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Abstract

Iterative-improvement2-way min-cut partitioning is an importantphasein mostcircuit placementtools, andfinds
usein many otherCAD applications.Most iterative improvementtechniquesfor circuit netlistslike the Fiduccia-
Mattheyses(FM) methodcomputethegainsof nodesusinglocal netlist informationthat is only concernedwith the
immediateimprovementin thecutset.Thiscanleadtomisleadinggaininformation.Krishnamurthysuggestedalooka-
head(LA) gaincalculationmethodto amelioratethissituation;however, asweshow, it leavesroomfor improvement.
We presentherea probabilisticgain computationapproachcalledPROP (PRObabilisticPartitioner)that is capable
of capturingthe future implicationsof moving a nodeat the currenttime. We alsoproposean extendedalgorithm
SHRINK-PROP that increasesthe probability of removing recently“perturbed”nets(netswhosenodeshave been
movedfor thefirst time) from thecutset.This is necessary, sincein a regularmoveprocess,theremoval probabilities
of mostnetseitherremainunchangedor evendecreasewhentheir nodesaremovedfor thefirst time. Experimental
resultson medium-to large-sizeACM/SIGDA benchmarkcircuitsshow thatPROPandSHRINK-PROPoutperform
previousiterative-improvementmethodslike FM (by about30%and37%,respectively) andLA (by about27%and
34%,respectively). BothPROPandSHRINK-PROPalsoobtainmuchbettercutsizesthanmany recentstate-of-the-art
partitionerslike EIG1,WINDOW, MELO, PARABOLI, GFM andGMetis(by 4.5%to 67%). We alsoshow that the
spaceandtime complexities of PROP andSHRINK-PROParevery reasonable.Our empiricaltiming resultsreveal
thatPROPis appreciablyfasterthanall recenttechniquesexceptGMetis—allotherpartitionersincludingourswork
onflat netlists,while GMetisusesmultilevel clustering,which is a paradigmorthogonalto basicpartitioning,andcan
beusedin conjunctionwith any partitioner. Further, PROPis only a little slower thanFM andLA, bothof which are
veryfast(but givesub-optimalresults).SHRINK-PROPis abouttwo timesslowerthanPROP, but still fasterthanmost
recentpartitioners.We alsoobtainresultson themorerecentISPD-98benchmarksuitethatshow similar substantial
mincut improvementsby PROP andSHRINK-PROP over FM (24% and31%, respectively). It is alsonoteworthy
that SHRINK-PROP’s resultsarewithin 2.5%of thoseobtainedby hMetis, oneof the bestmultilevel partitioners.
However, themultilevel paradigm,asmentionedabove, is orthogonalto SHRINK-PROP. Further, sinceit is a “flat”
partitioner, it hasadvantagesoverhMetisin partition-drivenplacementapplications.
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1 Intr oduction
VLSI circuitpartitioningisanimportantproblemin designautomationof VLSI chipsandmultichipsystems.

It isusedto reduceVLSI chiparea,reducethecomponentcountandthenumberof interconnectsin multiple-

FPGAimplementationof largecircuitsor systems,facilitateefficientparallelsimulationof circuits,facilitate

designof testsfor digital circuits andreducetiming delays. A commonlyusedapproachto solving the

partitioningproblemis to initially obtaina min-cut2-way partitionof thecircuit in which it is partitioned

into two subsetssuchthat thenumberof netsconnectingnodesin differentsubsetsis minimized. Thereis

generallya balancecriterionwith respectto thenumberof nodesor componentsthatcanbeplacedin any

onesubset;for example,equalnumberof nodesor componentsin bothsubsets,or nomorethan55%of the

nodesin any subset.Eachsubsetis furtherpartitionedinto two smallersubsetswith a minimumcut, and

soforth until wehave recursively partitionedthecircuit into eithera prespecifiednumber
�

of subsets(thus

obtaininga
�
-way partition),or until eachsubsethasvery few nodes,say, 2 or 3, in it. If we areinterested

in minimizingchip layoutarea,thenat thispointweknow theapproximateplacementof nodeson it sothat

wiring andthuslayoutareais minimized. Othergoalslike timing minimizationcanalsobeachieved in a

similarmannerby assigningappropriateweightsto differentnets,andby changingtheoptimizationmetric

for thepartitioner(e.g.to min-max).

Formally, the
�
-waymin-cutpartitioningproblemcanbestatedasfollows. Letacircuit � berepresented

by a hypergraphor netlist �����
	���
�� , where 	 is thesetof nodesthatrepresentcomponentsof thecircuit

and 
 thesetof hyperedgesthat representthe netsof thecircuit. Eachhyperedgeor net connectstwo or

morenodestogether;generallytheoutputof a nodeis connectedto the inputsof severalothernodesby a

net. We will representa net ��� asa setof thenodesthat it connects.We denotethenumberof nodesin 	
by � , thenumberof hyperedgesin 
 by � , theaveragenumberof netsthata nodeis connectedto by ��� ,
theaveragenumberof nodesthata netconnectsby ��� , andtheaveragenumberof neighborsof a nodeby� ��������� ���! � —anode" is saidto beaneighborof anothernode# , if " and # areconnectedby acommon

net.A
�
-waypartitioningof � is asetof subsets$&%'��()	+*,�-	�./��0�0�0��-	 %

1
of 	 suchthateach#324	 belongs

to exactlyone 	5� . Let 6)* and 6�. betwo numbersbetween0 and1 suchthat 6,*8796�. , 6,*87  ;: � and 6�.=<  ;: � .
Then,an ��6,*;��6�.)� -balanced

�
-partition of � is definedasa

�
-partitionin which 6)*>7@?A	B�C? : �D7E6;. for each

subset	5� of $&% . We assumethatall nodeshave unit size;thebalancecriterionis easilychangedto reflect

sizeconstraintson thesubsetswhenthis is not thecase.Thecutsetof a
�
-waypartitioningis definedas


GF
H�I��J(;��IK2L
M?ONP"Q��#32L��ISR�0AT�0U"L24	 � ��#V24	UWX��YGZ�\[ 1

In otherwords,thecutset
 F]H�I is thesetof netsthatconnectnodesbelongingto differentsubsetsof $^% . The

costor sizeof thecutsetof $ % is definedas
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Here _ ��� I � is the costor weightof net � I that dependson the criterion we are trying to optimizewhen

partitioninga circuit. For example,if our goal is to minimize layout areaof the circuit on a VLSI chip,

then _ ��� I � is thewidth of net � I . If power minimizationis thegoalthen _ ��� I �on theswitchingprobability

of thenodedriving � I [10]. For timing minimization,a net is assignedweightproportionalto the longest

delaypaththroughit to ensurethat the lengthof critical or near-critical netsarekept asshortaspossible

[12, 27, 21]; in this case,theoptimizationmetricsproposedfor partitioningare(weighted)mincut[27, 21]

andweightedmin-max[12].

Recursive2-waypartitioningisanefficientandpopularapproachto obtaining
�
-waypartitionsfor

�qpsr
[9, 20, 30, 36, 35]. We will thusbe concernedherewith the 2-way min-cut partitioningproblem. Since

2-way min-cut partitioningis NP-complete[19], a numberof approximateschemeshave beenproposed.

Theseinclude iterative improvementmethods[16, 17, 23, 24, 29, 30], simulatedannealing[31, 32] and

clustering-basedtechniques[7, 5, 18, 20, 28, 29, 36, 35]. An excellentsurvey on partitioningtechniques

appearsin [6]. In iterative improvement,westartwith arandom2-waypartitionof thecircuit,anditeratively

improve it by eitherswappingpairsof nodesbetweenthesubsets,or moving onenodeat a time between

themso that thecutsetsizeis reduced.Clustering-basedmethodstry to find naturalclustersin thecircuit

andthenassignthemto the two subsetstherebyreducingthe cutsize. Iterative improvementmethodsare

alsosometimesusedasapreprocessingphasefor clusteringasin [7, 35,36]. Thusmincutpartitioningusing

iterative improvementis a fundamentaltool in obtaininggoodVLSI cell placement.

A numberof iterative min-cutmethodsfor graphor hypergraphpartitioninghave beenpreviously pro-

posed[16, 17, 23, 24, 29, 30]. KernighanandLin proposedthewell-known KL graphpartitioningalgorithm

usingpair swapsto improve a randominitial 2-waypartition[23]. Schweikert andKernighanextendedthis

algorithmto one(SK) thatcanhandlenetlists[30]. FiducciaandMattheysesgave asimilaralgorithm(FM)

for netliststhatalternatelymovessinglenodesbetweenthetwo subsetsof thepartitionasopposedto swap-

ping nodepairsat a time; this makes the processmoretime efficient [17]. They alsoproposedefficient

datastructuresto obtainfastpartitions.However, thesedatastructuresassumethatnetshave unit costsor

weights. If this is not thecase,aswhena circuit is partitionedto minimizepower dissipationon intercon-

nectsor to minimizecircuit delay[27, 21], thenthepartitioningprocessis muchslower, sincethebucket

datastructureof [17] canno longerbe usedfor storingnodesorderedby their gains. Dutt improved the

time complexity of the KL algorithmby discovering a resultthat establishedthat only a particularsubset

of t�� � . � nodepairsneedto besearchedin orderto determinethe bestnode-pairto swap,where
�

is the

maximumnumberof neighborsof any node[16]. This neighborhoodsearch strategy wasincorporatedin

the Quick Cut (QC) algorithm,which hasa worst-casetime complexity of u���vxw)y��]� � �C�{z}|O~����i� , andan

average-casecomplexity of u��]�Qz}|O~o��� ; theKL algorithmhasa timecomplexity of u���� . z}|O~o��� .
Thenode-gaincalculationsin all theabovealgorithms(KL, SK,FM andQC)useonly localnetlistinfor-

mation,andthis quiteoftengivesinaccurateindicationsof thepotentialimprovementthatcanbeobtained
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by moving a node(or swappinga nodepair),especiallysoin thecaseof hypergraphs.In [24], a lookahead

(LA) gaincalculationwasemployedto capturemoreglobalinformation.It givesbetterpartitionsthanFM,

but requireslargeamountsof memory, aswill bediscussedshortly, thusrenderingit infeasibleor veryslow

(due to frequentpageswaps)for useon medium-to large-sizecircuits. Somepre-clusteringtechniques

havebeenproposedin [34, 29] to remedytheweaknessof FM andKL in gettingtrappedin localminimafor

largecircuits;thetechniquesin [29] applydirectlyto graphs,thoughthey maybeextendibleto hypergraphs.

Very goodresultshave beenobtainedat thecostof considerableCPUtime increasesandimplementation

complexities.

In thispaper, wepresentapreciseprobabilisticgaincalculationmethodPROP(for PRObabilisticParti-

tioner),andanenhancedalgorithmSHRINK-PROPthatcapturemoreglobalandfuturistic informationthan

FM or LA. We show by a simpleexamplethatPROPselectsbetternodesto move thaneitherFM or LA.

Wealsorun testsoncircuit netlistsfrom theACM/SIGDA andISPD-98benchmarksuites,whichshow that

PROPperformsanaverageof 30%betterthanFM and27%betterthanLA, while SHRINK-PROPobtains

about37%and34%betterresultsthanFM andLA, respectively. We alsocompareour methodsto some

of the morerecenttechniqueslike EIG1 [20], WINDOW [7], PARABOLI [28], MELO [5] andGMetis

[4]. Resultsshow thatour new techniquesalsoperformssignificantlybetter(by 4.5%to 67%) thanthese

techniques.

The rest of this paperis organizedas follows. In Sec.2 we discusstwo previous relevant iterative

improvementmethodsFM andLA. Section3discussestheprobabilitygainformulationof PROPandderives

its complexities. Sec.4, we presentanenhancedalgorithmSHRINK-PROPthat attemptsto obtainlower

cutsizesby increasingtheremoval probabilityof recently“perturbed”nets.Section6 presentsthecutsizes

obtainedby PROP andSHRINK-PROPon medium-to large-sizeACM/SIGDA andISPD-98benchmark

circuits,andcomparesthemto the resultsof variousclassicalandstate-of-the-arttechniquessuchasFM,

LA, WINDOW, EIG1,MELO, PARABOLI, GFM, GMetisandhMetis.Conclusionsarein Sec.7.

2 Previous Iterati ve-ImprovementMethods
Herewe briefly describethe netlist partitioningprocessand node-gaincalculationsusedin the FM and

LA algorithms. Assumethat thereare � nodesin the hypergraph � , andthat it is beingpartitionedinto

()	+*,�-	B. 1 . TheFM gaincomputationis asfollows [17]. For eachnode" , let ����"S� bethesetof netsto which

" is connectedthatlie entirelyin " ’scurrentsubset,and 
3��"S� bethesetof netsthatbelongto thecutsetand

for which " is theonly nodeconnectedto themin " ’s partition.Thenthegainof " is givenby

�U�O��� ��"S����� e
�)�]�)�d� H,�

_ ������� � e
���a�)��� H,�

_ ��� W � (1)

This gain definition of a nodeis the decreasein the cutsetcost if it is moved to the other subset. The

partitioningprocessproceedsby determiningthenext bestnode "B� to move in the Y th stepasfollows. The
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“unlocked” node(initially all nodesareunlocked) with the maximumgain in eithersubsetis determined.

If thebalancecriterionon thetwo subsetscanbemaintainedaftermoving this nodefrom its currentsubset

to the otherone, it is chosenas the node "B� . Otherwise,the unlocked nodewith the maximumgain in

the othersubsetis chosenas "B� . Node "�� is thenmoved to the othersubsetand“locked”, andthe gains

of all its neighborsare updated. After all nodesare moved and locked in this manner, all prefix sums�
% ��� %I fQ* �U�O��� ��" I � arecomputed,and � is chosenso that the partial sum

���
is the maximum. The set

of nodesthatareactuallymovedarethen, (;"�*;��0�0�0;��" � 1 . This wholeprocessis calleda pass. A numberof

passesaremadeuntil the maximumgain �>���C� obtainedis 0. This solutionrepresentsa local minimum.

Empiricalevidenceon whatarecurrentlyconsideredsmallgraphs(hundredsto thousandsof nodes)shows

thatthenumberof passesrequiredto achieve a local minimais two to four [23, 17]; for largergraphs(tens

of thousandsto morethana hundredthousandnodes)this numberis about8 for theFM algorithmand10

to 12 for moresophisticatedalgorithmslike PROP.

As mentionedabove, �U�O��� ��"S� is the immediatedecrease(or increaseif it is negative) in thecutsetsize

thatwewill obtainonmoving " to theothersubset.However, it maybebeneficialto giveanodewith higher

potentialgainbut lower immediategainpriority overonewith muchlowerpotentialbut ahigherimmediate

gain. Krishnamurthydevelopeda schemethat estimatesthe potentialgain by usinga “lookahead”gain

vectorfor eachnode[24]. Considera gainvector �U�/��� ��"S�-� �U� of node " with
�

elements,andassumethat

"@2 	+* . The Y th elementof the vector is definedas the numberof netsconnectedto " that belongto

the cutsetandto which Y nodesin 	+* (including " ) areconnectedminusthe numberof netsin the cutset

connectedto " thathave Y �¡ nodesof 	�. connectedto them. A gainvector ¢ is saidto begreaterthana

gainvector £ if either ¢��  �Gp £o�  � or if thereexits an Y>¤ �
suchthat ¢{� [ � �¥£¦� [ � for all  7J[§7¨Y and

¢{� Y�©  �kp £o� Y�©  � . In practice,a lookaheadvalueof
� � r

to 4 givesthebestresults,andconsistently

givesbetterresultsthanFM. However, thememoryrequirementof theLA methodis u��ª� %���C� � , where� �«�C�
is themaximumnumberof pinson a node.Thusfor circuitswith with evena smallnumberof nodeswith

mediumto largeconnectivities, it canbecomepracticallyinfeasibleor veryslow to usea lookaheadof even

3. This is demonstratedby our experimentalresults(seeTable5 in Sec.6) which show that theCPUtime

morethandoubleswhenincreasingthe lookaheadfrom 2 to 3, andalsothat this time is morethanthatof

ourmoreinformedalgorithmsPROPandSHRINK-PROP.

Figure1 illustratesthedifferencesbetweenFM, LA andtheprobability-basedmethodPROP. Here,we

discussthegainfunctiondifferencesbetweenFM andLA; thedifferencesto PROParedescribedlater. For

simplicity, only nodesin 	�* areconsidered,andall netsareassumedto have unit cost.FM will give nodes

1, 2 and3 a gainof two, 10 and11 a gainof one,andall theothernodesshown a gainof -1. Sincenodes

1, 2 and3 have the samegain,FM canvery well chooseto move node1 first. However, it is easyto see

from thefigurethatbothnodes2 and3 arebettercandidatesto move first, sincemoving eitherof themwill

make it easierfor either8 and9 or 10 and11 to bemoved laterandthusobtaina greaterreductionin the
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Figure1: Illustrationof the improvementof PROPover theLA andFM algorithms:(a) FM andLA-3 gains(the
latter is only shown for nodes1, 2 and3). (b & c) Probabilisticgainsandnode-moveprobabilitiesafter(b) thefirst,
and(c) theseconditerationof nodegainandprobabilitycalculation.

cutset(i.e., nodes2 and3 have a betterpotentialgainthannode1). TheLA algorithmis ableto do better

thenFM in this regard. Assuminga lookaheadof 3 (LA-3), thenodegainvectorsfor nodes1, 2 and3 are

asfollows: �U�/��� �  �>�´� r ��µP��µ���� �¶�/��� � r �'��� r ��µP�  � and �¶�/��� �]·¶�'�¸� r ��µP�  � ; seeFig. 1(a). Thusby this

gaincalculation,node2 and3 arecorrectlyportrayedasbeingbetterthannode1. A little thoughtshould

alsoconvincethereaderthatnode3 is abettercandidateto movethannode2. Thereasonis thatbothnodes

10 and11 (to which node3 is connectedvia net � *i* ) are themselves bettercandidatesfor moving than

nodes8 and9 (thatareconnectedto node2 via net �{*º¹ )—moving nodes10 and11 (afternode3 hasbeen

moved)reducesthecutsetby threenets( �S»,���S¼ and �{*i* ), while moving nodes8 and9 (afternode2 hasbeen

moved),resultsin a cutsetreductionby only onenet �{*º¹ . Thus,neitherFM nor LA areableto completely

distinguishbetweennodes1, 2 and3 asshown by their gainvaluesin Fig. 1(a) (increasingthe lookahead

of LA beyond 3 doesnot changethis) in spiteof the fact that intuitively the distinctionbetweenthemis

obvious.Theprimaryreasonfor this is thatneithermethodis ableto accuratelypredictthefuturestateof a

net. Theprobability-basedmethodthatwe have devisedis ableto seethelikelihoodof futureeventsmuch

better, andis describednext. Wewill discusstheabove examplein thecontext of thismethodin Sec.3.4.

3 The Probabilistic-Gain Partitioner
Theprobability-basedmethodPROPdeterminesthebestnodeto bemovedat any point in thepartitioning

stageusingmuchmoreglobal andfuturistic informationthanLA or FM. We associatewith eachnode "
a probability ����½@��"Q�i� [abbreviatedas ����"S� ] of theevent ½@��"Q� that " will beactuallymovedto theother
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ProcedurePROP( ¾ );
/* ¾ is thehypergraphto bepartitioned*/
Begin

1. Eitherrandomlyor usingsomeclusteringtechniquespartition ¾ into two equal(or almostequal)sizedsubsets¿PÀ
and

¿UÁ
.

2. Repeatthefollowing steps(eachiterationof thesestepsis a pass) until thegain ¾�ÂdÃ�Ä obtainedaftera passis
lessthanor equalto 0.

3. For eachnodeÅ , eitherlet Æ�ÇÈÅPÉQÊËÆ¶ÌªÍ�Ì�Î , or determinethe Æ�ÇÈÅPÉ s from thenodes’deterministicgains.
4. For eachnode,iteratethroughthegaincalculationstepsusingEqns.(5) and(7), andÆ+ÇgÅ5É calculationÏgÐÒÑCÓ times
5. RepeatSteps6-8until all nodesarelocked,or nomoremovescanbemadeto meetthebalancecriterion.
6. Selectthe node Å with the bestgain in either subsetto be move to the othersubsetif the ÇgÔ À�Õ Ô Á É -balance

conditionis notviolated.Otherwise,movethebest-gainnodeÅ fromthatsubsetfor whichthebalancecondition
is notviolated.

7. Notetheimmediategainof thecurrentmove.
8. Lock all nodesmovedin thecurrentiteration,andupdatetheirunlockedneighborsasdescribedin Sec.3.5.
9. Computethe prefix sumsof the immediategainsof all movesmadeandnote the maximum ¾ ÂdÃ�Ä of these

sums.
10. If ¾ Â�ÃCÄ'Ö4× then begin

If ¾ ÂdÃ�Ä correspondsto the Æ th move then actuallymakeonly thefirst Æ moves
end
elseexit

End.

Figure2: Theprobabilistic-gainbasedpartitioningalgorithmPROP

subsetin the currentpassof the partioningprocess* . Note that ½@��"Q� is the event in which " belongsto

the subsetof actuallymoved nodes;it is not the event in which " is the only moved node. From ����"S� ,
we computethe probabilistic(or potential)gains(hereafteronly termedgain) Ø+��"Q� s of the nodes,which

givesusanaccurateindicationof thebenefitof moving themto theothersubset.An importantquestionis

how to obtainthenodeprobabilities����"S� s in thefirst place.Theobviousanswerto this is that they should

be computedfrom their respective (probabilistic)nodegains—higherthe gain,highershouldbe a node’s

probabilityof beingactuallymovedto theotherside.However, weneedto startoff thisprocessof chicken-

and-egg interdependency betweengainsandprobabilitiessomewhere,andwe do soby first determininga

roughestimateof the ����"Q� s in oneof two ways.In thefirst method,at thebeginningof apass,we“blindly”

assignall nodesthesameprobability ���Ù�,� I . In thesecondmethod,wefirst determinethedeterministicgains
�U�O��� ��"S� s of nodesasgiven by Eqn.1 for the FM method. From thesedeterministicgains,we determine

the initial probabilitiesof the nodes(functionsfor determiningprobabilitiesfrom gainsarediscussedin

Sec.3.3).Thismethodgivesusreasonablefirst-cutprobabilityestimates.

Oncewe have this initial probability (by eitherof theabove two techniques),we computethe(proba-

bilistic) gainsof nodesasexplainedshortly. From thesegains,we recomputethe nodeprobabilities,and

from theseweobtainmoreaccuratenodegains.Thiscyclecancontinuefor afew iterations,thoughthebest

resultsareobtainedfor only oneiteration;seeSec.5.1 for anexplanationof this phenomenon.After thisÚ
Notethata nodeis actuallymovedfrom its original subsetto theotheronein aniterative-improvementschemelike KL, FM

andPROP, if its “virtual” move lies within the rangeof the maximumprefix gain that is computedafterall nodesare(virtually)

moved.Nodesbeyondthis rangearenotactuallymovedandrevert backto theiroriginalsubset.
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initial processis completed,we move nodeswith thebestgainsbetweenthe two subsetsjust like in other

iterative improvementmethods.After eachmove, we updatethenodegainsandprobabilitiesasexplained

in Sec.3.5. Also, with eachmove we notethe immediategain achieved,which is thenumberof netsthat

areremovedfrom thecutsetminusthenumberof netsthatareintroducedinto it on thatmove. At theend

of thecurrentpass,weactuallymake movesto thatpointwhich givesthemaximumprefix immediategain,

asin FM andLA. Note that theprobabilisticgain is usefulin determiningwhich nodesto move that will

ultimatelyyield themostimprovementin thecutset,thoughtheimmediategainof thatmovemightbesmall

or even negative; dueto moving sucha nodeat the presenttime, we expectthat somefuture moveswill

have largeimmediategains.It is thisdeterminationof probabilisticgainsof nodes,initially, andafterevery

move, thatis thekey to obtainingmuchbetterperformancethanpreviousdeterministic-or immediate-gain

basediterative improvementmethodslike FM andLA. Thepartitioningalgorithmis describedformally in

Fig. 2.

3.1 The SampleSpaceof NodeMoves

Beforedescribinghow nodegainsarecomputedfrom nodeprobabilities,we establishthatgivenany setof

nodeprobabilities,the samplespaceof eventsrepresentingsubsetsof nodesthat areactuallymoved in a

passis a valid probabilityspace.All discussionsin this andlatersectionsrelateto a singlepass.Further,

whenever we refer to themove of a node(andtheprobabilityof a move), we meantheactualmove of the

node,not its virtual move (all nodesarevirtually movedin aniterative-improvementtypeapproach.).

We first describesomeconceptsof conditionalprobabilities[33]. Let Û and Ü be two eventswith

probabilities����Û&� and����Ü3� , respectively, of occurring.Theevent Û=Ü is onein whichbotheventsÛ and Ü
occur, andits probabilityis denotedby ����Û=Ü3� . ����Û�?/Ü3� is theconditionalprobabilityof event Û occurring,

giventhatevent Ü hasalreadyoccurred.If theoccurrenceof Ü raises(lowers)thelikelihoodof Û occurring,

then����Û¨?XÜV� p ����Û&� (����Û¨?OÜ3�o¤§����Û&� ), andif theoccurrenceof Ü doesnot affect thelikelihoodof Û ’s

occurrence,then Û is saidto beindependentof Ü , and����Û�?/Ü3���D����Û&� . In general,theprobability����Û8Ü3�
of botheventsÛ and Ü occurringis givenby ����Û8Ü3���D����ÛÝ?)Ü3��Þ]����Ü3� ; whenthey areindependent,this is

just ����Û&�{Þß����Ü3� .
Let the set of nodesbe 	à�á	+*'âã	B.ã�ä(;"+*,��0�0�0,��"B� 1 , and the probability that node "B� moves be

����"��
����µË7ã����"B�º��7  ; thus  k� ����"B��� is theprobabilitythat "�� is not movedin thecurrentpass.Thuswith

any event,representingthesubsetof nodesactuallymovedin a pass,we canassigntwo possibleoutcomes

for eachnode:eitherit is actuallymovedto theothersideof thepartitionor it remainsin its currentside.

Theorem 1 Givenanysetof nodeprobabilities,thesamplespaceof eventsrepresentingsubsetsof nodes

that are actuallymovedin a passof an iterative-improvementprocessis a valid probability space, i.e., for

anyevent 
 in thisspace
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(1) $V� 
 � <9µ .
(2) $V� 
åâqæ � ��$V� 
 � ©ã$V� æ � if 
�çËæ��åè .
(3) $V�Aé � �  , where é is thesetof all possibleevents.

Proof: See[11]. ê

3.2 Computing NodeGains fr om NodeProbabilities

We now describehow probabilisticnodegainsarecomputedfrom nodeprobabilities.For eachnode " , we

computeits gaincomponentsØ �)� ��"S� ’s correspondingto its connectednets � � . The total gain Ø+��"S� of " is

thenobtainedas Ø+��"S�8� � H �)�)� ØO�/����"S� . A net ��� is saidto be locked in 	�* ( 	�. ) if any nodein it is locked

in 	+* ( 	�. ). A net is locked in thecutset, if it is locked in both 	�* and 	�. . In thenext two subsections,we

determineformulationsfor ØO�/����"S� for thetwo cases:when ��� is in thecutset,andwhenit is not.

3.2.1 Netsin the Cutset

For a subset
�

of nodesof oneof the subsets,say, 	+* , let ½@� � � denotethe event that all nodesin
�

are

actuallymovedto theothersubset,in thiscase,	�. , in thecurrentpass;theprobabilityof thiseventis denoted

by ��� � � . Notethat ½@� � � is not theevent in which only thenodesof
�

aremoved,but onewhich includes

themovesof nodesof
�

. Similarly, we define ëD� � � to betheevent in which no nodein
�

is movedto the

othersubset	�. , andits probabilityis denotedby ��� � F � . Whenever themeaningis clear, we will abbreviate

½¥� � � and ëD� � � by
�

and
� F , respectively (or � � � and � � F � for clarity, whenthey arebeingintersectedor

AND’ed with otherevents,e.g., � � * � � � . � ). Furthermore,singletonsets (;" 1 and (;" 1 F areabbreviatedby "
and " F , respectively.

Let "E2ì	+* be connectedto net ��� , which belongsto the cutset. We denotethe set ���{çD	5í by ����î í ,
6ï�  � r . Let � *ßð>.� ( � .�ð&*� ) betheevent in which net ��� is removedfrom thecutsetby moving all nodesin

� ��î * ( � ��î . ) to 	 . ( 	 * ). Wedefine����� *ßð>.� � as

����� *ßð^.� �K�ñ�Òò�m�|Oó�w/ó�ôgzgô}T�õö|O÷�� � ó�l�ôgø5~>m�l�vx|;ùOl�ú3÷�m�|XvÝT�j5lGû�ü5T�Ril�T�ó�õxv�|,ù�ôgøB~&wOzgz5ø5|Pú5l�R�ôgø�� ��î * Ti|ï	 . �
and����� .�ð&*� � as

����� .�ðö*� �K�ñ�Òò�m�|Oó�w/ó�ôgzgô}T�õö|O÷�� � ó�l�ôgø5~>m�l�vx|;ùOl�ú3÷�m�|XvÝT�j5lGû�ü5T�Ril�T�ó�õxv�|,ù�ôgøB~&wOzgz5ø5|Pú5l�R�ôgø�� ��î . Ti|ï	 * �
Note that ����� *ßð>.� � [ ����� .�ð&*� � ] implicitly takes into accountthe probability that no nodein � ��î . ( � ��î * ) is

movedto 	+* ( 	�. )—if this is not thecase,��� cannotberemovedfrom thecutset.Since � *ßð>.� and � .�ð&*� are

mutuallyexclusive events,theprobability �������
� of removing ��� from thecutsetis

�������
���ý����� *ßð>.� ��©þ����� .�ðö*� �
9



Thereareonly two possibilitiesassociatedwith a node " —it eitheris actuallymoved(beforethemax-

prefix point) or not—in thefinal partitioningsolution.We needto computethepotentialeffect in termsof

netremoval probabilities,of thesetwo possibilitiesoneachnet ��� connectedto " . Theterm ����� *ßð>.� ?X"S� is

thisprobabilityfor ��� when " is moved,while ����� .�ð&*� ?/" F � is thisprobabilitywhen " is notmoved.Instead

of consideringthesetwo termsseparatelyfor thetwo possibilitiesfor " , wecansubtractthesecondfrom the

first to indicatewhetherit is betterfor " to moveor not—apositive resultindicatesit is, while anon-positive

result indicatesit is not. It is this result that we computeas ØO�)����"Q� , which is " ’s “gain for moving” with

respectto net ��� . Thus

ØO�)�C��"S�d� _ �������-� ����� *ßð>.� ?)"Q� � ����� .�ð&*� ?/" F � � (2)

In [11], adetailedrationaleis givenfor thefollowing practicalapproximationsof theterms����� *ßð>.� ?/"Q� and

����� .�ð&*� ?/" F � :

����� *ßð>.� ?)"S�KÿD��������î *'?/"S��ÿ �H�� �¶���/��� Ú���� H�	i� ����"B��� (3)

����� .�ðö*� ?)" F �dÿ �H�
 �,�/��� � ����"�
O� (4)

FromEqns.2, 3 and 4, weobtain

ØO�)�C��"S�dÿ _ �������-� �H�� �U�ª�)��� Ú���� H�	i� ����"���� � �H�
 �,�/��� � ����"�
X� � (5)

3.2.2 Internal Nets

We now considerthegaincontributedto " by a net ��� that is not currentlyin thecutsetandis not locked

in thesubset,say, 	 * , that it lies in. No additionalformulationis requiredfor suchnets—Eqn.2, reiterated

below, alsoprovidesthegaincontributionsof suchnetsasfollows.

ØO�)�C��"S�d� _ �������-� ����� *ßð>.� ?)"Q� � ����� .�ð&*� ?/" F � �

The ����� .�ð&*� ?/" F � componentin Eqn.2 for suchnetsis 1, sinceit is alreadyin 	+* . Wethusobtain

Ø �)� ��"Q�d� � _ ��� � �-�  �� ����� *ßð>.� ?)"S�dÿ � _ ��� � �C�  �� ����� ��î * ?/"Q�
It is also interestingto try to derive ØO�/�i��"S� for internal netsfrom “first principles”. Net ��� will be

introducedinto the cutsetwhen " is moved from 	�* to 	�. . Thus, ØO�/����"S� shouldbe negative, but less

negative than � _ ������� , sinceeven though ��� will be introducedinto the cutset,thereis a likelihoodthat it

will subsequentlyberemovedfrom thecutsetby futuremoves.Thus Ø �)� ��"Q� shouldbe

ØO�/����"S�d� � _ �����
�C�Òò«m�|Oó�w/ó�ôgzÈô}T
õïT�jBw/T����+m�l�vxwOôgø�RKôgø�T�j5lkû�ü5T�R�l�T�w/÷�Til�mo"VôgRKvx|;ùOl�úS�
10



� � _ �������C�Òò�mC|Oó�w/ó�ôgzgôgT
õïT�jBw/T�ø5|OT�wOzÈz5ø5|�úBl�R�ôgø�����î * � (;" 1 h8ôgzgz¶ó+lGvx|;ùOl�ú4?O½@��"Q�i�
� � _ �����
�C�  G� ����� *ßð>.� ?/"Q�i�dÿ � _ �������C�  �� ��������î *'?/"S�i� (6)

We thusobtainthesameexpressionfrom first principlesasby applyingthegeneralformulationof Eqn.2

for thiscase.

Againproceedingasin thederivationof ��������î *=?O"S� in Eqn.3 (see[11]), weobtain

ØO�)�i��"Q�dÿ � _ �������C�  G� �H �,�)�)��� Ú���� H�	 ����"B���i� (7)

Thetotal gain Ø+��"S� of node" is thencomputedas

Ø+��"S��� e
H �,�/� Ø �/� ��"S� (8)

3.3 Computing NodeProbabilities

After thegainsof every nodehasbeencomputedby eitherusinga first approximationprobabilityof ���Ù�,� I
for eachnode,or by first computingtheir deterministicgains(Eqn. 1), their probabilitiesarecomputed

usingasuitablemonotonicallyincreasingfunction �d��Ø+��"Q�i� of theirgains.Thisfunctiontakesthemaximum

gain ØO���-� andminimumgain Ø/�«�Ù� into account.Functionsthatwe have experimentedwith arelinear and

semi-Gaussian, andarespecifiedbelow.

Therearetwo caveatswith probabilitycalculation. Oneis that, sincethereareno certaintiesin node

moves, it seemsreasonableto establisha maximumprobability �����-��7  and a minimum probability

���«�ª� p µ within which interval all nodeprobabilitieslie . . The secondcaveat is to establishupperand

lower gainthresholdsØ H � and Ø���� , suchthatall nodeswith gainsgreaterthanor equalto Ø H � will getprob-

ability ���«�C� , while thosewith gainslower than Ø���� will getprobability ���«�ª� . Therationalefor establishing

thresholdsis that nodeswith high gains,say, greaterthan2, will be moved to the othersubsetwith very

high likelihood,andthosewill very low gains,saylessthan-1, will mostlikely not beactuallymoved in

the currentpass. Thus Ø H � and Ø���� shouldreplaceØO���-� and Ø/�«�ª� , respectively, in the above probability

functions.Thesefunctionsarecompletelyspecifiedbelow, whereweassumethat � ���Ù� p µ .
Linearprobabilityfunction:

�d��Ø+��"S�i���
����� ����
�����-� when Ø+��"Q� p Ø H �
�����Ù�>©��ª�����-� � ���«�ª���C��Ø+��"S� � Ø����)� : ��Ø H � � Ø����,� when Ø����'7ãØ+��"Q�«7ãØ H �
�����Ù� when Ø+��"Q�«¤ãØ����

�
Actually, it is notunreasonableto have ���� �"!$# , but ��� ��% needsto begreaterthan0.
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Semi-Gaussianprobabilityfunction:

�d��Ø+��"S�i���
�� � � ���-� when Ø+��"Q� p ØOH �
�����Ù�>©��ª�����-� � ���«�ª����� � � Ú� ��&('*) � &�� H)�È� ��+ Ú, ��&('-) � &�.0/ � � � when Ø+��"Q�«7ãØ H �

3.4 An Example

To illustratetheimprovementofferedby theprobability-basednodegaincalculationoverdeterministicones

like FM andLA, let usgo backto theexampleof Fig. 1. In this example,we usethemethodof obtaining

theinitial deterministicgainsof nodes(Eqn.1) andtheirprobabilities(usingsomemonotonicallyincreasing

function � of thegains).Figure1(b)shows theinitial gainsandprobabilitiesØ+��"Q���Ò����"S� for eachnode;note

thatthenodeprobabilitiesareconsistentwith a monotonicallyincreasingprobabilityfunction. We assume

for simplicity of expositionthatfor eachnet �{* to �{*i* in thecutset,their ����� .�ð&*� � termsareequal;thusthe

differencein thenodegainsØ���"S� s will only dependon their ����� *ßð^.� ?�"Q� terms(seeEqns.5 and7). In the

seconditeration,thenodegainsarecalculatedasfollows usingEqn.5 and7.

ØO� Ú �  �d�9ØO� � �  ���  �ºØO��1/�  �K����µP0 r �32=��µP0 µOµ  54 , thus Ø+�  �K� r 0 µOµ  54 ;
ØO��6/� r �d�9ØO� , � r ���  �ºØO� Ú87 � r �d����µP0 r � . ��µP0 µ:9 , thus Ø�� r �K� r 0 µ:9 ;
Ø ��; �]·¶�d�9Ø ��< �]·¶���  �ºØ � Ú�Ú �ñ��µP0�=¶� . ��µP0 4 9 , thus Ø+�]·¶��� r 0 4 9 .
Similarly, we obtain Ø��  µ��¦�åØ+�  O �o�  0�= . To obtainthegainsof nodes4 to 9, we assumethatnets �{*º. to

�{*�> thatarenot in thecutsetareeachconnectedto oneothernode(not shown) of probability0.5. We then

get Ø+�3=¶���9Ø+�3?¶��� � µP0 · andthegainsof nodes4 to 7 as � µP009@? . Thesegainvaluesandtheir corresponding

probabilitiesareshown in Fig. 1(c). Wenow clearlyseethatnode3 hasthehighestgainandis thusthebest

nodeto move aswe hadconcludedintuitively from Fig. 1. Notethatthe ����"S� s of nodes1, 2 and3 areall 1

(e.g.,when ØOH � � r ; seeSec.3.3);however, nodeselectionis basedon theirgains.

3.5 NodeUpdates

Whennet ��� is lockedin 	�. , thenfrom Eqn.3

����� *ßð>.� ��ÿ �H �;�)�)��� Ú ����"B��� (9)

sincethisprobabilityis implicitly conditionedonthepreviousmove(s)from 	 * to 	 . of thenode(s)currently

locked in ����î . . Also in this case,����� .�ðö*� �k�@µ , since����"Q�G�¥µ for a lockednode " . Equation9 doesnot

apply, however, when ��� is notlockedin 	B. , i.e,whenthisprobabilityis notconditionedonsomenodemove

to 	B. . FromEqns.3 and9, it follows thatwhen ��� is lockedin 	B. , thenfor anunlockednode"B��2L����î * ,
����� *ßð>.� ?)"B���d�ý����� *ßð>.� � : ����"B�P� (10)

12



FromEqns.5 and10,andthefact that ����� .�ð&*� �o�ñµ , Ø/�/�i��"B�P� for anunlockednode "�� 2§����î * , where ��� is

lockedin 	B. , is simplygivenby

Ø/�/�i��"B�P��� _ �����º�QÞi����� *ßð^.� ?)"����d� _ �����
��Þß����� *ßð>.� � : ����"B�P� (11)

Also, for " 
 an unlocked nodein � ��î . , where � � is locked in 	 . , we obtainusingEqn.5 andthe fact that

����� .�ð&*� �d�åµ ,
ØO�)�i��"�
X�d� � _ �����
�QÞi����� *ßð>.� ?/" F
 �K� � _ �����
�QÞ������ *ßð>.� �i� (12)

Similarexpressionsholdwhen ��� is lockedin 	+* , with nodes"�
ö24����î . on theunlockedsideandnodes

"B� 2s����î * on the locked sideinterchangingtheir roles. Theseequationsarevery usefulfor efficient node

updationafteramove,asdiscussednext.

After moving a node " , say, from 	+* to 	�. , we first update,����� *ßð>.� � and ����� .�ð&*� � of every net ��� that

" is connectedto. We follow this by updatingthe gainsof all nodesconnectedto eachsuch ��� (i.e., the

neighborsof " ) accordingto Eqn.11 or 12. We thenset����"Q����µ , to representthefact that " is locked. In

the following updatesteps,we assumethat the mostrecentmove (of node " ) wasfrom 	�* to 	B. ; a move

from 	�. to 	�* is handledin a symmetricfashion.For eachnet ��� connectedto " , theupdatingof thegains

of unlockedneighborsis performedin steps1 and2.

1. Update����� *ßð>.� � and����� *ßð^.� � for all � �BA " as

����� *ßð>.� �d�ý����� *ßð>.� � : ����"S��� ����� .�ð&*� �d��µ
As discussedabove, when ��� is not locked in 	�. , thenthe expressionof Eqn.9 doesnot hold for

����� *ßð>.� � . However, sincewedonotreallyusethevalueof ����� *ßð^.� � unlessit is conditionedonanode

moveor afteranodemove,for implementationefficiency wecomputetheRHSof Eqn.9 asits initial

value.Then,afterthefirst nodemovefrom ����î * to ����î . , theaboveupdateof ����� *ßð>.� � yieldsits correct

(approximate)new value.

2. Updatethe gain of all the unlocked neighborsof node " on net ��� . First consider" ’s neighbors

"��L2\	�* , i.e., "B� 2�������î * � (;" 1 � . Ø/�/����"��¶� is updatedusingEqn.11 andtheabove updatedvalueof

����� *ßð>.� � . Notethat it will never bethecasethat ��� is currentlynot in thecutset,sothatEqn.7 does

not needto be usedfor updates.Similarly for " ’s neighbors"�
42�	�. , we updateØ/�/�i��"�
U� by using

Eqn.12,andtheupdatedvalueof ����� *ßð>.� � .
Finally, thetotal gainsof theneighborsof " arerecomputedby subtractingthepreviousgaincompo-

nentscorrespondingto net ��� andaddingthecorrespondingupdatedgaincomponents.

3. Recomputetheprobabilitiesof all unlockedneighborsof " .

4. Set����"Q�d��µ .
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3.6 Time and SpaceComplexities

Recallthat � is thenumberof nodes,� thenumberof nets,��� theaveragenumberof pinspernode,i.e., the

numberof netsit is connectedto, ��� theaveragenumberof pinson a net,i.e., thenumberof nodesa netis

connectedto,
� �¨������� ���� � is theaveragenumberof neighborspernode.We define�!�Ý�S��� �@��� � as

thetotal numberof pinsin thecircuit. Evenif theaverageandmaximumvaluesof pinspernode,pinsper

netandneighborspernodearevery different,thetimeandspacecomplexities determinedbelow will hold,

sincethesecostsareamortizedover all nodesandnetswith varyingnumberof pins. We first considerthe

timecomplexities of thedifferentstagesof PROP.

Setting Up Data Structures: We have thestandardadjacency list for nodesandnets,andalsostorethat

netseitherin a bucket datastructureand/orin a balancedbinaryAVL tree[1] usingthenodes’gainsasthe

keys. This takes u��ª�Q� time. It alsofollows from this thatthespacecomplexity is u��ª�{� .
Initial Node Probability and Gain Computations: Oncewe have the initial first-cut probabilities,we

compute����� .�ðö*� � and����� *ßð>.� � for eachnet ��� accordingto Eqn.9 C ; if ��� is thenumberof pinson ��� , then

this takes u�������� time,andhencefor all netsthis processtakes u��
� ��gfQ* �������ìu��ª�Q� time. We thencompute

the ØO�)�i��"Q� of eachnodeby eitherEqns.5 or 7 andEqns.11 or 12 in constanttime. Also, computingthe

probability of a nodefrom its gain is a constanttime operation. Thuscomputing Ø+��"S� for node " takes

u���� � � time, andthusa total of u����S� � �¦�@u��ª�Q� time over all nodes.Oncewe have thegainsof all nodes,

recomputingtheir probabilitiestakesa totalof u������ time. Sincewehave only 2 or 3 iterationsin theinitial

phase,theinitial phase’s timecomplexity is u��ª�Q� .
Choosingthe BestMove: In thecaseof singlemovesandtheAVL treestructure,it takes u���z}|O~o��� time

to find the bestnodeto move. In the caseof a bucket datastructureit takesa constanttime to find the

bestnode,sincewe only look at thetopmostnonemptybucket in which therearetypically very few nodes.

Thusover theentirepass,thetime complexity of this phaseis u����>z}|O~���� for singlemovesusingAVL tree

storage,and u������ timeusingbucket storage.

NodeUpdation: The numberof entities(nodesandnets)updatedare ��� netsof themovednode " and�
neighborsof " . We seefrom Sec.3.5 thateachupdatestepfor netsandneighborsconnectedto " takes

constanttime. In theAVL treedatastructure,it takes u���zg|O~���� time to deleteandreinserta node;thusit

takes u�� � z}|O~o��� time to reinsertall updatednodespermove. This reinsertiontime is on theaverageu�� � �
for thebucket datastructure.Hencetheupdatingprocesstakesa total of u���� � z}|O~«��� time for theAVL tree

or u���� � � time for thebucket structurefor theentirepass.6
As notedin Sec.3.5,even thoughthesearenot thecorrectvaluesof theseprobabilitiesinitially, we usethesevaluesfor im-

plementationefficiency. Theseprobabilitiesareonly usedwhenconditioningthemonanodemoveor to updatetheseprobabilities

afteranodemove (usingEqns.10, in whichcasethecorrectvaluesareobtained.
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Thusthetime complexity of PROPfor anentirepassis either u���� � �¦��u��ª��� � � (usingthebucket data

structure)or u���� � z}|O~������Ju��ª��� � zg|O~���� (for theAVL treedatastructure).For VLSI circuits, � � is a small

constantlike4 andthusthetimecomplexitiesare u��ª�Q� and u��ª�8z}|O~���� , respectively, for thebucketandAVL

treedatastructures.Sincetheempiricalevidenceis thatonly a constantnumberof passesarerequiredto

obtainamin-cut2-waypartition,thetimecomplexity of PROPis thesameasthatfor asinglepass.Finally,

asmentionedabove its spacecomplexity is u��ª�Q� .

4 A StepFurther: SHRINK-PROP
An undesirablephenomenongenerallyoccursrelatedto net removal probabilitieswhenfor the first time

a net’s nodeis moved: the net’s removal probabilityeitherdecreasesor remainsunchanged.This causes

a lack in focusin removing this net from the cutsetasthe gainsof its nodeson its unlocked sidearenot

appropriatelyincreased,andthoseof its nodeson it lockedsidearenot appropriatelyreduced.Thusfewer

thanpossiblenetsareremovedfrom thecutsetin every pass.SHRINK-PROPis anenhancementof PROP

designedto counterthis phenomenonandtherebyincreasethenumberof netsremoved from thecutsetin

any pass.

Weclassifynetsin thecutsetinto threecategories:(1) Netsthathave somenodesmovedto 	+* , (2) nets

thathave somenodesmoved to 	�. , and(3) unperturbednets,noneof whosenodeshave yet beenmoved;

thefirst two categoriesof netsareperturbednets.We ignorelockednetswhosenodeshave movedto both

	+* and 	�. , asthey cannotberemovedfrom thecutsetin thecurrentpass.A netin category (1) canonly be

movedto 	+* , while onein category (2) canonly bemovedto 	�. . Unperturbednetscanbemovedto either

	 * or 	 . .
Locked Node

n1

p(n1) = p**2 (1−p)**2

n2

p(n2) = 2p**2 (1−p)**2

V1V2

Figure3: Movementprobabilitiesof perturbedandunperturbednets.

ConsiderFig. 3, which shows two similarly configurednetsin the cutset(eachnet hastwo unlocked
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nodesin eithersubset).Assumefor simplicity of exposition that every unlocked nodehasa probability

� of beingmoved. The movementprobabilityof the perturbednet �{* is �����{*;�&�ñ� . �  >� �Q� . , while that

of the unperturbednet �S. is �����S.;�ö� r � . �  >� �Q� . , sinceit canmove to either 	�* or 	�. with probability

� . �  =� �{� . . Notealsothatwhen �{* wasanunperturbednet, its removal probabilitywas ��D����{*;������C/�  8�
�Q� . ©V� . �  �� �Q� C �ý� . �  �� �{� . , whichis thesameasits removal probability �����{*�� right afterit is perturbed.

In general,a newly perturbednet’s removal probabilityeitherremainsunchangedor decreasesfor themost

interestingcases2 (see[11]). Further, �{* ’sremoval probabilitywill belessthanthatof asimilarlyconfigured

unperturbednet. This runscounterto a productive node-move processwhereinremoval probabilitiesof

perturbednetswill behigherthanthoseof similarly configuredunperturbednets. This enablesthe initial

nodemovesmadefor a cut netto beproportionatelyrewardedby theultimateremoval of thatnetfrom the

cutset.

Figure 4(a) shows the probability distribution of unperturbednets of similar configurations,while

Fig. 4(b) shows the distribution whensomenetsareperturbedthusdecreasingtheir relative probabilities.

As a result,theaveragenumberof netsremovedfrom thecutsetwill belower thanin aprocesswherethese

probabilitydecreasesareminimized,andbetterstill, reversed. It is thusdesirablethat the absoluteprob-

ability of a net increaseswhenit is first perturbed.The desiredprobability distribution of perturbednets

relative to unperturbedonesis shown in Fig. 4(c). A simplesolutionto achieve this effect is to increase

theweightof a net ��� by somefactorwhenit transitsfrom anunperturbedstateto a perturbedone. This

will substantiallyincreasethegainsandprobabilitiesof nodeson ��� on its unlockedside,anddecreasethe

gainsandprobabilitiesof its nodeson thelockedside(seeEqn.5). As a resultthenet’s removal probability

increasescomparedaprocessin which its weightremainsunchangedwhenit enterstheperturbedstate.

Finally, wenotethatin aregularmoveprocess(onein whichnetweightsremainunchanged),aperturbed

net’s removal probabilitywill alwaysincrease(by a factorof  ;: � , where� is theprobabilityof themoved

node)whenever anodeon it is movedfrom its unlockedto its lockedside.Thusit is only necessaryto take

careof thecasein whichanetmovesfrom anunperturbedstateto aperturbedone,by increasingits weight

onceat thatjuncture.

Procedurally, we usethefollowing efficient methodfor achieving weightmagnificationfor newly per-

turbednets.Thesestepsreplacethelast iterationof theinitial gaincalculationstagein PROP(steps2-4 in

Fig. 2).

1. Multiply all nodegainsØ+��"Q� s aswell ascomponentgainsØO�)����"Q� s by ashrinkfactor ��E , µ�¤F��E�¤  .
Effect: This hastheeffect of decreasingtheweightsof all nets(initially unperturbed)by a factorof��E .,

Thedecreasein theremoval probabilityof newly perturbednetsoccursin iterative-improvementpartitionersin which nodes

arelockedafterbeingmovedoncein apass.Nodelockingwasinventedin theclassicalKernighan-Linpartitionerto eliminatethe

possibilityof nodesthrashingfrom onesideto theother[23].
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themareperturbedin a “regular” iterative-improvementprocess,and(c) someof themareperturbedin a “weighted”
iterative-improvementprocess.

2. Updatenodeprobabilitiesof theneighborsof themovednode(keepingall netweightsunchanged).

Effect: The first time a net ��� becomesperturbed,the componentgains ØO�)����"Q� s of its nodesare

alsoupdatedfor thefirst time, andcomputedaccordingto � � ’s original (non-shrunk)weight. These

componentgainsthusexperienceamagnificationby a factorof  ;: ��E comparedto theregularprocess

in which all gainsare not initially shrunk. For subsequentupdatesof thesecomponentgains,no

furthermagnificationis obtained.All this hastheeffect of increasing� � ’s weightonceby a factorof

 ;: ��E whenit transitsfrom theunperturbedto theperturbedstate.

Therestof thestepsareexactly thesameasin Fig. 2. Thecomplexitiesof SHRINK-PROParethesame

asthatfor PROP; u���� � ���Eu��ª��� � � (usingthebucketdatastructure)or u���� � z}|O~«�����Eu��ª��� � z}|O~���� (for the

AVL treedatastructure)timecomplexity, and u��ª�Q� spacecomplexity.

Finally, we presenta qualitative comparisonof the CLIP algorithm [15] to SHRINK-PROP as both

increasetheweightsof perturbednets.In spiteof thissimilarity therearekey differencesbetweenthesetwo

algorithms.In CLIP, theweightincreaseof a perturbednetis infinite, while in SHRINK-PROPit is a finite

valueof  ;: � E . More importantly, they differ in the rationalethat led to theseweight increases.In CLIP

therationalewasenablingclustermovementacrossthecutline,while in SHRINK-PROPtherationaleis to

make the“reward” function(in termsof removal probabilitiesof connectednets)of the“energy” expended

in nodemovesmonotonicallyincreasing.Of course,the SHRINK-PROP strategy implicitly alsocauses

efficient clusterremoval by causingblocksof nodemovesto befocusedon removing clustersthatspanthe

cutline.

5 Effect of Parameter Valueson Solution Quality
The major parametersin PROP arethe initial probability, � �Ù�,� I , upperandlower thresholdsØ/H � �ºØ����*G and

thenumberof initial iterationsiter. A classificationandunderstandingof theeffect of variousvalueranges

for theseparametersis neededfor a determinationof “good” parametervaluesthatwill yield high solution
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qualitiesfor mostcircuits.With this in mind,weperformedsomeexperimentsto categorizeandunderstand

theseeffects.Weshouldnoteherethattheseexperimentsweredoneonaversionof thePROPprogramthat

determinedstrictnon-deviatedbalance-ratios,i.e., if thebalance-ratiowasspecifiedto be45-55%,thenthis

programobtainedsolutionsin which onesubsetsizewasstrictly 45%( H'µP0�I�J ) andthesecondsubsetsize

wasstrictly 55%( H>µP0�I�J ) of thetotalnodesize.This is unlike resultsobtainedin all pastpartitioningwork

aswell asthefinal resultsfor PROPandSHRINK-PROPpresentedin Sec.6 for thebestparametervalues,

in which a 45-55%balanceratio is interpretedasa rangewithin which thesubsetsizeshave to fit; thusa

48-52%ratio of subsetsizesis anacceptablesolution. ThusthePROPresultspresentedin this sectiondo

not match,andaresomewhat larger thanthosein Sec.6, andarenot comparableto thoseof otherwork.

However, theconclusionsdrawn from theexperimentsof this sectionandtherelative goodnessof various

parametervalueshold in the “regular” balance-ratiocase,sincethe fundamentalsof correctnode-move

selectionarethesamein bothcases.

5.1 Probability Convergenceand the Flip-Flop Effect

The first experimentwasto determineif the ����"Q� s convergedover somenumberof initial iterations.The

conclusionwereachedis thattheprobabilitiesdonotconvergewell all thetime,andsometimesprobabilities

of nodeson certainnetscompletelyreversetheir orderings—thisis calledtheflip-flop effect. It alsooccurs

duringnodeupdates.Theflip-flop effect leadsto inconsistentdecisionsin choosingthenext nodeto move,

as a prior nodechoice " followed by nodeupdatescan causea high-probabilityneighborto becomea

somewhat lower probabilityone(whenin fact, its probabilityshouldbecomeevenhigher). This canlead

to a next move of a node K that is outside" ’s neighborhood.Thusthepartitionercanlosefocusandjump

from onenetto thenext without removing themfrom thecutset.

Theflip-flop effect is depictedin Fig. 5, whereit is modeledastwo (or more)cross-coupledmonotonic

functionswhoseinputsandoutputsareprobabilitiesof neighbors.Figure5(a)showstheeffectwhichoccurs

betweenneighboringcellson the samesideof a partition (whenmultiple iterationsor updatesafternode

movesoccur). This effect is similar to thatof cross-coupledAND gates.If thecurrentprobabilityof "�* is

higherthan " . (e.g.,afterthefirst iterationat thebeginningof a pass,Ø���" * � p Ø+��" . � ), thenew probability

of "�. couldbecomehigherthan "�* ’s becauseof thehigh probabilityfed by "�* into thegaincalculationof

"�. and/orlow currentprobabilityof "�. fed into "�* ’s gain. Theprobabilitiesandgainsof thetwo cellswill

thencontinueto oscillatewith eachnew iteration(of gain-probabilitycomputation)or neighborupdateafter

anodemove.

Onewayto minimizetheflip-flop effect is to reducethenodeprobability-range.This limits theabsolute

probability changesdueto the flip-flop effect, andthusminimizesits negative impact. Empirical studies

showed that the bestprobabilitiesrangefor PROPis � µP0095�  0 µ � . Table1 comparesthe resultsobtainedfor

this probabilityrangeto thoseof thewider range � µP0  �  0 µ � —almost8% bettermincutsareobtainedfor the
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Figure5: Modelsof the flip-flop effect for (a) cells in the samesidewhich is similar to a cross-coupled

AND gates,and(b) cellsin theoppositesidewhich is similar to across-coupledNAND gates.

narrower range.

For neighboringcellson oppositesidesof a partition[Fig 5(b)], however, their probabilitiesnegatively

affect eachother’s probabilities,creatinganoverall positive feedbackon themselves.Thusinsteadof oscil-

lationswith new iterations,thehigh/low probabilityvaluesarefurtherstrengthened—highvaluesbecome

higherandlow valueslower, asseenin Fig 5(b).

Fromthesediscussions,wecanformulatethefollowing parametervaluesfor obtaininggoodsolutions:

L The numberof initial iterationsiter can be kept at 1 in order to minimize the flip-flop effect. A

reasonablediscriminationbetweennodegainsis alsoobtainedby �NMPORQ �  .L 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

(���ª�)� I ) valuethat accomplishesthis naturallywill leadto bettersolutionquality (all othereffectsof

���ª�)� I choicebeingequal).
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Test PROP7PSAÚUT�ÚNS 7 PROP7PS , T¶ÚNS 7
Case Min Avg Min Avg

balu 27 33.2 27 32.9
p1 47 60.6 47 62.8

bm1 47 59.8 47 60.5
t4 56 70.2 52 62.2
t3 58 72.6 57 77.1
t2 91 100.2 91 101.5
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

s9234 45 62.1 46 67.3
biomed 84 116.5 85 111.2
s13207 74 111.2 74 112.4
s15850 66 99.2 65 95.0

industry2 223 321.2 204 313.8
industry3 278 360.1 272 384.1
s35932 73 80.9 59 87.9
s38584 74 103.5 63 103.4

avq small 208 416.1 211 396.8
s38417 95 129.2 58 119.8

avq large 337 441.4 251 457.2

Total 2322 3201.3 2140 3204.4
% Improvement

Over - - 7.84 -0.09
PROP

Table1: Comparisonsof cutsizesfor thenon-deviated V:WYXZW�W�[ balancecriterionand20 runsproducedby PROP
with probability rangesfrom ×�\�] X ]�\ × and ×�\ V^X ]�\ × . TheMin columnis thebestresultfrom all theruns,theAvg
columnshowstheaveragecutsizeover thoseruns.
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Figure6: Averagecutsizeproducedby four differentcircuit with variousinitial cell probabilitiesfor 20runs.

5.2 Thresholds

Generally, a rangeof [1, 1.5[ for _:`(a is not discriminatingenoughfor many circuits, i.e., many marginal

nodesgeta probabilityof 1 leadingto anoverly optimisticprobabilitydistribution andincorrectdecisions.

Similarly, _�b�c valuesin the range]-1.5, -1] createsanoverly pessimisticprobabilitydistribution for many

circuits and thus bad nodechoices. The situationsare reversedfor _�`(aedgf (this causesa pessimistic

probability distribution) and _�b�cihkjlf (this causesa too optimistic distribution). Empirical resultsthat

bolstertheseargumentsshow thatthebestresultsareobtainedfor _�`(anmpo�q:r�sutvf�w and _�b�cxmpo�jlfutRjyq:r�s�w .
5.3 Initial Probability and the Clustering Effect

Theinitial probabilityvaluez�{�|�{�} hasthegreatestimpactonsolutionquality. In general,thesolutionquality

goeson improving with increasingz {�|�{�} that is lessthan1. Figure6 shows theplot of averagecutsizeover

variousinitial probabilitiesfor four differentcircuits.Theresultswereobtainedfor 20 runsof PROPwith a

thresholdsof ~�q:r�s . It is clearthatmuchbetterresultsareobtainedfor higherinitial probabilities.

Thereasonsfor this trendare:

1. Larger z {�|�{�} ’s lead to narrower probability rangesthat minimizesthe flip-flop effect. If the initial

probabilityis between��r�� and��r���� , thedifferencesin nets’removal probabilitiesz��U�������{ ) or z��U���(���{ �
will besmall (e.g., ��r����:������r���� , while ��r�����������r���f ). Thusnodegainsaresmallandin a narrow

range,andthustheprobabilityrangeis alsonarrow initially.

Figure7 showsseveralplotsof probabilitydistribution for circuits35932; thex-axisis theprob-

ability valuesfrom � to q andthey-axisis thenumbersof cellswith thoseprobabilities(theminimum

21



probabilityis setto ��r�q ). Theplotsshow theprobabilitydistribution atevery qR�@� of cell movesup to

s:�@� whichis aboutthemaximumprefixpoint,for variousinitial probabilities—��r�f , ��r�s , ��r�� and ��r���� .
Theseplotsclearlyindicatethatlargerinitial probabilitiesresultin narrowerprobabilitydistributions.

2. Larger z {�|�{�} ’s lead to small _��U� � s initially (with �N�P�R��� q ) and thussmall z��U� � s. This leadsto a

desiredmagnification(reduction)of neighborgainson thesameside(oppositeside)whena node �
is moved—wecall this theclusteringeffectasit causesthenodemove processto focuson removing

aclusterof tightly connectednodesstraddlingthecutlinebeforenodesoutsidetheclusteraremoved.

Considerfor examplea net � { with 3 nodes�¡t(� � t(� � in ¢ � andone ��£ in ¢ � shown in Fig. 8(a).

For z�{�|�{�}n�¤��r���� , the �¥{ -relatedgainsof ��t(� � t(� � is ��r����:��j¦��r����§�¨j^��r���f , while that for � £ is

qlj���r���� £ �©��r���� . Empirical resultsdo show that for z�{�|�{�}ª�«��r���� , most _�|:¬��U� � s arein therangeof

~���r���s , andcell gainsaremostlyin theorderof one-tenthof q . Thesevaluesareverysmallcompared

to thegainthreshold,andthuscell probabilitiesareconfinedwithin a very small range(between��r0­
and ��r�s ; seeFig.7). Figure8(a)showsaprobabilitydistributionof thefour nodesconsistentwith this.

Notethatthegainandprobabilitycomputationsproceedas:

z�{�|�{�}�®¯_�|:¬(�U� � ®¤_��U� � ®°z��U� �
At theendof thiscomputation,z��U� �����{ � �pz��U� �(± z��U� � �(± zB�U� � � �¦��r���� andz��U� �(���{ � �pzB�U��£ � �¦��r0­ .

When node � is moved, the new _ |:¬ valuesbecome_ |�¬ �U� � � �²z��U�������{ �*³ ��z��U� �x± z��U� � ��� �´��r0­ ,
_ |:¬ �U� � � �pzB�U�������{ �*³ ��z��U� ��± z��U� � ��� �¦��r0­@s , _ |:¬ �U��£ � �µj"z��U�������{ �*³ z��U� � �µj^��r�q5� . Thusthe _ |�¬ gains

of � � t(��£ have increasedgreatlyfrom their previous valueof -0.02,while that of ��£ hasdecreased

significantlyfrom its previousvalueof 0.06. Theresultingprobabilitiesareshown in Fig. 8(b), and

thenew zB�U�������{ � �µ��r�s�� . Theseeffectswill promotetheremoval of �¥{ from thecutsetby makingit

very likely for � � and � � to beamongthenext few movechoices.

Ontheotherhand,thesituationfor z {�|�{�} �¶��r�s is shown in Figs.8(c-d).As canbeseen,theinitial

_ |:¬ values(Fig. 8(c)) aremuchlarger in magnitudeandthis leadsto a wider probabilitydistribution

([0.1,1]; seeFig. 7), andsucha distribution is shown in Fig. 8(c). Dueto themuchlarger z��U� � value

of 0.8 in this case,the z��U�������{ � value,which increasesby a factorof q ³ z��U� � after � is moved,does

not increaseasmuchas in the z {�|�{�} �·��r���� case. Since zB�U�������{ � contributespositively to the _ |:¬
gainsandprobabilitiesof � � and � � , andnegatively to thoseof � £ , thelatterdonot increaseasmuch,

while theformerdonotdecreaseasmuch,asin the z�{�|�{�}��¦��r���� case;seeFig. 8(d). Hence� � and � �
maynothave ahigh likelihoodof beingamongthenext few nodeschosento bemoved,andthus � { ’s
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Figure7: Probabilitydistribution of circuits35932 at four differentstagesduringthepartition(beginning,

qR�@� , f:�@� and ¸:�@� of cellsmoved),andvariousinitial probabilities(0.2,0.5,0.7,0.98).

23



V1 V2 V1 V2

p      = 0.98init

V1 V2

p      = 0.98init

V1 V2

initp      = 0.5 initp      = 0.5

u3
u

u2

u1
ni

move(u)

Cutline

u3 u2

u1
ni

Cutline

p(u3)=0.2
g_ni(u3) = 0.875

g_ni(u1) = -0.25

u3
u

u2

u1

p(u)=0.5

p(u1)=0.45

p(u3)=0.4

ni

p(u2)=0.4

move(u)

Cutline

(a)

g_ni(u3) = 0.06

g_ni(u1) = -0.02

g_ni(u2) = -0.02

g_ni(u) = -0.02

g_ni(u2) = -0.25

g_ni(u) = -0.25

p(u3)=0.9

p(u)=0.8

(c) (d)

u3 u2

u1
ni

Cutline

(b)

g_ni(u2) = 0.45

g_ni(u1) = 0.4
p(u1)=0.7

p(u2)=0.8p(u3)=0.2 u
p(u)=0

u
p(u)=0

p(u1)=0.2

p(u2)=0.1

g_ni(u1) = 0.1

g_ni(u2) = 0.2

p(u1)=0.4

p(u2)=0.3

g_ni(u3) = -0.02

g_ni(u3) = -0.18

Figure8: Effectof Æ¶Ì�¹�Ì�º valueon thecorrectpromotionanddemotionof neighborprobabilitiesonmoving node» :
(a-b)Rightpromotionanddemotionfor Æ Ì�¹;Ì�º Ê½¼�¾ ¿�À ; (c-d)Depressedpromotionanddemotionfor Æ Ì�¹�Ì�º Ê½¼�¾�Á .

removal from thecutsetmaynotbecorrectlypromotedafter � ’s move.

5.4 Parameter Valuesfor SHRINK-PROP

Althoughahigh z {�|�{�} worksbestfor PROP, asmall z {�|�{�} of 0.2or 0.3worksbestfor SHRINK-PROPalong

with similar threshold(_ `(a t*_�b�c ) valuesasfor PROP. Thereasonfor this is thattheSHRINK-PROPgainand

probabilitycomputationis performedas:

z�{�|�{�}�®¯_�|:¬��U� � ®Â_��U� � ®´ÃvÄ@�Å�ÇÆ�È¥�Ç_��U� ��� ®°zB�U� �
With asmallz {�|�{�} , wewill initially obtainawiderspreadof _ |:¬ valuesasexplainedin Sec.5.3.However,

thesubsequentshrinkingof gainvaluesresultsin a narrower spreadsimilar to that for PROPwith z�{�|�{�}Y�
��r���� . The resultingprobabilitydistribution is thusalsosimilarly narrow. Thussimilar positive effectsof

reductionof theflip-flop effect, andcorrectpromotionanddemotionof neighborprobabilitiesaftera node

move (the clusteringeffect) is obtained. For a high z {�|�{�} for SHRINK-PROP, the pre-shrunk_��U� � s will

startwith a narrow distribution which will bemadeoverly narrow aftershrinking—thishastheundesirable

effect of very smalldiscriminationamongnodegains.Further, coupledwith theexplicit magnificationand

reductionby a factorof q ³:É�Ê , a high z {�|�{�} alsocausesa disproportionateneighbor-gain magnificationand

reductionaftera nodemove. This makesthegain/probabilitydistributionssoskewedthatno otherfactors

besidesbeingneighborsof movednodes,ontheright or wrongside,haveameasurableeffectonnodemove

selection.A goodgainfunctionis onewhichcanstrike agoodbalancebetweenthetotalnon-weightedgain

andtheweightedgaincomponentscorrespondingto movedneighbors.
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6 Final Experimental Results

We have obtainedresultson two benchmarksuites,the ACM/SIGDA andISPD-98[2] suites,for PROP

andSHRINK-PROP, aswell asFM andLA for comparisons.We alsocomparePROPandSHRINK-PROP

to variousotherprior andcurrentstate-of-the-artpartitionerslike WINDOW, EIG1, MELO, PARABOLI,

GFM, GMetisandhMetis.

6.1 ACM/SIGDA Benchmarks
CutsizeResults: Tables3 and4 givecutsizeresultsfor the50-50%and45-55%balancecriterion,respec-

tively, for medium-to large-sizeACM/SIGDA benchmarkcircuitswhosenumberof nodes,netsandpins

aregiven in Table2. We assumethatall nodesizesareunity; all previousmethodsto which we compare

our resultsmake thesameassumption.Furthermore,thebalanceconditiongiven is strictly adheredto for

every move in a pass(no violating movesareallowedat any point) asspecifiedin Fig. 2. For boththe50-

50%and45-55%balancecriterion,PROPusesthefollowing parametervalues:z�{�|�{�}Ë�µ��r���� , z�ÌËÍvÎ��Ïq:r�� ,z Ìª{�| �¨��r0­ , the linear probability function, _�`(a¦�Ðq:r��:s , and _�b�ci�Ñjyq:r��:s . SHRINK-PROP usesthe

parametervalues: z {�|�{�} �°��r�¸ or ��r�f that is dynamicallychosenbasedon whetherthe circuit is large ( d
10,000nodes)andrelatively dense(i.e., the averagenumberof pins per cell is greaterthen3.5 or much

greaterthentheaveragenumberof pinspernet),or not, respectively, z ÌËÍÒÎ �°q:r�� , z ÌË{�| ����r�q , the linear

probabilityfunction, _:`(aÓ�Ôq:r��:s , and _�b�cy�Ôj�q:r��:s , andtheshrinkfactor É�Ê �«��r�q . Thecutsetsgenerated

by SHRINK-PROPwerefurtherrefinedby PROP(usingtheabove PROPparameters);the timesreported

for SHRINK-PROPincludethepost-processingtime for PROP. Percentageimprovementsarecalculatedas

(mincutimprovement/largermincut)Õ^qR��� .
Table3 comparescutsetsizesfor the50-50%balancecriterionproducedby FM ��Ö , FM �(Ö , FM �*Ö�Ö (FM

run with 20,40 and100initial randompartitions,respectively), WINDOW [7] (whichusesFM ��Ö asa final

phase),andPROPandSHRINK-PROP, bothusing20 runs.Thecircuitsfor which theseresultsareshown

Test # of # of # of Test # of # of # of
Case Cells Nets Pins Case Cells Nets Pins

balu 801 735 2697 s9234 5866 5844 14065
p1 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: Benchmarkcircuit characteristics.
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Cut Sizes:50-50%Balance
Test PreviousMethods Probability-BasedMethods
Case FM ×8ØUØ FM ÙUØ FM ÚÛØ LA-2 ÚÛØ LA-3 ÚÛØ WIN- PROPÚÛØ SHRINK-

DOW PROPÚÛØ
balu 32 32 32 31 31 32 31
p1 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

s9234 53 59 59 57 58 55 49
biomed 83 83 83 122 91 164 88 83
s13207 92 101 101 81 89 83 72
s15850 112 120 120 122 75 73 69

industry2 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 SizeImpr ovements
Methods
PROPÚÛØ 22.3% 26.9% 30.0% 27.3% 16.6% 25.9% - -

SHRINK-PROPÚÛØ 29.7% 33.8% 36.6% 34.2% 24.5% 33% 9.5% -

CPUTime 2555(b) 1022(b) 511(b) 1181(b) 5331(b) Ü �*Ý���� 2383/1255(t) 4433/2610(t)
(secs) 7501(t) 3000(t) 1500(t) (3 ckts.) (all/3 ckts) (all/3 ckts)

Table3: Comparisonsof cutsetsizesof ACM/SIGDA benchmarkcircuitsfor the50-50%balancecriterionproduced
by threeversionsof FM (with 20, 40 and100 runs),LA-2 andLA-3 (eachwith 20 runs),WINDOW [7] in which
clusteringis followedby 20runsof FM, andPROPandSHRINK-PROP, eachwith 20 runs.For PROPandSHRINK-
PROP, totalcutsareshown for all circuitsandthe11circuitsfor which resultshavebeenreportedfor WINDOW, and
the total CPUtimesaregiven for all circuitsandfor the3 circuitswhosetimeswerereportedfor WINDOW. In the
CPUTimerow, a ‘(b)’ indicatesa bucketdatastructureanda ‘(t)’ a treedatastructure,andis usedto differentiatethe
effectof thedatastructurefrom therestof thealgorithm’s timecomplexity—thebucketdatastructure,which is more
time-efficient,canonly beusedif all netcostsareassumedto beuniform,which is not thecasefor someobjectivesof
partition-drivenplacementlikeperformanceoptimization.
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Cut Sizes:45-55%Balance
Test PreviousMethods Probability-BasedMethods
Case MELO Paraboli EIG1 GFM GMetis PROPÚÛØ PROPÞUØ SHRINK-PROPÚÛØ
balu 28 41 110 27 27 27 27 27
p1 64 53 75 47 47 47 47 47

bm1 48 75 48 47 47 47
t4 61 207 49 50 50 48
t3 60 85 62 58 57 57
t2 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
s13207 104 91 110 66 74 80 67 68
s15850 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
s35932 62 105 41 57 59 49 46
s38584 55 76 47 53 62 52 49
s38417 49 121 81 69 58 58 58
golem3 1629 5379 2111 1465 1425 1374

Total Cut Sizes
13circuits 1129 1170 1082 1082
14circuits 2926 2635 2507 2456
16circuits 1554 1229 1163 1162
21circuits 8984 3789 3122 2991 2932

PROP-Based Cut SizeImpr ovements
Methods
PROPÚÛØ 20.9% 9.95% 65.2% -3.5% 17.6% - - -
PROPÞUØ 25.2% 14.3% 66.7% 4.2% 21.1% 4.2% - -

SHRINK-PROPÚÛØ 25.2% 16.0% 67.4% 4.2% 22.6% 6.1% 2.0% -

Table4: Comparisonsof cutsetsizesof ACM/SIGDA benchmarkcircuitsfor the45-55%balancecriterionproduced
by ournew algorithms,PROP(20and80runs)andSHRINK-PROP(20runs),to previousstate-of-the-arttechniques,
MELO [5], PARABOLI [28], EIG1 [20], GFM [26] andGMetis[4].
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arethesameasthosefor whichresultswerereportedin [14], andareasubsetof thecircuitsgivenin Table2.

PROPandSHRINK-PROPcutsizesareon theaverage30%and36.6%betterthanFM ��Ö , respectively, and

22%and29.7%betterthanFM �*Ö�Ö , respectively. Notealsothataswe increasethenumberof runsfor FM,

we startgettingdiminishingreturns;thuswe probablycannotdo muchbetterif we increasethenumberof

FM runsbeyond100.PROPandSHRINK-PROPalsoyield 27%and34%betterresultsthanLA-2 ��Ö , 16.2%

and24%bettercutsizesthanLA-2 �(Ö , andabout17% and24.5%betterresultsthanLA-3 ��Ö , respectively.

They alsoperform26%and33%betterthanWINDOW, respectively. SHRINK-PROPyields9.5%better

resultsthanPROP, at acostof beingonly a factorof two slower; seelastrow of Table3.

In Table4, we comparetheperformanceof PROP��Ö , PROPß Ö andSHRINK-PROP��Ö to recentstate-of-

the-artmethodslike EIG1 [20], PARABOLI [28], MELO [5], GFM [26] andGMetis [4] for the 45-55%

balancecase.Theprobability-basedmethodsyield muchbettercutsizesthantheseothermethods.PROP��Ö
is 65% betterthan EIG1, 21% betterthan MELO, 10% betterthan PARABOLI, and 17.6%betterthan

GMetis. It is, however, a little worse(by 3.5%)thanGFM, which is about8.5 timesslower thanPROP��Ö ,
assumingSparc5 andSparc10 machineshave comparablespeeds;seefootnote6. We thusalsoobtained

resultsfor PROPß Ö , andit performs4.2%betterthanGFM,while still beingtwiceasfast.SHRINK-PROP��Ö
is 67.4%betterthanEIG1,25%betterthanMELO, 16%betterthanPARABOLI, 22.6%betterthanGMetis,

4.2% betterthan GFM, and 6.1% betterthanPROP��Ö . It is, however, only a factor of two slower than

PROP��Ö , andthusis four timesfasterthanGFM (seeTable5).

Timing Results: We showed earlier that the time complexities of PROP and SHRINK-PROP areà �U��áªâäã�åª� � � à ��z�æRç�âäã�åË� � for a binary-searchtreedatastructure.FM on theotherhandhasacomplexity

of
à �U��á � dueto theuseof abucket datastructure,whichcanonly beusedif all netcostsareassumedto be

one(or uniform). This is thecasein our implementationof FM, andit is thusvery fast;PROPis about4.6

timesslower thanFM perrun (but obtains30%betterresults).If theassumptionof unit netcostcannotbe

made,asin thecasewhencircuitsarepartitionedto minimizetiming [27, 21] or graphmodelsof netlistsare

partitioned[5], thenFM will requirean initial
à �U��âäã�åª� � sortingroutineplusa

à �Uâäã�åY� � insertionroutine

(for a binary searchtreelike AVL) for every updatedneighborafter a move, makingits time complexity

also
à �U��áËâäã�åË� � —this slows it down by a factorof âäã�åª� . However, PROPwill have thesamecomplexity

undernon-uniformnet costs. In order to demonstratehow PROP comparesto both versionsof FM, i.e.,

with bucket (b) andtree(t) datastructures,wehave implementedbothof theseandtabulatedCPUtimesfor

differentACM/SIGDA benchmarkcircuitsin Tables3 and5.

Thelastrow of Table3 shows total timesfor bothbucket andtreedatastructuresfor FM, while Table5

shows individual timespercircuit andtotal timesfor FM �*Ö�Ö for the treedatastructure.Table5 alsogives

therun timesfor thesecircuitsfor all theotheralgorithmscomparedhereè . FromTables3 (lastrow) and5,é
It shouldbenotedthatall run timesobtainedfor PROPandSHRINK-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 FM ×8ØUØ LA-2 ÙUØ LA-3 ÚÛØ PROPÚÛØ SHRINK- EIG1 Paraboli MELO WIN- GFM GMetis
PROPÚÛØ DOW

balu 42 17 19 16 18 6 16 7 24 14
p1 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 Ü 116 224 53

s9234 664 188 141 139 228 24 490 516 672 58
biomed 724 222 175 250 404 521 711 496 Ü 421 1440 95
s13207 1023 286 207 177 360 44 2060 710 1920 102
s15850 1060 342 262 291 510 78 2731 1197 2560 114

industry2 2418 702 741 867 1930 707 1367 1855 Ü 1385 4320 245
industry3 850 1500 195 761 4000 299
s35932 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 Ü �*Ý����
13circuits 5406 9346 46376
14circuits 11960 26660 6192 30333
16circuits 7501 2361 5331 2383 4433 5177
21circuits 12403 27292 2612

Table5: CPUtimesin secondsfor variouspartitioners,for eachcircuit andtotal timesoverall 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: ISPD-98Benchmarkcircuit characteristics.

it is easyto seethatPROPis amongthefastestpartitioners.It is very comparableto FM �*Ö�Ö (b) andLA-2 �(Ö
(thoughit obtains22.3%and16.2%bettercutsets,respectively, thanthesemethods),andslightly slower(by

37%)thanEIG1—but thenit obtains65%bettercutsizesthanEIG1. AssumingthattheSunSparc5, Sparc

10 andtheDEC 3000arecomparablein speedê , PROP��Ö is about8.5 timesfasterthanGFM (PROPß Ö is

thusmorethantwice asfastasGFM), 3.15timesfasterthanFM �*Ö�Ö (t), 2.5 timesfasterthenPARABOLI,

about2.2 timesfasterthanLA-3 ��Ö andMELO, andat least1.5 timesfasterthanWINDOW. PROP��Ö is,

however, 4.7 timesslower thanGMetis(but obtains17.6%betterresults),which is a multilevel technique,

and derives its speedfrom that paradigm(all other methodscomparedherework on flat netlists). This

paradigmis orthogonalto the basicpartitioningtechnique,and it is possibleto castour methodsalsoin

a multilevel framework to obtain fasterandeven betterresults—thiswill be investigatedin future work.

SHRINK-PROP��Ö obtains6.2%betterresultsthanPROP��Ö with a time-penaltyfactorof only two; it is thus

alsofasterthanmostpreviousstate-of-the-arttechniques.

6.2 ISPD-98Benchmarks

Table6 givesthecharacteristicsof the18circuitsin theISPD-98benchmarksuite[2]. Thesecircuitsrange

from mediumsize(morethan10K nodesandnets,and50K pins) to very large (morethan200K nodes

andnets,and800Kpins).FM (bucket datastructure),PROPandSHRINK-PROPresultswereobtainedfor

thesecircuitsonaSunUltra Sparc1workstation.Table7 comparesthemincuts,average-cutsandtimesper

run over 20 runsof thesepartitioners.PROP-20obtains24%bettermincutsand43%betteraverage-cuts

thanFM-20; it is about4.7 timesslower thanFM-20. However, sinceFM is extremelyfast,this is still a

tolerableslowdown for PROP, especiallygiven the tremendouscutsizeimprovementsit offers. SHRINK-

workstations,andwereobtainedwhenotheruserprogramswererunning,many timeswith higherpriority.ë
TheSPECmarksof thesemachinesindicatethattheDEC3000is fasterthantheSparc5 (Model85)by a factorof 1.5to two,

andtheSparc5 is fasterthantheSparc10by a factorof 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 2548.9 128.5 1715 1818.1 524.9

ibm06 1015 1452.5 31.4 982 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

ibm11 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 1071.9 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% �íì î5ï 31% 53% �-��ï
Impr. overPROP-20 - - - - - - 8.8% 17.4% £ ï
* ThePROPresultsfor ibm12arereportedfor parametersa ¬�ðÅ¬�ñ�ò ÖÅì Ý ßÅó8ô(õ-ö÷ò �vì è ó�ô�ø0ù¡ò�ú �vì è ó3û�ü�ý-þ�ò � ó3ÿBû�� ò ÖÅì � , as

thePROPparametersusedfor theothercircuits(seecaptionbelow) yield resultsfor thecircuit thatarenot representative of

PROP.

Table7: Comparisonsof cutsizesof ISPD-98circuits for the
� Á�� Á�Á�� balancecriterionproducedby FM, PROP,

andSHRINK-PROP, all for 20 runs.Exceptfor ibm12(see* above),PROPparametersusedare� Ì�¹�Ì�º Êi¼�¾0¿�À	��

����Ê� ��
����GÊ�� � ���������8Ê����� !�#"3Ê ¼�¾$� . SHRINK-PROPparametersusedare � Ì�¹�Ì�º Ê ¼�¾ %	��

���=Ê��5¾�Á&��
�����Ê����5¾�Á&�'���(���8Ê
���' )�#"�Ê ¼�¾$� , 
�*KÊ ¼�¾$� . TheSHRINK-PROPresultsarefurtherrefinedby PROPwith parameters� Ì�¹�Ì�º Ê ¼�¾ %	��

���¦Ê
�5¾�+5Á,��
����oÊ-����¾.+�Á&�'���(����Ê/�
�� !�#"�Êi¼�¾$� . TheMin columnis thebestresultfrom all theruns,theAvg columnshows
theaveragecutsizeover thoseruns,andtheTime columnis theCPUtime(in seconds)perrun.
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PROP-20is 31%and53%betterin mincutsandaverage-cuts,respectively, overFM-20; it is about14times

slower. Further, SHRINK-PROP-20obtains8.8%bettermincutsand17.4%betteraverage-cutsthanPROP-

20,while beingaboutthreetimesslower thanit. Theseresultsalsoshow thattheaverage-cutimprovements

of PROPandSHRINK-PROPover FM, andthatof SHRINK-PROPover PROPis significantlymorethan

the respective mincut improvements(which is itself substantial).This leadsto the conclusionthat aswe

proceedfrom FM to PROPto SHRINK-PROP, thepartitionersbecomemorestableandlessrelianton the

initial randomcut for obtainingthefinal mincut.Anotherwayof lookingat this is thepercentagedifference

betweenthe average-cutandmincut for eachpartitioner: 44% for FM, 26%for PROP, andonly 18% for

SHRINK-PROP.

WealsonotethatbothPROPandSHRINK-PROPare“flat” partitioners,i.e., they donot usethemulti-

level paradigmusein many recentpartitionerslikehMetis[22], ML 0 [3], andLSR/MFFS[8]. Themultilevel

paradigmis orthogonalto our techniques,andcanbe usedwith both PROP andSHRINK-PROPto yield

fasterandprobablybetterresults.Further, flat partitionersplayanimportantrole in complex problemslike

timing-driven placement[12, 27] in the presenceof multiple constraints[13, 25]), whereit maybe detri-

mentalto “hide” usefulinformationaboutthecircuit by clusteringsubcircuitsinto largemeta-nodes,asis

donein multilevel partitioners.It is, however, interestingto notethattheSHRINK-PROPmincutresultsare

within 2.5%of thoseof hMetis(totalmincutof 22473overall circuitsof Table6), oneof thebestmultilevel

partitioners,for theISPD-98circuitsasreportedin [2].

7 Conclusions
We have presentedtwo probabilistic-gainbasedapproachesPROP and SHRINK-PROP for iterative-

improvementmin-cut partitioning. The methodologiesarebasedon futuristic lookaheadgainsbasedon

probabilityandconditionalprobabilityformulations,andon clusteringeffectscausedby correctpromotion

anddemotionof neighborsof movednodes.Resultsobtainedfor theACM/SIGDA andISPD-98benchmark

circuit suitesshow that our partitionersoutperformotheriterative-improvementmethodslike FM andLA

by wide margins, andthat we alsooutperformrecentstate-of-the-artpartitionerslike WINDOW, MELO,

EIG1, Paraboli,GFM andGMetisby significantmargins. Therun timesof PROPalsocomparefavorably

with thoseof theiterative-improvementandotherrecenttechniques;it is comparableto thoseof FM andLA,

andmuchfasterthanthoseof mostrecentstate-of-the-artmethods.SHRINK-PROPis slower thanPROP

by afactorof abouttwo (with thebenefitof yielding6.2%betterresults)for theACM/SIGDA suite,andby

afactorthreefor theISPD-98suite(while yielding8.8%bettermincuts).SHRINK-PROPis thusalsofaster

thanmostprevious andcurrentflat (i.e., non-multilevel) state-of-the-arttechniques.It is alsopromising

thatSHRINK-PROP’s mincut resultsarewithin 2.5%of thoseof hMetis,which is onethebestmultilevel

partitioners.Multilevel partitioningis aparadigmthatcanbecombinedwith PROPandSHRINK-PROPto

obtainevenbetterresults.However, flat partitionerssuchasPROPandSHRINK-PROPareprobablymore

32



suitablefor complex placementproblems,suchasthosefor sub-micronVLSI with multiple objectivesand

constraints.

Besidesthesignificantimprovementsin mincutresults,ournew techniqueshave alsodemonstratedthat

the iterative-improvementapproachcanbeeffectively usedwith moreinformedgainfunctionsto partition

verylargecircuits.Thesignificanceof thisnew-foundefficacy of theiterative-improvementparadigmis that

it hasmany advantagesthatcannow bereadilyexploited.Chiefamongthemis thatthenode-move process

inherentin thisapproachlendsitself to ahighdegreeof flexibility in tuningtheobjective of thepartitioning

processto numerousgoalslike min-cut,delayminimizationandpower minimization. This flexibility also

facilitatesthepartitioningprocessto work with almostany givendesignconstraintslike requiredsizeratio

betweenpartitionsubsets,crosstalkboundinganduniform thermaldistribution. This meansthat iterative-

improvementbasedtechniquescanbereadilyadaptedto changingdesignflows andprocesstechnologies,

andarethusscalablewith time. Otherpartitioningapproachesarenotsoflexibleor scalable.Henceiterative-

improvement,with new gainfunctionssuchasthosein PROPandSHRINK-PROP, emergesasa powerful,

yetefficient,paradigmfor partitioningandplacinglargeandcomplex circuits.

The probabilistic-gainbasediterative-improvementapproachalsoopensup a numberof exciting pos-

sibilities, for example,1 -waypartitioning,multiple-FPGApartitioning,andtiming-drivenpartitioning,that

canalsobe tackledusingprobability-basedlookaheadconcepts.Theseissueswill be explored in future

research.

References

[1] A.V. Aho, J.E.HopcroftandJ.D.Ullman,“The DesignandAnalysisof ComputerAlgorithms”, AddisonWesley,
Reading,Massachussetts,1974.

[2] C.J.Alpert, “The ISPD98circuit benchmarksuite”, Proc. ACM Int’l Symp.on PhysicalDesign, April 1998,pp.
80-85.

[3] C.J.Alpert, J-H.HuangandA.B. Kahng,“Multile vel circuit partitioning”,Proc.DesignAutomationConf., June
1997,pp.530-533.

[4] C.J. Alpert and A.B. Kahng, “A hybrid multilevel/geneticapproachfor circuit partitioning”, PhysicalDesign
Workshop,1996, pp.100-105.

[5] C.J.Alpert andS-Z Yao, “SpectralPartitioning: The moreeigenvectorsthe better”, Proc. DesignAutomation
Conf., 1995,pp.195-200.

[6] C.J.Alpert andA.B. Kahng,“Recentdirectionsin netlistpartitioning:A survey”, Integration,TheVLSIJournal,
19(1-2),1995,pp.1-81.

[7] C.J.Alpert andA.B. Kahng,“A generalframework for vertex orderings,with applicationsto circuit clusterings”,
Proc. IEEE/ACM InternationalConferenceonCAD, Nov. 1994,pp.63-67.

[8] J. Cong,et al., “Largescalecircuit partitioningwith loose/stablenet removal andsignalflow basedclustering”,
Proc. IEEE/ACM Int’l Conf. onComputer-AidedDesign, Nov. 1997,pp.441-446.

[9] J. CongandS.K. Lim, “Multiw ay Partitioningwith PairwiseMovement”,Proc. IEEE Int’l Conf. on Computer-
AidedDesign, pp.512-516,1998.

33



[10] S.Devadas,A. GhoshandK. Keutzer, Logic Synthesis, McGraw Hill, 1994.

[11] S.DuttandW. Deng,“Probability-BasedApproachestoVLSI CircuitPartitioning”,TechnicalReport,University
of Illinois atChicago,1999.– Availableonwebsitewww.eecs.uic.edu/dutt/publ.html.

[12] S. Dutt, “A StochasticApproachto Timing-Driven Partitioning and Placementwith AccurateNet and Gain
Modeling”, TAU97: IEEE/ACM Int. WorkshoponTiming Issuesin Digital Systems, Dec.1997,pp.246-256.

[13] S. Dutt andH. Theny, “PartitioningAroundRoadblocks:TacklingConstraintswith IntermediateRelaxations”,
Proc. IEEE/ACM Int’l Conf. onComputer-AidedDesign, IEEE/ACM ICCAD, Nov., 1997,pp.349-355.

[14] S. Dutt andW. Deng,“A Probability-BasedApproachto VLSI Circuit Partitioning”, Proc. IEEE/ACM Design
AutomationConference, June1996,pp.100-105—Best-Paper Award.

[15] S.Dutt andW. Deng,“VLSI Circuit Partitioningby Cluster-Removal UsingIterative ImprovementTechniques,
Proc. IEEE/ACM InternationalConferenceonCAD, Nov. 1996,pp.194-200.

[16] S. Dutt, “New fasterKernighan-Lin-typegraph-partitioningalgorithms”, Proc. IEEE/ACM InternationalCon-
ferenceonCAD, Nov. 1993.

[17] C.M.FiducciaandR.M.Mattheyses,“A linear-timeheuristicfor improvingnetworkpartitions”,Proc.Nineteenth
DesignAutomationConf., 1982,pp.175-181.

[18] J. Garbers,H.J. PromelandA. Steger, “Finding clustersin VLSI circuits”, Proc. Int’l. Conf. Computer-Aided
Design, 1990,pp.520-523.

[19] M.R. Garey andD.S.Johnson,ComputersandIntractability, W.H. FreemanandCompany, New York, pp.209-
210.

[20] L. Hagenand A. Kahng, “Fast spectralmethodsfor ratio cut partitioningand clustering”,Proc. Int’l. Conf.
Computer-AidedDesign, 1991,pp.10-13.

[21] M.A.B. Jackson,A. Srinivasanand E.S. Kuh, “A fast algorithm for performancedriven placement”, Proc.
IEEE/ACM InternationalConferenceonCAD, 1990,pp.328-331.

[22] G. Karypis,etal., “Multile vel hypergraphpartitioning:Applicationin VLSI domain”,Proc.DesignAutomation
Conf., June1997,pp.526-529.

[23] B.W. KernighanandS.Lin, “An efficientheuristicprocedurefor partitioninggraphs”,Bell SystemTech. Journal,
vol. 49,Feb. 1970,pp.291-307.

[24] B. Krishnamurthy, “An improvedmin-cutalgorithmfor partitioningVLSI networks”, IEEE Trans.on Comput.,
vol. C-33,May 1984,pp.438-446.

[25] R. Kuznar, F. Brglez and K. Kozminski, “Cost minimization of partitions into multiple devices”, Proc.
ACM/IEEEDesignAutomationConf., 1993,pp.315-320.

[26] J.Li, J.Lillis andC-K. Cheng,“Lineardecompositionalgorithmfor VLSI designapplications”,Proc.IEEE/ACM
InternationalConferenceonCAD, 1995,pp.223-228.

[27] M. Marek-Sadowska,“Issuesin timing driven layout”, in Algorithmic Aspectsof VLSI Layout, pp. 1-24, M.
SarrafzadehandD.T. Lee,eds.,World ScientificPubl.Co.,1993.

[28] B.M. Riess,K. Doll andF.M. Johannes,“Partitioningvery largecircuitsusinganalyticalplacementtechniques”,
Proc.ACM/IEEEDesignAutomationConf., 1994,pp.646-651.

[29] Y. G. Saab,“A FastandRobustNetwork BisectionAlgorithm”, IEEETrans.Computers, 1995,pp.903-913.

[30] D. G. Schweikert andB. W. Kernighan,“A ProperModel for thePartitioningof ElectricalCircuits”, Proc. 9th
Designautomationworkshop, 1972,pp.57-62.

34



[31] C. Sechenand D. Chen,“An improved objective function for mincut circuit partitioning”, Proc. Int’l. Conf.
Computer-AidedDesign, Vol. 38,No. 1, Jan.1989,pp.62-81.

[32] C. Sechen,VLSI Placementand Global RoutingUsing SimulatedAnnealing, Kluwer, B.V., Deventer, The
Netherlands.

[33] H. StarkandJ.W. Wood,Probability, RandomProcesses,andEstimationTheoryfor Engineers, PrenticeHall,
1986.

[34] Y. C. Wei andC. K. Cheng,“An ImprovedTwo-way Partitioning Algorithm with StablePerformance”,IEEE
Trans.onComputer-AidedDesign, 1990,pp.1502-1511.

[35] Y.C. Wei andC.K. Cheng,“A two-level two-way partitioningalgorithm”, Proc. Int’l. Conf. Computer-Aided
Design, 1990,pp.516-519.

[36] Y.C. Wei andC.K. Cheng,“Towardsefficient hierarchicaldesignsby ratio cut partitioning”, Proc. Int’l. Conf.
Computer-AidedDesign, 1989,pp.298-301.

35


