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ABSTRACT

Wegive anoverview of a standard-cellplacerMongrel. Theproto-
typetool adoptsamiddle-downmethodologyin whichagrid is im-
posedover thelayoutareaandcellsareassignedto binsforming a
globalplacement. Theoptimizationtechniqueappliedin thisphase
is basedontheRelaxation-BasedLocalSearch (RBLS) framework
in whicha combinatorialsearchmechanismis drivenby ananalyt-
ical engine. This enablesa moreglobal view of the problemand
resultsin complex modificationsof theplacementin asinglesearch
“move”. Detailsof this approachincludinga novel placementle-
galizationprocedurearepresented.Whena global placementhas
converged,adetailedplacementis formedandfurtheroptimizedby
theproposedoptimal interleavingtechnique.Experimentalresults
arepresentedandarequitepromising,demonstratingthat thereis
significantroomfor improvementin stateof theartplacement.�! #"%$'&)(+*�,�-.$0/ (�"
Thecell placementproblemis amongthemostfundamentalin VL-
SI physicaldesign. Becauseof the impactof placementon such
designobjectives as area,routability and timing, it hasreceived
extensive attentionduring thepasttwo decades.In the context of
standardcells, theclassicalwire-lengthdriven formulationcanbe
statedasfollows: given a netlist of standardcells of fixed height
(but variablewidth) anda specifiednumberof rows, assigneach
componentto a row and to an x-position in that row such that
no two cells overlapandthatestimatedwire lengthis minimized.
While therearetypically additionaldetailswhich mustbeconsid-
ered(e.g.,wire-lengthestimator, constraintsonwhite space,deter-
minationof the numberof rows, etc.), the precedingformulation
capturesthecomputationalnatureof theproblem.With respectto
wire-lengthestimation,themostcommonestimatorfor the length
of a net is theHalf-Perimeter(HP) of thepins. Thepopularityof
HP resultsfrom its simplicity, the fact that it is anexactestimator
of the minimum rectilinearSteinertreefor 2 and3-pin nets,and
mountingevidenceof its relationto routingcongestion[1] (this is
not to saythatmoredetailedoptimizationsbeforerouting arenot
useful,merelythat theprevailing wisdomis thata goodHP mini-
mizeris a veryuseful,if notessential,first step).

Placementtechniqueswhichhavereceivedsubstantialattention
in the literatureand in industry include recursive bisection(e.g.,
[2]), analyticalplacement(e.g.,[3]), andannealing-basedmethods
(e.g.,[4]). Thefirst two approachescantypicallybeconsideredtop-
downwhile annealing-basedtoolstypically havea“flatter” view of
theplacement.All threeclassesof approacheshave their merits.

Thispaperproposesasetof hybrid techniquesfor standardcel-
l placement.The flow of our prototypetool Mongrel is bestde-
scribedasmiddle-down. An initial globalplacementphasefocuses
on assigningcells to globalbins in a grid imposedover the layout
area.This grid is comparatively fine-grainedwith typically a cou-
ple dozencellsperbin andthenumberof rows in thegrid equalto
thenumberin theplacement.Ourapproachhastwo levelsof hierar-
chy: aftertheglobalplacementis established,adetailedplacement
phasebegins in which theexactcell locationsaredetermined.At
leastonepreviouspaper([5]) hasadoptedamiddle-down approach
(thoughtypically startingwith acoarsergrid). Thenovelty of Mon-
grel lies not only in its middle-down methodology, but alsoin the1
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optimizationtechniquesappliedin global anddetailedplacement.
A brief overview of thesetechniquesis asfollows.2 In theglobalplacementphase,weadopttheRelaxationBased

Local Search(RBLS) methodologyproposedin [6]. RBLS
utilizes an analyticalengineto drive a local searchmecha-
nism. Oneiterationcanberoughlysummarizedasfollows:
Given a currentglobal placement,a subsetof the cells are
selectedanddesignatedasmobilecells; usingan analytical
engine,theoptimalrelaxedplacement(i.e., ignoringbin ca-
pacities)of themobilecellsis found(i.e.,a linearprogramis
solved); theinformationyieldedby therelaxedplacementis
thenusedto inducea new legal placementvia a legalization
procedure.Thebestlegal solutionseenduring the legaliza-
tion phasebecomesthenext configurationandis acceptedif
it improvesover theinitial placement.

Theresultis apowerful localsearchmechanismin which in-
dividual movesmay result in complex modificationsto the
placement.For the approachto succeed,the analyticalen-
ginemustbefastandthelegalizationproceduremustbecare-
fully designed.The former is achievedby adoptingthenet-
work flow techniquesof [6]. For thelatterwehavedeveloped
a novel schemepresentedin Section3.4.2 While the RBLS techniqueis quite effective, thereis likely
roomfor further improvementin globalplacementvia algo-
rithmswhich do not relaxbin capacityconstraints.Suchan
approachis to simply apply the Fiduccia-Mattheyses(FM)
partitioner[7] to adjacentbins until thereis no further im-
provement. This provides a complementaryoptimization:
The view is more local than that of relaxation,but it also
hasgreatercontrolover constraintsatisfaction.2 In detailedplacement,we areallowed to perturbthe order-
ing of cellswithin eachrow. In this phasewe proposea new
techniquewe have calledoptimal interleavingandalso in-
corporatedthedynamicclusteringtechniqueof [6].

Togetherthesetechniquesform our prototypeplacerMongrel
whichwesuggestrepresentsasignificantdeparturefrom tradition-
al techniques.Preliminaryresultsarevery promising:on standard
MCNC benchmarkswe have obtainedsubstantialimprovements
(approximately16%3 17%onaverage)over recentlypublishedre-
sults.

In theremainderof thispaperwegive somenotationalconven-
tions,presentalgorithmicdetailsof Mongrel’s variousphasesand
presentexperimentalresults.4 5�&7698 /;:</;"%=9&7/ 6?>
We modela netlist by a hypergraphG @
A V B E C , whereV is a set
of cells andE is a setof nets. A hyperedgee D E is a subsetof
2 or morecells in V (i.e., e E V). Eachcell correspondsto a cir-
cuit componentandeachnet representsa commonsignalamong
its constituentcells. Let F ei F denotethenumberof cellsassociated
with netei andsA vC thesizeof cell v. Also, let A denotethe total
cell area– i.e.,A @ ∑v G V sA vC .

In globalplacement,thecoreregion is divided into anR H C
grid. Givenagrid andmaximumandminimumallowablerow size,



the global placementproblemis to assigncells to global bins to
optimizethetotalwire length,subjectto thefollowing constraints:

A 1 3 ε C�I A
R H C J ∑

v G bi K j sA vC J A 1 L ε C�I A
R H C

(1)

lower bound J ∑
1 M j M m

∑
v G bi K j sA vC J upperboundN (2)

Thebin-capacityconstraint (1) ensuresthatall binsarecloseto
their targetcapacitywhile allowing flexibility for optimizationvia
theparameterε. Therow-sizeconstraint (2), which canbeviewed
asawhitespaceconstraint,ensuresthatall rowsareof rouglyequal
size.

A globalplacementP is legal if it satisfiesthebin-capacityand
therow-sizeconstraints.A detailedplacementP is legal if no two
cellsoverlapandtherow-sizeconstraintis satisfied.

We usehalf perimeterof a boundingbox of a netaslengthof
thenet.Thelengthof net i, lenA ei C , is estimatedby

lenA ei CO@ max
u P v G ei

F xu 3 xv F)L max
u P v G ei

F yu 3 yv F
where A xv B yv C givesthecoordinatesof cell v (in thecaseof aglobal
placementa cells coordinatesarethecenterof thebin to which it
belongs).Theplacementproblemcanthenbestatedas

min

Q
E
Q

∑
i R 1

lenA ei C over all legalplacementP

wherethe notion of legality dependson whethertheplacementis
globalor detailed.S T�6%8 =9UV=V$0/ (�"XW	=9>'6?*XY?(Z-[=%8�\+6?=?&]-V^S+_`�badc[6%&7cV/ 6Ve
Thenotionof relaxationbasedlocalsearch (RBLS)wasintroduced
in [6]. In thatpaperit wasappliedto thelinearplacementproblem.
In Mongrel,we adopta RBLS approachfor row-basedplacement.
This sectiondescribestheissuesinvolved.

At the top-level of abstraction,RBLS adoptsa quite tradition-
al local searchframework. From a currentsolutionwe samplea
neighboringsolutionandmove to that solution if the objective is
improved. If noimprovementis seenfor k (agivenparameter)con-
secutive moves,thesearchterminates.

Thenovelty of RBLS is in how neighboringsolutionsaregen-
erated.Ratherthanemploying simple“moves” suchascell swap-
ping, we usean analyticalengineto make moredrasticmodifica-
tionsto theplacementin thehopeof capturingamoreglobalview.
This processis summarizedasfollows:2 Sub-circuit Extraction: Givenaparameterm, extractasub-

circuit M Agf V C where FM Fh@ m. M will becalledthesetof
“mobile nodes”.FromM we determinethefixednodesetF :
thesetof nodesin A V 3 M C whicharedirectlyconnectedto a
memberof M via somenet.An extractedsub-circuitconsists
of nodesetF i M andnetsetE j inducedby M.2 Optimal Relaxed Placement: Given a setof mobile nodes
M, we find the optimal placementfor eachmemberof M
ignoringcapacityconstraintsundera linearprogrammingre-
laxationof theproblem.Notethat therelative orderof cells
in F influencesthis solution.2 Placement Legalization: Theinformationyieldedby there-
laxedplacementis thenusedto induceanew legalplacement
via a legalizationprocedure.2 Further Optimization: A legalglobalplacementis thenfur-
ther optimizedusingpartitioningtechniquebetweenneigh-
boringbins.

This flow is summarizedby thepseudo-codein Figure1.

Algorithm RelaxationBasedLocalSearch (RBLS)
Input: mB k, andcurrentplacementP
Output: new placement
Counter k k
while (Counter l 0) m

ExtractamobilenodesetM ( FM F0@ m)
Determinea fixednodesetF usingM
For n v D M, determineoptimalrelaxedlocation
Pj9k new placementafterresolvingsizeproblem
Pj k optimizePj by localpartitioning
if (WL A Pj C�o WL A PC ) then

Counter k k
P k Pj

else
Counter k Counter 3 1p

return P

Figure1: Algorithm RelaxationBasedLocalSearch (RBLS)
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In general,thesub-circuitextractionstrategy (determinationof mo-
bile nodesin RBLS) affectsthefinal solutionquality. Experiments
with severalcandidatestrategiesled usto thesimpleandeffective
randomizedschemedescribedbelow.

Firstanetewith degreenogreaterthanm is selectedatrandom
andall membersof eareaddedto M. Wethenrepeatedlyselect(at
random)netsadjacentto M, but previouslyunselectedandaddnew
membersto M until M reachesits targetsizem. Thustheapproach
canbeconsidereda randomizednet-based“wavefront” algorithm.
Theresultis a connectedcomponentin thehypergraphwhich will
thenbe handedto the analyticalsolver for optimal relaxed place-
ment. Experimentshave shown this techniqueto perform better
thana node-basedwavefrontapproach(asin [6]).S+_;Sqayx%$0/ :w=u8zT�6%8 =?UV6?*{5	8 =%-|6%:w69"%$
OnceM is extracted,wedecomposetherelaxedplacementproblem
into independentx andy subproblems.As in [6], themobilenode
setM inducesa setof fixednodesF anda setof activenetsE j (all
netswhich influencethe relaxed placementproblemfor M) – i.e.,
E ju@~} ei F e � M �@ /0 � andF @�} v D�A V 3 M C�Fh� e D E j s.t.v D e� .
Theeffectof thefixednodesis to provide“anchors”preventingthe
mobilecellsfrom collapsingto a singlepoint. Notethatin practice
it is only necessaryto find left-most/right-most(top-most/bottom-
most) fixed nodeswhensolving for the x (y) dimensions).Note
alsothatfixednodesmayeitherbepadcellsor regularcells.

To determinethe optimal relaxed x 3 and y 3 coordinatesfor
mobilenodes,wefirst projecttheextractedsub-circuitontothex 3
andy 3 axesasshown in Figure2. In theexample,assumefor sim-
plicity eachcell hasunit sizeandonly onecell canbeplacedin a
bin. Cells b B c andd areselectedasmobile nodes. Netse1 – e7
areactive sincethey areconnectto mobilecells. Cell a a fixedfor
active nete1. Similarly, cellsa and f arefixedfor e3, andsoon.

As in the precedingdiscussion,to find the location for each
mobile nodeto minimize the total half-perimeterwire length of
the active nets(ignoring capacityconstraints),we decomposethe
probleminto two independentlinearprograms(LP).Notethatthese
two LPsdiffer asaresultof thedifferentorderingof fixednodesin
thex andy dimensions.TheLP relaxationfor thex-dimensioncan
bestatedasfollows.

min ∑
eG E � A re 3 le C subjectto

le J xv J re B n v D eB
xv @ Xv B n v D F B
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Figure2: Sub-circuitsprojectedontox andy axes.

Xv beingthelocationof anodev D F in a givenfeasibleplacement
P. Thedummyvariablesre andle give theleftmostandrightmost
endsof nete. The y-coordinatesfor mobile nodescanbe derived
from ananalogousLP.

In [6] it wasshown that this LP canbe solved efficiently via
network flow methods.As a result, it wasshown to be practical
to solve suchproblemsin theinnerloopsof a local searchscheme
(while the useof a generalLP solver would likely not have been
practical).We adoptthesenetwork flow techniquesin Mongrel.S+_ � Y?6V��=%8 / �|=?$0/ (�"
A crucialissuein relaxation-basedmethodsis theresolutionof cell
overlapsor bin/row constraintviolations. We have developedtwo
new techniquesfor this legalizationprocesswhichhave provedes-
sentialfor theeffectivenessof ourplacer.

First, in conventionallegalizationprocedures,onebeginswith
the relaxed placementandgraduallymassagesit into a placement
obeying thevariousconstraints.In sucha procedurea legal place-
ment is derived only at the very last step. While this might be
sensiblefor top-down analyticalmethods,it seemslessthanideal
for our search-basedprocedure.In our legalizationprocedure,we
startwith theinitial legalplacementP (beforerelaxation)andthen
sequentiallymoveeachmobilenodeto its relaxedtargetlocation;if
this resultsin aconstraintviolationwetheninvokeaconstraintres-
olutionprocedure.Thekey point is thataftereachcell is movedwe
produceanew legal placement.Thusduringthecourseof legaliza-
tion we have m intermediatelegal placements;adoptinga philos-
ophysimilar to thatof a singlepassof a partitionerlike Fiduccia-
Mattheyseswe thenselectthe minimum wire-lengthintermediate
solution. This vastly increasesthe likelihoodof producingan im-
proving move in oursearchscheme.Thisprocedureis summarized
asfollows.2 Storethewire lengthof thecurrentlegal placementandre-

gardit asbest.2 For eachmobilenodev in thesamesequenceasaddedto M
in thesub-circuitextractionphase:

(1) Placev at its optimal relaxed location A xv B yv C giving
intermediaterelaxedplacementPj .

(2) If Pj is legal, gotostep(3). Otherwise,invoke thecor-
rection procedure(seebelow) andobtaina new legal
placement.

(3) If the new legal placementhasa shorterwire length,
recordit asthebest.

Our secondcontribution in legalizationis how to handlestep
(2) above. Whena cell is movedto its targetbin, it mayproducea
constraintviolation(under/overflow of abinor row) andsomekind
of correctionmustbemade.Intuitively, themodificationsmadeto
legalize the placementshouldattemptto disturbcell locationsas
little aspossiblewhile minimizing wire length.Towardtheseends
we proposea “noderippling” proceduresummarizedasfollows.

1. if thereis anexcessbin, sayS, find anearestbin, T, to which
a cell canmove in without violating T ’s bin-capacitycon-
straints. Ripple move cells from S to T alonga monotone
path(sequenceof bins).

2. if thereis a deficit bin, say T, find a nearestbin, S, from
whichacell canmove outwithout violating thebin-capacity
constraints.Ripplemovecellsfrom Sto T alongamonotone
path.

3. if row-sizeconstraintsarenotsatisfied,find a max-binin the
largestrow, saySandfind a min-bin in thesmallestrow, say
T. Ripplemove cellsfrom Sto T alongamonotonepath.

4. Repeatabove procedureuntil the sizeconstraintsaresatis-
fied.

Oncewehaveselectedasourcebin Sandadestinationbin T, a
ripplemove is thenasequenceof cell movesfrom Sto T wherewe
alwaysmove a cell from thecurrentbin to a bin in thedirectionof
T – i.e., thebin sequenceis monotone.Oncethe above sequence
of ripplemovesis completewehave anew legalplacement.

To determinethebin sequenceandthecellsto bemovedalong
thatsequence,we performa globalanalysisbasedon thegainsof
individualcellsin thebins.Thisnotionis illustratedin Figure3. In
the figuresinceS is in theupperleft cornerandT is in the lower
right, all candidatemovesareeitherto the right or down. Candi-
datecells to bemoved areindicatedby solid boxesandareeither
nodesnot in M or nodesin M but previously placedduringthele-
galizationprocedure.(Dashedboxesareusedto representas-yet
unplacedmobilenodeswhicharenotcandidatesfor rippling). The
gainassociatedwith aparticularmove is simply theresultingwire-
lengthreductionwhich maybepositive or negative. If we assume
that an individual cell is moved at mostonce,we thenhave inde-
pendenceamongthegainvalues;this canbeseenby noticingthat
any montonepathcrosseseachcut-line in theregion exactly once.
Thisscenarioinducesthegain-graphin part(B) of thefigurewhere
eachvertex correspondsto abin andanweightedarcrepresentsthe
maximumgainin thatdirection(horizontalandverticalgainsmay
bemaximizedwith differentcells).Further, sincethegain-graphis
acyclic, we canfind themaximumgainpathby topologicalorder-
ing. Oncethebin sequenceis determinedin this way we actually
performtheripple move with theslight modificationthatwe allow
a cell to move morethanonce(theresultis that thetotal gainis at
leastthatof theglobalanalysis,andsometimesbetter).� =%8 -?,�8 =?$0/ "u����=%/;"���=%8 ,u6V>
An importantissueis therelationshipbetweenthegainvaluesand
thepositionsof themobilenodeswhich have not yet beenmoved
to their targetpositionsin thesequence.Thelocationof suchcells
will affect the gain of cells in the ripple sequence.We have cho-
sento beoptimisticandcalculatethesegainsbasedon theoptimal
relaxed location of the as-yetunplacedmobile nodes(previous-
ly placedmobilenodesarenaturallyassumedto bein thelocation
wherethey endup). Thusthe thegainvaluesmaybe inexact,but
thisapproachis clearlypreferableto calculatinggainsbasedonthe
original positionsof as-yetunplacedmobilenodes.
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Reducingwire length in a global placementis closely relatedto
minimizing the cut sizebetweenadjacentbins. Thusit is natural
to performsuchre-partitioningbetweenneighboringbins to com-
plementtherelaxationbasedcomponentof theglobalplacer. Even
thoughtheview is morelocal thanthatof relaxation,it hasgreater
controlover constraintsatisfaction. Basedon this observation,we
adoptagenericFiduccia-Mattheyses(FM) algorithm[7] overapair
of adjacentbins– i.e.,to cellsin two binsbi P j andbi P j � 1 (or bi P j and
bi � 1 P j ) aimingto minimizecut size.

Scanningtheglobalplacementfrom thetop row to thebottom,
from theleft to theright in eachrow, assumingtwo adjacentbinsas
aninitial partition,we applythegenericFM-partitionerto thepair
of binssubjectto thebin-capacityandrow-sizeconstraints.

This optimizationstepcanbe repeatedaslong asthereis im-
provementgreaterthana thresholdvalueb for eachscan.� ��6V$�=%/ 8 69*{5�8 =%-|6%:w6%"9$
Mongrelhastwo levelsof hierarchy:globalplacementanddetailed
placement. In this section,we describea methodto transforma
globalplacementto a detailedplacementandproposea novel op-
timization techniquefor a lineararrangementwhich is adoptedto
optimizeevery row in thedetailedplacement.

Notethatthebyconstructionof thegrid,globalplacementcom-
pletelydeterminestherow assignmentsfor thedetailedplacement.
Thus, if a global placementsatisfiesthe row-size constraint,the
correspondingdetailedplacementwill satisfytheconstraint.

�O_�� � (�"uc[6%&�$0/;"%����8 (�ru=%8O$�(���6V$�=%/ 8 69*�5	8 =%-[69:w6%"9$
A global placementis first transformedto a detailedplacement.
Whenwe placeeachcell in a row in a detailedplacement,we as-
sumeall cellsareabutted. Therelative orderof cells in theglobal
placementis preservedin theinitial detailedplacement– e.g.,cells
in a left bin in a globalplacementareplacedleft. To determinethe
initial orderingamongcellsin thesamebin weuseasimplegreedy
basedschemebasedon a force-valueexertedoneachcell.�O_;4qayx%$0/ :w=u8z #"9$�6%&]8 6?=?c?/;"%�
Oncean initial detailedplacementis obtainedwe performfurther
intra-row optimizationvia a techniquewe call optimal interleav-
ing. Figure4 illustratesthekey stepsof the interleaving technique
whichcanbesummarizedasfollows.2 Givenwindow sizeW, find a subsequenceA within W from

current linear arrangementof cells in a row. The relative
orderof cellsin A is preserved.2 Let B @ A in W preservingrelative orderof cellsin theorig-
inal sequence.2 Interleave sequencesA andB to getanoptimalarrangement.2 The above stepsare repeatedby sliding the window right
acrosseachrow from thetop row to thebottom.

Thefigureillustratesthesolutionspacecoveredby interleaving for
givenAandB. Thusthereispotentialfor quitenon-trivial optimiza-

tion: thenumberof all possiblewaysof interleaving is � n L m
n � B

where FA F0@ n and FB F'@ m. A polynomialtime algorithmfor find-
ing theoptimalsuchinterleaving amongthisexponentiallylargeset
is sketchedin thesequel.

Window

Partitioning

Interleaving

a1 b1 a2 b2 b3 a3 b4

a1 a2 a3 b1 b2 b3 b4

b1 b2 a1 b3 a2 b4 a3

Figure4: Illustrationof interleaving technique
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Optimally interleaving two subsequencescan be doneefficiently
via dynamicprogramming.

Givenwindow W sizeof n L m, supposeA @ a1 B a2 BtItIgItB an and
B @ b1 B b2 BgItItItB bm. Let Si P j denotean optimal arrangementwith
a1 B a2 BtItIgItB ai A i J nC andb1 B b2 BgItItItB a j A j J mC andC A Si P j C the cost
of Si P j . Theobjective of interleaving A andB is to find Sn Pm.

ThecostC A Si P j C of apartialplacementSi P j is its total(x-dimension)
wire-lengthwithin thewindow W up to theright boundaryof Si P j .
This canbeviewedasthenormalizedsumof thewiring densities
alongthesub-window coveredby Si P j . A key point is that theop-
timal interleaving of a prefix Si P j is independentof theorderingof
subsequentcellsin thewindow. Thisseparabilityallowsadynamic
programmingapproach.

A recurrencerelationfor the dynamicprogrammingcanbe s-
tatedasfollows.



S0 P 0 @ /0
C A S0 P 0 C�@ 0

Si P j @ � Si   1 P jai B if C A Si   1 P jai C�o C A Si P j   1b j C
Si P j   1b j B otherwise.

Sn Pm canbeobtainedby usingann H m table.A relatively straight-
forwardanalysisrevealsthat thealgorithmcanbeimplementedin
O A nm L p A n L mCtC wherep is thetotal numberof pinson incident
nets.Notethat p is typically linearin thenumberof cells.

Optimal interleaving is iteratively appliedto a detailedplace-
mentby sliding windows. We have foundthatselectinga window
sizeW which is twice theaveragenumberof cells in a globalbin
is effective. Thepartitionsinto setsA andB aredonecompletelyat
random.�O_ S ���?"u=u:</ - � 8 ,%>�$�6%&]/ "u�
Whena detailedplacementconvergesafter iteratively applyingin-
terleaving, thereis often still room for further improvement. In
[6], a dynamicclusteringmethodwas proposedfor linear place-
ment. The techniquewas shown to enableescapelocal optima.
Theschemeis summarizedasfollows. GivenparametersL andU
(lower- andupper-boundfor thesizeof a clusterednode),we dis-
secteachrow into clustersof cellswhereeachclusterhasno fewer
thanL andnomorethanU cells.Thusclustersaredeterminedfrom
thecurrentplacementby finding theminimumlocalwiring density
within thelowerandupperbounds.A generalizationof optimalin-
terleaving whichconsidersthepossibilityof reversingtheordering
of cellswithin aclusteris thenappliedto theclusteredcircuit. This
processalternateswith optimizationof theflattenedcircuit andre-
clusteringuntil thereis nosignificantimprovement.As afinal note,
we have foundsmallvaluesof L (saylessthan3) andvaluesof U
of lessthan10 to beeffective.�!adcV69&7=u8 8�¡¢8 �u(u&7/ $'^�:
Figure5 shows the overall procedureof Mongrel. The algorithm
canbesummarizedasfollows. First, aninitial globalplacementis
generated.Then,Algorithm RBLSis invoked to optimizea global
placement.Controlvariablesareusedfor sub-circuitsize,conver-
gencecriteria,andsoon. Whena globalplacementhasconverged,
it is transformedto adetailedplacement.Interleaving anddynamic
clusteringtechniquesarethenusedto furtheroptimizethedetailed
placement.

InputparametersRandC areusedto determinethegrid dimen-
sionfor a globalplacement.R determinesthenumberof rows and
is usuallysetto thenumberthatareusedfor thenumberof rows in
[3, 4]. C is usuallysetsuchthateachbin canaccommodate10 £ 17
cells basedon our experiencebecausewe have found bestresults
with suchagrid dimension.i0 is usedto determinetheinitial value
for k. (maximumnumberof trials in RBLSwithout improvement).
Duringthecourseof RBLS,thesub-circuitsizem is decreased.The
rateatwhichit is decreasedis determinedby β A]o 1C . If mbecomes
lessthanthe thresholdsize(kmin) of a mobilenodeset,we regard
thecurrentplacementto beconverged. α is usedto determinethe
initial sizeof mobilenodeset.¤ vZU?x�6%&7/;:w6%"9$�>
We have implementedMongrel andtestedit on a standardsetof
benchmarksona 400MHz PentiumII/Linux.

The control variableα is usually set to 0 N 7 £ 0 N 8, i0 to 2 £
3 for the initial sub-circuitsize and k. We usually set β to 0.1,
γ to 2, andkmin to 5 £ 10 dependingon circuit size. To control
theCPUtime spentby thepartitioningtechnique(Section3.5)we
usea variableb asexplainedandit is set to 0 N 01 H R H C. To
satisfyrow sizeconstraint(inequality(2)), ourplacerautomatically

Algorithm Mongrel
Input: n B mB α B β B γ B i0 B kmin B etc
Output: anoptimizeddetailedplacement
/ ¥�¥�¥�¥�¥ Global Placement ¥�¥�¥�¥�¥ /
P k Obtainaninitial placement
m k α I�FV F
k k i0
while (TRUE) m

Call RBLS(PB mB k)
m k β I m
k k γ I k
if (m o kmin) breakp

/ ¥�¥�¥�¥�¥ Detailed Placement ¥�¥�¥�¥�¥ /
W k 2 H (avg. #cellsin a bin)
Pd k TransformP to a detailedplacement
while ( � Improvement)m

Pd k Interleave(Pd B W)
DetermineL andU
Pc k Cluster(Pd B L B U)
Pc k RowOptimize(Pc B W)
Pd k Flatten(Pc)p

return Pd

Figure5: Algorithm Standard Cell Placer

controlsthe lower-boundandthe upper-boundof a row sizesuch
that upper  bound

lower  bound o 1 N 03. As a result the averagewhite-spaceis
1.5%.

Wehaverunexperimentsonthesamesetof circuitstestedwith
TimberWolf V.7 [4], theforce-directedmethodof [3] andtheSnap-
on methodof [8]. Usingthehybrid techniques,not only have new
best-publishedresultsbeenfoundfor every circuit, but alsoa sub-
stantialoverall improvementhasbeenachieved. Table1 summa-
rizestheresults.NotethattheSnap-onmethodusesdifferentnum-
berof rows for somecircuits(e.g.,88 for avql and64 for ind3)and
hencetherearemultiple entriesfor thosecircuits.

While theresultsin Table1 arethebestof 10 independent(and
trivially parallelizable)runs,Table2 givesan ideaof the statisti-
cal behavior of multiple runsof thecurrentversionof Mongrel in-
cluding run-time. The tableincludesbest-of-5,average-of-10and
worst-of-10resultsaswell asthebest-of-10resultsfrom Table1.1
Thedatashows thestabilityof theapproach(thougheffortscontin-
ue to improve the robustnessof the approach).While Mongrel is
fairly computeintensive,therun-timesalsoshow promise.Thereis
alsolikely significantroomfor improvementof CPUtime through
bothalgorithmicandimplementationtechniques.¦ � (�"�-V8 ,%>�/ (�"%>
We have presentedhybrid techniquesfor standardcell placement.
Our prototypetool Mongrel adoptsa two-level middle-down ap-
proach. An initial global placementphasefocuseson assigning
cells to global bins in a grid imposedover the layout area. The
placementis then transformedinto a detailedplacementand fur-
theroptimized.

For globalplacement,wehaveadoptedaRelaxation-BasedLo-
cal Search(RBLS) mechanism[6]. By usingconstraintrelaxation
weareableto captureaglobalview of theproblemwhile maintain-
ing theflexibility andnon-determinismof local search.

A proposedlegalizationtechniqueimprovestheperformanceof
RBLS by maintaininga sequenceof legal placementsfrom which

1Thebest-of-5datais somewhatpessimisticin thatwe took the10 trials in order
andarbitrarily eliminatedthehalf containingthebestsolutionfrom consideration.A
morerobuststatisticwould randomlyselectsubsetsof size5 from a largenumberof
runsandaveragethebestresults.Nevertheless,thegivenstatisticsshouldgive insight
into thebehavior of Mongrel.



Wire Length (%) Improv. over
CKT #nets #cells #rows TW-V7 FD Snap-On Mongrel TW-V7 FD Snap-On
prim1 904 833 16 0.84 0.87 0.95 0.83 1.2 4.6 12.6
struct 1920 1888 21 0.364 0.338 — 0.266 26.92 21.30 —
prim2 3029 3014 28 3.57 3.72 3.66 2.94 17.65 21.0 19.7

biomed 5742 6417 46 1.62 1.78 1.84 1.36 16.05 23.60 26.09
ind2 13419 12142 72 13.53 14.6 14.48 11.89 12.12 18.56 17.89

ind3.A 21940 15059 54 42.84 45.1 — 34.53 19.40 23.44 —
ind3.B 64 — — 44.70 32.99 — — 26.20
avqs 22124 21854 80 5.41 4.91 5.15 4.40 18.67 10.39 14.56

avql.A 25384 25114 86 5.86 5.38 — 4.87 16.89 9.48 —
avql.B 88 — — 5.21 4.88 — — 6.33

Average 16.11 16.55 17.62

Table1: Resultscomparedwith TW-V7 [4], Force-directed(FD) [3], Snap-on[8] methods.Mongrelresultsarethebestamong10 runs(see
Table2 for informationon solutiondistribution). Circuits ind3 andavql have multiple versionsto accountfor discrepanciesin row-countin
theliterature.

Wire Length CPU(sec)
CKT Best/5 Best/10 Avg Max Avg Max
prim1 0.86 0.83 0.87 0.90 162 212
struct 0.275 0.267 0.278 0.287 90 111
prim2 3.09 2.94 3.13 3.22 249 332

biomed 1.47 1.36 1.48 1.58 480 548
ind2 12.16 11.89 12.45 13.13 3443 4008

ind3.A 35.21 34.53 37.90 43.12 4814 6635
ind3.B 33.55 32.99 34.85 39.09 4738 6075
avqs 4.48 4.40 4.62 4.76 8222 8869

avql.A 4.91 4.87 5.00 5.36 8344 12448
avql.B 4.90 4.88 5.02 5.21 7636 8158

Table2: Statisticalbehavior of Mongrelover multiple runs. Aver-
ageandMax wire-lengthsaretakenover all 10 trials.

thebestis selectedandby incorporatinga gain-basedglobalanal-
ysis whenresolvingconstraintviolations. The net result is vastly
increasedlikelyhoodof findinganimprovedplacementin theinner
loop of RBLS. A partitioningtechniqueto optimizea legal place-
mentis anothercomplementarytool in producinghighly tunedso-
lutions.

Theoptimalinterleavingtechniquewasalsoproposedfor intra-
row optimization.With adynamicprogrammingtechnique,we are
ableto efficiently identify theoptimal interleaving of two cell se-
quences.This techniqueis thenappliediteratively.

Basedon anoptimizedglobalplacement,a combinationof the
interleaving techniqueandthedynamicclusteringtechniqueof [6]
producesbestpublishedresultsfor every benchmarkcircuit. Thus,
the framework of Mongrelappearsto bequitepowerful. We con-
tinue to pursuerefinementsandgeneralizations(both in termsof
problemobjectivesandalgorithmictools)of theapproach.¡�-?§9"%(9ed8 69*u�u6%:w6%"9$�>
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