatfor PROP;©(nd) = ©(pg.) (usingthebucket datastructure)or ©(ndlog n) = ©(pg, logn) (for the
AVL treedatastructure)time compleity, and©(p) spacecompleity.

Finally, we presenta qualitatve comparisonof the CLIP algorithm[15] to SHRINK-PROP as both
increasgheweightsof perturbedets.In spiteof this similarity therearekey differencedetweerthesetwo
algorithms.In CLIP, theweightincreaseof a perturbechetis infinite, while in SHRINK-PROPIt is afinite
valueof 1/fs. More importantly they differ in the rationalethatled to theseweightincreases.In CLIP
therationalewasenablingclustermovementacrosghe cutline, while in SHRINK-PROPtherationaleis to
male the “reward” function(in termsof removal probabilitiesof connectedhets)of the“enegy” expended
in nodemoves monotonicallyincreasing. Of course,the SHRINK-PROP stratgy implicitly alsocauses
efficient clusterremoval by causingblocksof nodemovesto befocusedon remaoving clustershatspanthe
cutline.

5 Effect of Parameter Valueson Solution Quality

The major parametersn PROP arethe initial probability p;n;;, upperandlower thresholdsg,y, g1, and
thenumberof initial iterationsiter. A classificatiorandunderstandingf the effect of variousvalueranges
for theseparameterss neededor a determinatiorof “good” parametewaluesthatwill yield high solution
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gualitiesfor mostcircuits. With thisin mind, we performedsomeexperimentdo cateyorizeandunderstand
theseeffects. We shouldnoteherethattheseexperimentsveredoneon a versionof the PROP programthat
determinedstrict non-deviatedbalance-ratios,e., if thebalance-ratiavasspecifiedo be 45-55% thenthis
programobtainedsolutionsin which onesubsesizewasstrictly 45% (+0.5%) andthe secondsubsestize
wasstrictly 55% (+0.5%) of thetotal nodesize. Thisis unlike resultsobtainedn all pastpartitioningwork
aswell asthefinal resultsfor PROP andSHRINK-PROP presentedn Sec.6 for the bestparametevalues,
in which a 45-55%balanceratio is interpretedasa rangewithin which the subsetsizeshave to fit; thusa
48-52%ratio of subsesizesis anacceptablesolution. Thusthe PROP resultspresentedn this sectiondo
not match,andare somavhat larger thanthosein Sec.6, andarenot comparablgo thoseof otherwork.
However, the conclusiondravn from the experimentsof this sectionandtherelatve goodnes®f various
parametenalueshold in the “regular” balance-raticcase,sincethe fundamentalf correctnode-meoe
selectionarethesamein bothcases.

5.1 Probability Convergenceand the Flip-Flop Effect

The first experimentwasto determineif the p(u)s corverged over somenumberof initial iterations. The
conclusionwereacheds thattheprobabilitiesdonotcorvergewell all thetime,andsometimegrobabilities
of nodeson certainnetscompletelyreversetheir orderings—thiss calledtheflip-flop effect. It alsooccurs
duringnodeupdatesTheflip-flop effectleadsto inconsistentlecisionsn choosingthe next nodeto move,
as a prior node choiceu followed by node updatescan causea high-probabilityneighborto becomea
someavhatlower probability one (whenin fact, its probability shouldbecomeeven higher). This canlead
to a next move of a nodew thatis outsideu’s neighborhoodThusthe partitionercanlosefocusandjump
from onenetto the next withoutremaoving themfrom the cutset.

Theflip-flop effectis depictedn Fig. 5, whereit is modeledastwo (or more)cross-couplednonotonic
functionswhoseinputsandoutputsareprobabilitiesof neighbors Figure5(a)shavs the effectwhich occurs
betweemeighboringcells on the sameside of a partition (whenmultiple iterationsor updatesafter node
mavesoccur). This effectis similar to thatof cross-coupledND gates.If the currentprobability of u; is
higherthanus (e.g.,afterthefirst iterationat the beginning of apassg(u1) > g(u2)), the new probability
of us couldbecomehigherthanu;’s becausef the high probabilityfed by u; into the gain calculationof
uo and/orlow currentprobability of us fedinto u;’s gain. The probabilitiesandgainsof the two cellswill
thencontinueto oscillatewith eachnew iteration(of gain-probabilitycomputationpr neighborupdateafter
anodemove.

Onewayto minimizetheflip-flop effectis to reducethe nodeprobability-rangeThis limits theabsolute
probability changeglueto the flip-flop effect, andthus minimizesits negative impact. Empirical studies
shaved thatthe bestprobabilitiesrangefor PROP s [0.4,1.0]. Table1 compareghe resultsobtainedfor
this probability rangeto thoseof thewider range[0.1, 1.0]—almost8% bettermincutsareobtainedfor the
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Figure5: Modelsof the flip-flop effect for (a) cellsin the sameside which is similar to a cross-coupled
AND gatesand(b) cellsin theoppositesidewhichis similarto a cross-couple®NAND gates.

narraver range.

For neighboringcells on oppositesidesof a partition[Fig 5(b)], however, their probabilitiesnegatively
affect eachothers probabilities creatingan overall positive feedbackon themseles. Thusinsteadof oscil-
lationswith new iterations,the high/lov probability valuesare further strengthened—higtaluesbecome
higherandlow valueslower, asseenin Fig 5(b).

Fromthesediscussionsywe canformulatethe following parametewaluesfor obtaininggoodsolutions:

e The numberof initial iterationsiter canbe keptat 1 in orderto minimize the flip-flop effect. A
reasonableliscriminationbetweemodegainsis alsoobtainedoy iter = 1.

e However, sincethe flip-flop effect also manifestsitself during the updateprocess the probability
rangeof nodesshouldbe kept small to minimize flip-flops during updation;an initial probability
(pinit) Valuethataccomplisheshis naturallywill leadto bettersolutionquality (all othereffects of

Pinit Choicebeingequal).
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Test PROPOJ_LO PROP0A4_140
Case Min [ Avg Min [ Avg
balu 27 33.2 27 329
pl 47 60.6 a7 62.8
bm1 47 59.8 a7 60.5
t4 56 70.2 52 62.2
t3 58 72.6 57 77.1
t2 91 100.2 91 1015
t6 68 85.9 67 88.8
struct 36 49.1 36 45.6
t5 83 98.7 73 96.9
19ks 107 140.6 108 130.4
p2 145 189.0 147 196.8
59234 45 62.1 46 67.3
biomed 84 116.5 85 111.2
513207 74 111.2 74 112.4
515850 66 99.2 65 95.0
industry?2 223 | 321.2 204 | 313.8
industry3 278 360.1 272 384.1
s$35932 73 80.9 59 87.9
38584 74 103.5 63 103.4
avg_small 208 416.1 211 396.8
s38417 95 129.2 58 119.8
avg_large 337 441.4 251 457.2
Total 2322 | 3201.3 || 2140 | 3204.4
% Improvement
Over - - 7.84 | -0.09
PROP

Tablel: Comparison®f cutsizesor thenon-deviated 45 — 55% balancecriterionand20 runsproducedoy PROP
with probabilityrangesirom 0.1 — 1.0 and0.4 — 1.0. The Min columnis the bestresultfrom all the runs,the Avg

columnshawvstheaveragecutsizeoverthoseruns.
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Figure6: Averagecutsizeproducedy four differentcircuit with variousinitial cell probabilitiesfor 20runs.

5.2 Thresholds

Generally a rangeof [1, 1.5 for g, is not discriminatingenoughfor mary circuits, i.e., mary maginal
nodesgeta probabilityof 1 leadingto anoverly optimistic probability distribution andincorrectdecisions.
Similarly, g;, valuesin therange]-1.5, -1] createsan overly pessimistigprobability distribution for mary
circuits and thus bad node choices. The situationsare reversedfor g,, > 2 (this causesa pessimistic
probability distribution) and g;, < —2 (this causesa too optimistic distribution). Empirical resultsthat

bolstertheseargumentsshav thatthe bestresultsareobtainedor g, € [1.5,2] andg;, € [—2, —1.5].
5.3 Initial Probability and the Clustering Effect

Theinitial probabilityvaluep;,;; hasthegreatestmpacton solutionquality In generalthe solutionquality
goeson improving with increasingp;,i: thatis lessthanl. Figure6 shavs the plot of averagecutsizeover
variousinitial probabilitiesfor four differentcircuits. Theresultswereobtainedfor 20 runsof PROPwith a
thresholdf +1.5. It is clearthatmuchbetterresultsareobtainedfor higherinitial probabilities.

Thereasondor thistrendare:

1. Larger p;»i:'S leadto narraver probability rangesthat minimizesthe flip-flop effect. If the initial
probabilityis betweer.9 and0.98, thedifferencesn nets’removal probabilitiesp(n} ~2) or p(n? 1)
will besmall(e.g.,0.982 = 0.96, while 0.98* = 0.92). Thusnodegainsaresmallandin a narrav
range andthusthe probabilityrangeis alsonarraw initially.

Figure7 shaws severalplotsof probabilitydistribution for circuit s35932; thex-axisis theprob-

ability valuesfrom 0 to 1 andthey-axisis thenumberof cellswith thoseprobabilities(theminimum
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probabilityis setto 0.1). Theplotsshav the probability distribution atevery 10% of cell movesupto
50% whichis aboutthemaximumprefix point, for variousinitial probabilities—8.2, 0.5, 0.7 and0.98.
Theseplotsclearlyindicatethatlargerinitial probabilitiesresultin narraver probability distributions.
. Larger pini¢'s leadto small g(u)s initially (with iter = 1) andthussmall p(u)s. This leadsto a
desiredmagnification(reduction)of neighborgainson the sameside (oppositeside)whena nodeu
is moved—wecall this the clusteringeffectasit causeshe nodemave procesgo focuson removing
aclusterof tightly connectecdhodesstraddlingthe cutline beforenodesoutsidethe clusteraremoved.
Considerfor examplea netn; with 3 nodesu, uy,us in V3 andonewus in V5 shovn in Fig. 8(a).
For pinis = 0.98, the n;-relatedgainsof u, uy, us is 0.982 — 0.98 = —0.02, while that for uz is
1 —0.98% = 0.06. Empiricalresultsdo shaw thatfor p;,;; = 0.98, mostg,, (u)s arein the rangeof
+0.05, andcell gainsaremostlyin theorderof one-tenttof 1. Thesevaluesarevery smallcompared
to the gainthresholdandthuscell probabilitiesareconfinedwithin a very smallrange(betweer.4
and0.5; seeFig. 7). Figure8(a)shavs aprobabilitydistribution of thefour nodesconsistenwith this.

Notethatthe gainandprobabilitycomputationproceeds:

Dinit — n; (v) — g(u) — p(u)

At theendof thiscomputationp(n}—2) = p(u)-p(u1)-p(u2) = 0.09 andp(n? 1) = p(u3) = 0.4.
When nodew is moved, the new g,,, valuesbecomeg,, (u1) = p(n}=2)/(p(u) - p(u1)) = 0.4,
9n; (u2) = p(n}?)/(p(u) - p(uz)) = 0.45, gn,(u3) = —p(nj~?)/p(u) = —0.18. Thusthey,, gains
of ug, ug have increasedyreatlyfrom their previous value of -0.02, while that of ug hasdecreased
significantlyfrom its previous valueof 0.06. Theresultingprobabilitiesareshavn in Fig. 8(b), and
thenew p(n}~2) = 0.56. Theseeffectswill promotethe remaval of n; from the cutsetby makingit
verylikely for u; andus to beamongthe next few move choices.

Ontheotherhand thesituationfor p;,;; = 0.5 is shawvn in Figs.8(c-d). As canbeseentheinitial
gn; Values(Fig. 8(c)) aremuchlargerin magnitudeandthis leadsto a wider probability distribution
([0.1,1]; seeFig. 7), andsucha distribution is shavn in Fig. 8(c). Dueto the muchlarger p(u) value
of 0.8in this casethep(n)~?2) value,whichincreasedy a factorof 1/p(u) afteru is moved, does
not increaseas muchasin the p;,;; = 0.98 case. Sincep(n}—2) contritutespositively to the g,,,
gainsandprobabilitiesof u; andug, andnegatively to thoseof us, thelatterdo notincreaseasmuch,
while theformerdo notdecreas@asmuch,asin thep;,;; = 0.98 caseseeFig. 8(d). Henceu; andus

may nothave a highlikelihoodof beingamongthe next few nodeschoserto be moved,andthusn;’s
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Figure8: Effectof p;,;; valueonthe correctpromotionanddemotionof neighborprobabilitieson moving nodeu:
(a-b) Right promotionanddemotionfor p;,;; = 0.98; (c-d) Depressegiromotionanddemotionfor p;,;; = 0.5.

removal from the cutsetmaynot becorrectlypromotedafteru’s move.
5.4 Parameter Valuesfor SHRINK-PROP

Althoughahigh p;,;; worksbestfor PROP, a smallp;,,;; of 0.2or 0.3worksbestfor SHRINK-PROPalong
with similar threshold(g,,, g1,) valuesasfor PROPR. Thereasorfor thisis thatthe SHRINK-PROPgainand

probabilitycomputatioris performedas:
Dinit — gn;(u) = g(u) — shrink(g(u)) — p(u)

With asmallp;,;¢, wewill initially obtainawiderspreaabf g,, valuesasexplainedin Sec.5.3. However,
the subsequerghrinkingof gainvaluesresultsin a narraver spreadsimilar to thatfor PROP with p;pi; =
0.98. Theresultingprobability distribution is thusalsosimilarly narrav. Thussimilar positive effects of
reductionof theflip-flop effect, andcorrectpromotionanddemotionof neighborprobabilitiesaftera node
move (the clusteringeffect) is obtained. For a high p;,;; for SHRINK-PROR, the pre-shrunkg(u)s will
startwith a narrav distribution whichwill be madeoverly narrawv aftershrinking—thishasthe undesirable
effect of very smalldiscriminationamongnodegains.Further coupledwith the explicit magnificationand
reductionby a factorof 1/ fs, a high p;,;; alsocausesa disproportionateeighborgain magnificationand
reductionaftera nodemove. This makesthe gain/probabilitydistributions so skewedthat no otherfactors
besidedbeingneighborof movednodespntheright or wrongside,have ameasurableffectonnodemove
selection A goodgainfunctionis onewhich canstrike agoodbalancebetweerthetotal non-weightedjain

andtheweightedgaincomponentgorrespondingo movedneighbors.
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6 Final Experimental Results

We have obtainedresultson two benchmarksuites,the ACM/SIGDA andISPD-98[2] suites,for PROP
andSHRINK-PROR aswell asFM andLA for comparisonsWe alsocompard®ROP andSHRINK-PROP
to variousotherprior and currentstate-of-the-arpartitionersike WINDOW, EIG1, MELO, PARABOLI,
GFM, GMetisandhMetis.

6.1 ACM/SIGDA Benchmarks
CutsizeResults: Tables3 and4 give cutsizeresultsfor the 50-50%and45-55%balancecriterion,respec-
tively, for medium-to large-sizeACM/SIGDA benchmarlkcircuits whosenumberof nodes netsandpins
aregivenin Table2. We assumehatall nodesizesareunity; all previous methodso which we compare
our resultsmale the sameassumption Furthermorethe balanceconditiongivenis strictly adheredo for
every move in a pass(no violating movesareallowed at ary point) asspecifiedin Fig. 2. For boththe 50-
50% and45-55%balancecriterion, PROP usesthe following parameteralues:p;,;: = 0.98, pymaz = 1.0,
Pmin = 0.4, the linear probability function, g, = 1.75, andg;, = —1.75. SHRINK-PROP usesthe
parametewalues: p;n;; = 0.3 or 0.2 thatis dynamicallychosenbasedon whetherthe circuit is large (>
10,000no0des)andrelatively dense(i.e., the averagenumberof pins per cell is greaterthen 3.5 or much
greaterthenthe averagenumberof pins pernet), or not, respectiely, pmaz = 1.0, pmin = 0.1, thelinear
probability function, g,,, = 1.75, andg;,, = —1.75, andthe shrinkfactor f, = 0.1. The cutsetsgenerated
by SHRINK-PROP werefurtherrefinedby PROP (usingthe abore PROP parameters)thetimesreported
for SHRINK-PROPincludethe post-processingme for PROP. Percentag@nprovementsarecalculatedas
(mincutimprovement/lager mincut)x 100.

Table3 comparesutsetsizesfor the 50-50%balancecriterion producedby FMog, FMyg, FM1go (FM
runwith 20,40 and100initial randompatrtitions,respectiely), WINDOW [7] (which usesFMyq asafinal
phase)andPROP andSHRINK-PROR bothusing20 runs. The circuits for which theseresultsareshavn

Test # of # of #of || Test # of #of # of
Case | Cells | Nets Pins || Case Cells Nets Pins
balu 801 735 2697 || s9234 5866 5844 14065
pl 833 902 2908 || biomed 6514 5742 21040
bm1 882 903 2910 || s13207 8772 8651 20606
t4 1515 | 1658 5975 || s15850 10470 | 10383 | 24712
t3 1607 | 1618 | 5807 || industry2 | 12637 | 13419 | 48404
t2 1663 | 1720 6134 || industry3 | 15406 | 21924 | 68290
t6 1752 | 1541 6638 || s35932 18148 | 17828 | 48145
struct | 1952 | 1920 5471 || s38584 20995 | 20717 | 55203
t5 2595 | 2750 | 10076 || s38417 23949 | 23843 | 57613
19ks | 2844 | 3282 | 10547 || golem3 103048 | 144949 | 338419
p2 3014 | 3029 | 11219

Table2: Benchmarlkcircuit characteristics.
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Cut Sizes:50-50% Balance
Test PreviousMethods Probability-Basedlethods
Case FM1io00 FMyo FM2o LA-229 LA-320 WIN- PROPg SHRINK-
DOW PROPg
balu 32 32 32 31 31 32 31
pl 57 57 59 59 55 60 59 54
bm1 55 57 65 58 55 70 54 52
t4 86 88 97 94 88 61 58 54
t3 72 72 72 78 90 67 58 58
t2 115 115 115 124 105 105 91 90
t6 71 71 71 70 63 70 81 66
struct 45 47 52 45 45 38 34
t5 97 97 149 109 96 101 82 76
19ks 142 150 150 141 153 136 120 116
p2 236 238 245 215 183 258 154 146
$9234 53 59 59 57 58 55 49
biomed 83 83 83 122 91 164 88 83
513207 92 101 101 81 89 83 72
s15850 112 120 120 122 75 73 69
industry?2 428 501 501 492 378 392 254 199
Total 1776 1888 1971 1898 1655 1484 1380/1099 1249/994
Cuts (all/11ckts) (all/11ckts)
PROP-Based Cut Sizelmpr ovements
Methods
PROPyo 22.3% 26.9% 30.0% 27.3% 16.6% 25.9% - -
SHRINK-PROP»g 29.7% 33.8% 36.6% 34.2% 24.5% 33% 9.5% -
CPUTime 2555(b) | 1022(b) | 511(b) | 1181(b) | 5331(b) | > 1922 || 2383/125Kt) | 4433/261Q}t)
(secs) 7501(t) | 3000(t) | 1500(t) (3 ckts.) (all/3 ckts) (all/3 ckts)

Table3: Comparisonsf cutsetsizesof ACM/SIGDA benchmarkircuitsfor the50-50%balanceeriterionproduced
by threeversionsof FM (with 20, 40 and100runs),LA-2 andLA-3 (eachwith 20 runs), WINDOW [7] in which

clusteringis followedby 20 runsof FM, andPROP andSHRINK-PROR eachwith 20 runs.For PROPandSHRINK-

PROR total cutsareshawn for all circuitsandthe 11 circuitsfor which resultshave beenreportedfor WINDOW, and
thetotal CPU timesaregivenfor all circuitsandfor the 3 circuits whosetimeswerereportedfor WINDOW. In the
CPUTimerow, a‘(b)’ indicatesa bucketdatastructureanda‘(t)’ atreedatastructureandis usedto differentiatethe
effect of the datastructurefrom therestof the algorithm'stime compleity—the bucket datastructure whichis more
time-eficient, canonly beusedif all netcostsareassumedo be uniform, whichis notthe casefor someobjectivesof

partition-drivenplacementik e performanceptimization.
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Cut Sizes:45-55% Balance
Test PreviousMethods Probability-Basedethods
Case MELO [ Paraboli [ EIG1 | GFM [ GMetis || PROPyy | PROPsg | SHRINK-PROP2g
balu 28 41 110 27 27 27 27 27
pl 64 53 75 a7 47 47 47 a7
bm1 48 75 48 47 47 a7
t4 61 207 49 50 50 48
t3 60 85 62 58 57 57
2 106 196 95 88 88 88
t6 90 295 94 63 63 60
struct 38 40 49 41 33 34 33 33
t5 102 167 104 74 74 72
19ks 119 179 106 107 105 104
p2 169 146 254 139 142 143 143 143
s9234 79 74 166 41 43 45 45 41
biomed 115 135 286 84 102 84 84 83
513207 104 91 110 66 74 80 67 68
515850 52 91 125 63 53 69 52 58
industry2 319 193 525 211 177 213 181 186
industry3 267 399 241 243 249 244 243
s$35932 62 105 41 57 59 49 46
538584 55 76 a7 53 62 52 49
38417 49 121 81 69 58 58 58
golem3 1629 5379 2111 1465 1425 1374
Total Cut Sizes
13circuits 1129 1170 1082 1082
14 circuits 2926 2635 2507 2456
16 circuits 1554 1229 1163 1162
21 circuits 8984 3789 3122 2991 2932
PROP-Based Cut Sizelmpr ovements
Methods
PROPyg 20.9% | 9.95% | 65.2% | -3.5% | 17.6% - - -
PROPgo 252% | 14.3% | 66.7% | 4.2% | 21.1% 4.2% - -
SHRINK-PROPyg 252% | 16.0% | 67.4% | 4.2% | 22.6% 6.1% 2.0% -

Table4: Comparisonsf cutsetsizesof ACM/SIGDA benchmarkircuitsfor the45-55%balanceeriterionproduced
by our new algorithms,PROP (20 and80 runs)andSHRINK-PROP (20 runs),to previousstate-of-the-artechniques,
MELO [5], PARABOLI [28], EIG1[20], GFM [26] andGMetis[4].
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arethesameasthosefor whichresultswerereportedn [14], andareasubsetf thecircuitsgivenin Table2.

PROP andSHRINK-PROP cutsizesareon the average30% and36.6%betterthanFMsg, respectiely, and
22%and29.7%betterthanFMi g, respectiely. Note alsothataswe increase¢he numberof runsfor FM,

we startgettingdiminishingreturns;thuswe probablycannotdo muchbetterif we increaseéhe numberof

FM runsbeyond100. PROPandSHRINK-PROPalsoyield 27%and34%betterresultsthanLA-24, 16.2%
and 24% bettercutsizeshan LA-2 4, andabout17% and 24.5%betterresultsthanLA-34g, respectiely.

They alsoperform26% and 33% betterthan WINDOW, respectiely. SHRINK-PROP yields 9.5% better
resultsthanPROP, at a costof beingonly a factorof two slower; seelastrow of Table3.

In Table4, we comparehe performancef PROP,y, PROPyy andSHRINK-PROPy, to recentstate-of-
the-artmethoddike EIG1 [20], PARABOLI [28], MELO [5], GFM [26] and GMetis [4] for the 45-55%
balancecase.The probability-basedanethodsyield muchbettercutsizeghantheseothermethods PROPyg
is 65% betterthan EIG1, 21% betterthan MELO, 10% betterthan PARABOLI, and 17.6% betterthan
GMetis. It is, however, alittle worse(by 3.5%)thanGFM, which is about8.5 timesslower than PROPy,
assumingSparch and Sparc10 machineshave comparablespeedsseefootnote6. We thusalsoobtained
resultsfor PROP;g, andit performs4.2%betterthanGFM, while still beingtwice asfast. SHRINK-PROPyg
is 67.4%betterthanElG1,25%betterthanMELO, 16%betterthanPARABOLI, 22.6%betterthanGMetis,
4.2% betterthan GFM, and 6.1% betterthan PROPy,. It is, however, only a factor of two slower than
PROPyg, andthusis four timesfasterthanGFM (seeTable5).

Timing Results: We shaved earlier that the time complities of PROP and SHRINK-PROP are
©(ndlogn) = O(pge logn) for abinary-searctreedatastructure. FM on the otherhandhasa complexity
of ©(nd) dueto theuseof abucket datastructurewhich canonly beusedif all netcostsareassumedo be
one(or uniform). Thisis the casein ourimplementatiorof FM, andit is thusvery fast;PROPis about4.6
timesslowerthanFM perrun (but obtains30% betterresults).If the assumptiorof unit netcostcannotbe
made asin thecasewhencircuitsarepartitionedto minimizetiming [27, 21] or graphmodelsof netlistsare
partitioned[5], thenFM will requireaninitial ©(n logn) sortingroutineplusa ©(log n) insertionroutine
(for a binary searchtreelike AVL) for every updatedneighboraftera move, makingits time compleity
also®(ndlog n)—this slows it down by a factorof log n. However, PROPwill have the samecomplexity
undernon-uniformnet costs. In orderto demonstratdnon PROP comparego both versionsof FM, i.e.,
with bucket (b) andtree(t) datastructuresye have implementedoth of theseandtatulatedCPUtimesfor
differentACM/SIGDA benchmaricircuitsin Tables3 and5.

Thelastrow of Table3 shaws total timesfor bothbucket andtreedatastructuredor FM, while Table5
shaws individual times per circuit andtotal timesfor FMyq for the treedatastructure.Table5 alsogives
therun timesfor thesecircuitsfor all the otheralgorithmscomparedcheré. FromTables3 (lastrow) and5,

%1t shouldbe notedthatall run timesobtainedfor PROP and SHRINK-PROP (aswell asfor FM andLA) wereon multi-user
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CPU Times(in Seconds)Per Cir cuit

[
Test Sun Sparc-5 DEC 3000 Sun Sparc-10 Sun
Model 500AXP Sparc-5
Case FM1oo | LA-240 | LA-329 | PROPyy | SHRINK- || EIG1 | Paraboli || MELO WIN- GFM GMetis
PROPyg DOwW
balu 42 17 19 16 18 6 16 7 24 14
pl 57 20 22 19 25 3 18 8 16 12
bm1 58 22 22 20 26 4 12
t4 102 49 791 49 67 24 21
t3 133 47 466 51 64 27 23
t2 118 58 820 64 79 29 26
t6 109 35 27 75 110 31 32
struct 115 62 43 42 50 7 35 38 80 27
t5 213 91 1397 97 149 67 46
19ks 312 106 105 87 137 79 39
p2 353 115 99 139 276 18 137 89 > 116 224 53
59234 664 188 141 139 228 24 490 516 672 58
biomed 724 222 175 250 404 521 711 496 > 421 1440 95
s13207 1023 286 207 177 360 44 2060 710 1920 102
s$15850 1060 342 262 291 510 78 2731 1197 2560 114
industry2 2418 702 741 867 1930 707 1367 1855 | > 1385 | 4320 245
industry3 850 1500 195 761 4000 299
s$35932 597 741 2067 2627 10160 266
s38584 1070 1795 348 6517 9680 397
s38417 949 1509 281 2041 11280 281
golem3 6554 17314 1893 | 10822 450
Total CPU Times(Secs)
3 circuits 1255 2610 > 1922
13circuits 5406 9346 46376
14 circuits 11960 26660 6192 | 30333
16 circuits 7501 2361 5331 2383 4433 5177
21circuits 12403 27292 2612

Table5: CPUtimesin secondsor variouspartitionersfor eachcircuit andtotal timesover all circuits.
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|| TestCase || # Cells | #Nets| #Pins ||| TestCase || # Cells | # Nets | #Pins ||

ibm01 12752 | 14111 | 50566 ibm10 69429 | 75196 | 297567
ibm02 19601 | 19584 | 81199 ibm11 70558 | 81454 | 280786
ibm03 23136 | 27401 | 93573 ibm12 71706 | 77240 | 317760

ibm04 27507 | 31970 | 105859 ibm13 84199 | 99666 | 357075
ibm05 29347 | 28446 | 126308 ibm14 147605 | 152772 | 546816
ibm06 32498 | 34826 | 128182 ibm15 161570 | 186608 | 715823
ibm07 45926 | 48117 | 175639 ibm16 183484 | 190048 | 778823
ibm08 51309 | 50513 | 204890 ibm17 185495 | 189581 | 860036
ibm09 53395 | 50513 | 204890 ibm18 210613 | 201920 | 819697

Table6: 1SPD-98Benchmarlkcircuit characteristics.

it is easyto seethatPROPis amongthefastespartitioners.It is very comparabléo FM1g(b) andLA-2 4
(thoughit obtains22.3%and16.2%bettercutsetsrespectiely, thanthesemethods)andslightly slover (by
37%)thanEIG1—Hhut thenit obtains65% bettercutsizeghanEIG1. Assumingthatthe SunSparc5, Sparc
10 andthe DEC 3000arecomparablén speefl, PROPy is about8.5 timesfasterthan GFM (PROPy is
thusmorethantwice asfastasGFM), 3.15timesfasterthanFMygo(t), 2.5 timesfasterthen PARABOLI,
about2.2 timesfasterthanLA-35, and MELO, andat least1.5 timesfasterthan WINDOW. PROPy is,
however, 4.7 timesslower thanGMetis (but obtains17.6%betterresults),whichis a multilevel technique,
and derivesits speedfrom that paradigm(all other methodscomparedherework on flat netlists). This
paradigmis orthogonalto the basicpartitioningtechnique andit is possibleto castour methodsalsoin
a multilevel framework to obtainfasterand even betterresults—thiswill be investigatedn future work.
SHRINK-PROP, obtainst.2%betterresultsthanPROP, with atime-penaltyfactorof only two; it is thus
alsofasterthanmostprevious state-of-the-artechniques.

6.2 ISPD-98Benchmarks

Table6 givesthe characteristicef the 18 circuitsin the ISPD-98benchmarlsuite[2]. Thesecircuitsrange
from mediumsize (morethan 10K nodesand nets,and 50K pins) to very large (morethan 200K nodes
andnets,and800K pins). FM (bucket datastructure) PROP and SHRINK-PROPresultswereobtainedor
thesecircuitson a SunUItra Sparclworkstation.Table7 compareshe mincuts,average-cutandtimesper
run over 20 runsof thesepartitioners. PROP-200btains24% bettermincutsand43% betteraverage-cuts
thanFM-20; it is about4.7 timesslower than FM-20. However, sinceFM is extremelyfast, this is still a
tolerableslowdown for PROP, especiallygiventhe tremendougutsizeimprovementsit offers. SHRINK-

workstationsandwereobtainedwvhenotheruserprogramswvererunning,mary timeswith higherpriority.
8 The SPECmark®f thesemachinesndicatethatthe DEC 3000is fasterthanthe Sparc5 (Model 85) by afactorof 1.5to two,

andthe Sparcs is fasterthanthe Sparcl0 by afactorof 1.5.
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Test FM 20-runs PROP 20-runs SHRINK-PROP 20-runs
Case Min Avg Time Min Avg Time Min | Avg | Time
ibm01 193 487.6 6.2 185 230.4 25.5 181 197.8 43.8
ibm02 277 456.4 10.4 275 458.8 78.2 263 333.9 134.8
ibm03 1357 | 2227.3 24.3 1027 | 1286.3 81.8 978 | 1140.2 158.5
ibm04 735 1183.4 22.1 588 654.2 88.1 548 595.9 134.5
ibm05 2300 | 3025.5 34.2 2024 | 25489 | 1285 1715 | 1818.1 524.9
ibm06 1015 | 14525 314 982 1150.8 | 127.6 913 | 1029.6 257.0
ibm07 1133 | 2179.9 36.9 871 973.6 156.0 847 918.0 279.4
ibm08 1712 2844.6 50.9 1284 1781.3 215.6 1165 | 1498.5 580.4
ibm09 1285 2431.4 51.4 683 1048.4 240.6 628 862.8 373.1
ibm10 1903 2584.6 66.0 1423 1755.9 308.8 1367 1611 683.7
ibm1l 1692 4031.6 68.0 1009 1199.9 265.5 981 1103.3 567.8
ibm12 2288 3459.8 76.7 2242* | 3257.5* | 381.3* 2081 | 2711.7 962.8
ibm13 1163 2438.7 75.1 950 1164.3 384.8 943 1124.5 695.7
ibm14 2647 6835.7 185.5 2164 2735.9 622.7 1902 | 2399.6 2276.2
ibm15 5428 8050.8 181.6 2977 3613.1 872.5 2622 | 3080.0 2238.6
ibm16 2687 | 5659.9 | 169.9 2277 | 3233.2 | 1157.3 | 2009 | 2416.7 3316.9
ibm17 3861 | 7251.7 | 229.8 2432 | 4151.8 | 10719 2369 | 3053.4 4563.7
ibm18 1555 3150.7 238.2 1879 2794 1109.1 1544 | 2242.8 4106.8
Total 33231 | 59752.5| 1559.3 || 25272 | 34038.8| 7316.5 || 23056 | 28129 21898.6
Impr. over FM-20 - - - 24% 43% 4.7% 31% 53% 14x
Impr. over PROP-20 - - - - - - 8.8% | 17.4% 3X
* ThePROPresulisfor IomIZarereportedor parameterp;y, ¢ = 0.98, gup = 1.5,9;, = —1.5,¢ter = I, min = 0.1, as
the PROP parametersisedfor the othercircuits (seecaptionbelow) yield resultsfor thecircuit thatarenot representate of
PROP

Table7: Comparison®f cutsizesof ISPD-98circuits for the45 — 55% balancecriterion producedoy FM, PROR,
andSHRINK-PROR all for 20 runs. Exceptfor ibom12 (see* above), PROP parametersisedarep;,;; = 0.98, gyp =
2,910 = —2,iter = 1, min = 0.1. SHRINK-PROP parametersisedarep;ni; = 0.3, gup = 1.5, gio = —1.5, iter =
1, min = 0.1, g; = 0.1. The SHRINK-PROPresultsarefurtherrefinedby PROP with parameterg;,;; = 0.3, gup =
1.75, g1, = —1.75, iter = 1, min = 0.1. TheMin columnis the bestresultfrom all theruns,the Avg columnshawvs
theaveragecutsizeoverthoseruns,andthe Time columnis the CPUtime (in secondsperrun.
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PROP-20is 31%and53%betterin mincutsandaverage-cutsiespectiely, over FM-20; it is aboutl4times
slower. Further SHRINK-PROP-200btains8.8%bettermincutsand17.4%betteraverage-cutshanPROP-
20, while beingaboutthreetimesslowver thanit. Theseresultsalsoshav thattheaverage-cutmprovements
of PROP andSHRINK-PROP over FM, andthat of SHRINK-PROP over PROP is significantlymorethan
the respectie mincutimprovements(which is itself substantial). This leadsto the conclusionthat aswe
proceedrom FM to PROPto SHRINK-PROR the partitionersbecomemorestableandlessrelianton the
initial randomcutfor obtainingthefinal mincut. Anotherway of looking atthisis the percentagéifference
betweenthe average-cutand mincutfor eachpartitioner: 44% for FM, 26% for PROP, andonly 18% for
SHRINK-PROR

We alsonotethatboth PROPandSHRINK-PROPare“flat” partitionersj.e.,they do not usethe multi-
level paradignusein mary recentpartitionerdike hMetis[22], ML . [3], andLSR/MFFS[8]. Themultilevel
paradigmis orthogonalto our techniguesandcanbe usedwith both PROP and SHRINK-PROP to yield
fasterandprobablybetterresults.Further flat partitionersplay animportantrole in complex problemdike
timing-driven placemen{12, 27] in the presencef multiple constraintd13, 25]), whereit may be detri-
mentalto “hide” usefulinformationaboutthe circuit by clusteringsubcircuitsinto large meta-nodesasis
donein multilevel partitioners It is, however, interestingo notethatthe SHRINK-PROPmincutresultsare
within 2.5%o0f thoseof hMetis (total mincutof 22473over all circuitsof Table6), oneof thebestmultilevel
partitionersfor theISPD-98circuitsasreportedn [2].

7 Conclusions

We have presentedtwo probabilistic-gainbasedapproachePROP and SHRINK-PROP for iterative-
improvementmin-cut partitioning. The methodologiesre basedon futuristic lookaheadyainsbasedon
probabilityandconditionalprobability formulations,andon clusteringeffectscausedy correctpromotion
anddemotionof neighborf movednodes Resultobtainedor the ACM/SIGDA andISPD-98benchmark
circuit suitesshav that our partitionersoutperformotheriteratve-improrementmethoddike FM andLA
by wide magins, andthat we also outperformrecentstate-of-the-arpartitionerslike WINDOW, MELO,
EIG1, Paraboli, GFM andGMetis by significantmagins. Therun timesof PROP alsocomparefavorably
with thoseof theiterative-improrementandotherrecentechniquesit is comparabléo thoseof FM andLA,
andmuchfasterthanthoseof mostrecentstate-of-the-artnethods.SHRINK-PROP is slower thanPROP
by afactorof abouttwo (with the benefitof yielding 6.2%betterresults)for the ACM/SIGDA suite,andby
afactorthreefor thelSPD-98suite(while yielding 8.8%bettermincuts). SHRINK-PROPis thusalsofaster
than mostprevious and currentflat (i.e., non-multilevel) state-of-the-artechniques.lIt is also promising
that SHRINK-PROP’s mincutresultsarewithin 2.5% of thoseof hMetis, which is onethe bestmultilevel
partitioners Multilevel partitioningis a paradigmthatcanbe combinedwith PROPandSHRINK-PROPto
obtainevenbetterresults.However, flat partitionerssuchasPROP and SHRINK-PROP areprobablymore
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suitablefor comple placemenproblems suchasthosefor sub-micronVLSI with multiple objectvesand
constraints.

Besideghesignificantimprovementsn mincutresults,our new techniquesiave alsodemonstratethat
theiterative-improvementapproactcanbe effectively usedwith moreinformedgain functionsto partition
verylargecircuits. Thesignificanceof this new-foundefficagy of theiteratve-improvementparadigmis that
it hasmary adwantageshatcannow bereadilyexploited. Chiefamongthemis thatthe node-mee process
inherentin this approacHendsitself to a high degreeof flexibility in tuningthe objective of thepartitioning
procesgo numerougyoalslike min-cut, delay minimizationand power minimization. This flexibility also
facilitatesthe partitioningprocesdo work with almostary givendesignconstraintdik e requiredsizeratio
betweerpartition subsetsgrosstalkboundingand uniform thermaldistribution. This meanghatiterative-
improvementbasedechniquesanbereadily adaptedo changingdesignflows and procesgechnologies,
andarethusscalablewith time. Otherpartitioningapproachearenotsoflexible or scalable Henceterative-
improvementwith new gainfunctionssuchasthosein PROPandSHRINK-PROP, emegesasa powerful,
yetefficient, paradigmfor partitioningandplacinglarge andcomple circuits.

The probabilistic-gairbasedterative-improzementapproachalsoopensup a numberof exciting pos-
sibilities, for example k-way partitioning,multiple-FPGApartitioning,andtiming-driven partitioning,that
canalsobe tackledusing probability-basedookaheadconcepts. Theseissueswill be exploredin future
research.
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