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ABSTRACT

We give anoverview of astandard-celplacerMongel. The proto-
typetool adoptsamiddle-dowrmethodologyin whichagrid is im-
posedover the layoutareaandcells areassignedo binsforming a
global placementTheoptimizationtechniqueappliedin thisphase
is basedntheRelaxation-Basetocal Seach (RBLS) frameavork
in whicha combinatoriakearchmechanisnis drivenby ananalyt-
ical engine. This enablesa more global view of the problemand
resultsin complex modificationsof theplacemenin asinglesearch
“move”. Detailsof this approachincluding a novel placemente-
galizationprocedureare presented Whena global placemenhas
corverged,adetailedplacements formedandfurtheroptimizedby
the proposedptimalinterleavingtechnique Experimentatresults
arepresentedndare quite promising,demonstratinghat thereis
significantroomfor improvementin stateof theartplacement.

1 Introduction

Thecell placemenproblemis amongthemostfundamentain VL-
Sl physicaldesign. Becauseof the impactof placementbon such
designobjectives as area, routability and timing, it hasreceved
extensve attentionduring the pasttwo decadeslIn the context of
standarccells, the classicalwire-lengthdriven formulationcanbe
statedasfollows: given a netlist of standardcells of fixed height
(but variablewidth) and a specifiednumberof rows, assigneach
componentto a row andto an x-position in that row such that
no two cells overlap andthat estimatedwire lengthis minimized.
While therearetypically additionaldetailswhich mustbe consid-
ered(e.g.,wire-lengthestimatoy constrainton white spacedeter
mination of the numberof rows, etc.), the precedingformulation
captureshe computationahatureof the problem. With respecto
wire-lengthestimation the mostcommonestimatorfor the length
of a netis the Half-Perimeter(HP) of the pins. The popularity of
HP resultsfrom its simplicity, the factthatit is an exact estimator
of the minimum rectilinear Steinertreefor 2 and 3-pin nets,and
mountingevidenceof its relationto routing congestior[1] (thisis
not to saythat more detailedoptimizationsbeforerouting are not
useful, merelythatthe prevailing wisdomis thata good HP mini-
mizeris avery useful,if notessentialfirst step).
Placementechniquesvhich have recevedsubstantiaattention
in the literatureandin industry include recussive bisection(e.g.,
[2]), analyticalplacemen(e.g.,[3]), andannealing-basedtethods
(e.g.,[4]). Thefirsttwo approachesantypically beconsideredop-
downwhile annealing-basewolstypically have a“flatter” view of
theplacementAll threeclasse®f approachebave their merits.
This papemproposes setof hybrid techniquegor standardel-
| placement. The flow of our prototypetool Mongrel is bestde-
scribedasmiddle-down An initial global placemenphaseocuses
on assigningecellsto global binsin a grid imposedover the layout
area.This grid is comparatrely fine-grainedwith typically a cou-
ple dozencellsperbin andthe numberof rows in the grid equalto
thenumberin theplacementOurapproacthastwo levelsof hierar
chy: aftertheglobalplacements establisheda detailedplacement
phasebegins in which the exact cell locationsare determined.At
leastonepreviouspaper([5]) hasadopteda middle-davn approach
(thoughtypically startingwith acoarsegrid). Thenovelty of Mon-
grellies not only in its middle-davn methodologybut alsoin the
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optimizationtechniquesappliedin global anddetailedplacement.
A brief overview of thesetechniquess asfollows.

¢ IntheglobalplacemenphaseweadopttheRelaxatiorBased
Local Search(RBLS) methodologyproposedn [6]. RBLS
utilizes an analyticalengineto drive a local searchmecha-
nism. Oneiterationcanberoughly summarizedasfollows:
Given a currentglobal placementa subsetof the cells are
selectedand designatedis mobile cells; using an analytical
engine the optimalrelaxed placement(i.e., ignoring bin ca-
pacities)of themobilecellsis found(i.e., alinearprogramis
solved); theinformationyieldedby therelaxed placements
thenusedto inducea new legal placemenvia a legalization
procedure.The bestlegal solutionseenduring the legaliza-
tion phaseébecomeghe next configurationandis acceptedf
it improvesovertheinitial placement.

Theresultis apowerful local searchmechanisnin whichin-
dividual moves may resultin complex modificationsto the
placement.For the approachto succeedthe analyticalen-
ginemustbefastandthelegalizationprocedurenustbecare-
fully designed.Theformeris achiezed by adoptingthe net-
work flow technique®f [6]. Forthelatterwe have developed
anovel schemepresentedn Section3.4.

o While the RBLS techniqueis quite effective, thereis likely
roomfor furtherimprovementin global placementia algo-
rithmswhich do not relax bin capacityconstraints.Suchan
approachis to simply apply the Fiduccia-Matthgses(FM)
partitioner[7] to adjacentbins until thereis no furtherim-
provement. This provides a complementaryoptimization:
The view is more local than that of relaxation,but it also
hasgreatercontrol over constraintsatisfction.

e In detailedplacementwe areallowed to perturbthe order
ing of cellswithin eachrow. In this phasewe proposea new
techniquewe have called optimal interleavingandalsoin-
corporatedhe dynamicclusteringtechniqueof [6].

Togetherthesetechniquedorm our prototypeplacerMongrel
which we suggestepresenta significantdeparturérom tradition-
al techniquesPreliminaryresultsarevery promising:on standard
MCNC benchmarksve have obtainedsubstantiaimprovements
(approximatelyl6%— 17%on average)ver recentlypublishedre-
sults.

In theremainderof this paperwe give somenotationalconven-
tions, presentalgorithmicdetailsof Mongrel's variousphasesand
presenexperimentaresults.

2 Preliminaries

We modela netlistby a hypegraphG = (V,E), whereV is a set
of cellsandE is a setof nets. A hyperedgee € E is a subsetof
2 or morecellsin V (i.e.,e C V). Eachcell correspondso a cir-
cuit componentand eachnet representa commonsignalamong
its constituentells. Let |g| denotethe numberof cellsassociated
with nete ands(v) the sizeof cell v. Also, let A denotethe total
cellarea—i.e., A=Y ey S(V).

In global placementthe coreregionis dividedinto anR x C
grid. Givenagrid andmaximumandminimumallowablerow size,



the global placementproblemis to assigncells to global bins to
optimizethetotal wire length,subjectto the following constraints:
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Thebin-capacityconstaint (1) ensureshatall binsarecloseto
their target capacitywhile allowing flexibility for optimizationvia
the parametee. Therow-sizeconstrint (2), which canbe viewed
asawhite spaceconstraintensureghatall rows areof rougly equal
size.

A globalplacemenP is legal if it satisfieghebin-capacityand
therow-sizeconstraints A detailedplacemen® is legal if notwo
cellsoverlapandtherow-sizeconstrainis satisfied.

We usehalf perimeterof a boundingbox of a netaslengthof
thenet. Thelengthof neti, len(g), is estimatedy

len(e) = max|xu —x| + max |y, —w|

where(xy, yv) givesthecoordinate®f cell v (in thecaseof aglobal
placement cells coordinatesare the centerof the bin to which it
belongs).The placemenproblemcanthenbe statedas

IE|
min Zler(a) over all legal placementP
i=

wherethe notion of legality dependon whetherthe placemenis
globalor detailed.

3 Relaxation Based Local Search

3.1 Overview

Thenotionof relaxationbasedocal seach (RBLS)wasintroduced
in [6]. In thatpaperit wasappliedto thelinearplacemenproblem.
In Mongrel,we adopta RBLS approactfor row-basedplacement.
This sectiondescribesheissuednvolved.

At the top-level of abstractionRBLS adoptsa quite tradition-
al local searchframewnork. From a currentsolutionwe samplea
neighboringsolutionand move to that solutionif the objectie is
improved. If noimprovementis seerfor k (agivenparametergon-
secutve moves,thesearchterminates.

Thenovelty of RBLS is in how neighboringsolutionsaregen-
erated.Ratherthanemplg/ing simple“moves” suchascell swap-
ping, we usean analyticalengineto make moredrasticmodifica-
tionsto the placementn the hopeof capturingamoreglobalview.
This procesds summarizedsfollows:

e Sub-circuit Extraction: Givenaparametem, extractasub-
circuit M(C V) where|M| = m. M will be calledthe setof
“mobile nodes”.FromM we determineghefixednodesetF:
thesetof nodesn (V — M) which aredirectly connectedo a
memberof M via somenet. An extractedsub-circuitconsists
of nodesetF UM andnetsetE’ inducedby M.

e Optimal Relaxed Placement: Given a setof mobile nodes
M, we find the optimal placementfor eachmemberof M
ignoringcapacityconstraintainderalinearprogramminge-
laxationof the problem. Note thattherelative orderof cells
in F influenceghis solution.

e Placement L egalization: Theinformationyieldedby there-
laxedplacements thenusecdto induceanew legal placement
via alegalizationprocedure.

e Further Optimization: A legalglobalplacements thenfur-
ther optimizedusing partitioning techniquebetweenneigh-
boringbins.

This flow is summarizedy the pseudo-codén Figurel.

Algorithm RelaxationBased_ocal Seach (RBLY
Input: mk, andcurrentplacemenP
Output: new placement
Courter <Kk
while (Courter > 0) {
ExtractamobilenodesetM (M| = m)
Determinea fixednodesetF usingM
For Vv € M, determineoptimalrelaxedlocation
P’ «+ new placemenafterresolvingsizeproblem
P’ < optimizeP’ by local partitioning
if WL(P') < WL(P)) then

Counter +
P«P
else
Cournter < Courter— 1
}
return P

Figurel: Algorithm RelaxationBased.ocal Seach (RBLY

3.2 Sub-circuit Extraction

In generalthesub-circuitextractionstratey (determinatiorof mo-
bile nodesin RBLS) affectsthefinal solutionquality. Experiments
with several candidatestratgjiesled usto the simpleandeffective
randomizedschemedescribedelow.

Firstanetewith degreeno greaterithanmis selectecatrandom
andall memberof e areaddedo M. We thenrepeatedlyselect(at
random)netsadjacento M, but previously unselecte@ndaddnew
membergo M until M reachests tamgetsizem. Thustheapproach
canbe consideredh randomizechet-basedw avefront” algorithm.
Theresultis a connectedcomponentin the hypegraphwhich will
thenbe handedto the analyticalsolver for optimal relaxed place-
ment. Experimentshave shavn this techniqueto perform better
thana node-basewavefrontapproachasin [6]).

3.3 Optimal Relaxed Placement

OnceM is extractedwe decomposé¢herelaxedplacemenproblem
into independenk andy subproblemsAs in [6], the mobile node
setM inducesa setof fixednodesF anda setof activenetsg’ (all
netswhich influencethe relaxed placemenproblemfor M) —i.e.,
E'={e|enM#£0}andF ={ve (V-M)|JecE st.vee}
Theeffectof thefixednodess to provide “anchors”preventingthe
mobile cellsfrom collapsingto a singlepoint. Notethatin practice
it is only necessaryo find left-most/right-mos{top-most/bottom-
most) fixed nodeswhen solving for the x (y) dimensions). Note
alsothatfixed nodesmayeitherbe padcellsor regularcells.

To determinethe optimal relaxed x— and y—coordinatesfor
mobile nodeswe first projectthe extractedsub-circuitontothe x—
andy—axesasshowvn in Figure2. In theexample,assumédor sim-
plicity eachcell hasunit sizeandonly onecell canbe placedin a
bin. Cellsb,c andd are selectedas mobile nodes. Netse; — e;
areactive sincethey areconnecto mobilecells. Cell a afixedfor
active nete;. Similarly, cellsaandf 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 decomposéhe
probleminto two independeniinearprogramgLP). Notethatthese
two LPsdiffer asaresultof thedifferentorderingof fixednodesn
thex andy dimensionsThe LP relaxationfor thex-dimensioncan
be statedasfollows.
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Figure2: Sub-circuitgrojectedontox andy axes.

Xy beingthelocationof anodev € F in agivenfeasibleplacement
P. Thedummyvariablesre andle give the leftmostandrightmost
endsof nete. The y-coordinategor mobile nodescanbe derived
from ananalogoud.P.

In [6] it wasshawvn that this LP canbe solved efficiently via
network flow methods. As a result, it wasshavn to be practical
to solve suchproblemsin theinnerloopsof alocal searchrscheme
(while the useof a generalLP solver would likely not have been
practical).We adoptthesenetwork flow techniquesn Mongrel.

3.4 Legalization

A crucialissuein relaxation-basethethodsds theresolutionof cell
overlapsor bin/row constraintviolations. We have developedtwo
new techniquedor this legalizationprocesswhich have proved es-
sentialfor the effectivenesf our placer

First, in corventionallegalizationprocedurespne begins with
the relaxed placementandgraduallymassagegt into a placement
obeying the variousconstraintsIn sucha procedurea legal place-
mentis derived only at the very last step. While this might be
sensiblefor top-davn analyticalmethodsjt seemdessthanideal
for our search-baseprocedure.In our legalizationprocedurewe
startwith theinitial legal placemen® (beforerelaxation)andthen
sequentiallymove eachmobilenodeto its relaxedtargetlocation;if
thisresultsin aconstrainwiolation we theninvoke aconstraintes-
olution procedureThekey pointis thataftereachcell is movedwe
producea new legal placementThusduringthe courseof legaliza-
tion we have m intermediatdegal placementsadoptinga philos-
ophy similar to thatof a single passof a partitionerlike Fiduccia-
Mattheyseswe thenselectthe minimum wire-lengthintermediate
solution. This vastly increaseshe likelihood of producinganim-
proving move in our searctschemeThis procedurés summarized
asfollows.

e Storethewire lengthof the currentlegal placemenandre-
gardit asbest.

e For eachmobilenodev in the samesequencasaddedio M
in the sub-circuitextractionphase:

(1) Placev at its optimal relaxed location (xy,yv) giving
intermediataelaxed placemen®’.

(2) If P'is legal, gotostep(3). Otherwise jnvoke the cor-
rection procedure(seebelov) and obtaina new legal
placement.

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

Our secondcontritution in legalizationis how to handlestep
(2) abore. Whenacell is movedto its targethin, it may producea
constraintviolation (under/aer flow of abin or row) andsomekind
of correctionmustbe made. Intuitively, the modificationsmadeto
legalize the placementshouldattemptto disturb cell locationsas
little aspossiblewhile minimizing wire length. Towardtheseends
we proposea “noderippling” proceduresummarizedisfollows.

1. if thereis anexcessin, sayS, find anearesbin, T, to which
a cell canmove in without violating T’s bin-capacitycon-
straints. Ripple move cells from Sto T alonga monotone
path(sequencef hins).

2. if thereis a deficit bin, say T, find a nearestbin, S, from
which a cell canmove out without violating thebin-capacity
constraintsRipplemove cellsfrom Sto T alongamonotone
path.

3. if row-sizeconstraintsarenot satisfied find a max-binin the
largestrow, saySandfind amin-binin thesmallestrow, say
T. Ripplemove cellsfrom Sto T alonga monotonepath.

4. Repeatabore procedureuntil the size constraintsare satis-
fied.

Oncewe have selectedh sourcebin Sandadestinatiorbin T, a
ripple move is thena sequencef cell movesfrom Sto T wherewe
alwaysmove a cell from the currentbin to a bin in the directionof
T —i.e., the bin sequencés monotone.Oncethe abore sequence
of ripple movesis completewe have anew legal placement.

To determinethe bin sequencandthe cellsto be moved along
thatsequencewe performa global analysisbasedon the gainsof
individual cellsin thebins. This notionis illustratedin Figure3. In
the figure sinceSis in the upperleft cornerandT is in the lower
right, all candidatemovesare eitherto the right or dovn. Candi-
datecellsto be moved areindicatedby solid boxesandare either
nodesnotin M or nodesin M but previously placedduringthele-
galizationprocedure.(Dashedboxes are usedto represents-yet
unplacednobilenodeswhich arenot candidatesor rippling). The
gainassociateavith aparticularmove is simply theresultingwire-
lengthreductionwhich may be positive or negative. If we assume
thatan individual cell is moved at mostonce,we thenhave inde-
pendencemongthe gainvalues;this canbe seenby noticing that
ary montonepathcrosseachcut-linein theregion exactly once.
Thisscenarianduceghegain-graphin part(B) of thefigurewhere
eachvertex correspond#o abin andanweightedarcrepresentshe
maximumgainin thatdirection(horizontalandverticalgainsmay
be maximizedwith differentcells). Further sincethegain-graphs
agyclic, we canfind the maximumgain pathby topologicalorder
ing. Oncethe bin sequencés determinedn this way we actually
performtheripple move with the slight modificationthatwe allow
a cell to move morethanonce(the resultis thatthe total gainis at
leastthatof the globalanalysisandsometimesbetter).

Calculating Gain Values

An importantissueis therelationshipbetweerthe gainvaluesand
the positionsof the mobile nodeswhich have not yet beenmoved
to their targetpositionsin the sequenceThe locationof suchcells
will affect the gain of cellsin theripple sequence We have cho-
sento be optimisticandcalculatethesegainsbasedon the optimal
relaxed location of the as-yetunplacedmobile nodes(previous-
ly placedmobile nodesarenaturallyassumedo bein the location
wherethey endup). Thusthe the gainvaluesmay be inexact, but
this approachis clearly preferableto calculatinggainsbasednthe
original positionsof as-yetunplacednobilenodes.
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Figure3: (A) Gainvaluesto determinea monotonepath. Dashed
rectanglesdenotemobile nodeswhich are excluded from candi-
datesto move (B) Resultinggain-graphanda max-gainmonotone
path(totalgain> 16).

3.5 Placement Optimization By Local Partitioning

Reducingwire lengthin a global placements closely relatedto
minimizing the cut size betweenadjacentbins. Thusit is natural
to performsuchre-partitioningbetweemeighboringbinsto com-
plementtherelaxationbasedcomponenbf theglobalplacer Even
thoughthe view is morelocal thanthatof relaxation it hasgreater
control over constraintsatishction. Basedon this obseration, we
adoptageneridriduccia-Matthgses(FM) algorithm[7] overapair
of adjacenbins—i.e.,to cellsin two binsb; ; andb; j,1 (or b j and
bit1,j) aimingto minimize cutsize.
canninghe global placemenfrom thetop row to the bottom,

from theleft to theright in eachrow, assumingwo adjacenbinsas
aninitial partition, we applythe genericFM-partitionerto the pair
of binssubjectto the bin-capacityandrow-sizeconstraints.

This optimizationstepcanbe repeatedaslong asthereis im-
provementgreaterthanathresholdvalueb for eachscan.

4 Detailed Placement

Mongrelhastwo levelsof hierarchy:global placemenanddetailed
placement In this section,we describea methodto transforma
global placemento a detailedplacementand proposea novel op-
timizationtechniquefor a linear arrangemenivhich is adoptedto
optimizeevery row in thedetailedplacement.

Notethattheby constructiorof thegrid, globalplacementom-

pletelydeterminesherow assignmentfor thedetailedplacement.

Thus, if a global placementsatisfiesthe row-size constraint,the
correspondingletailedplacementvill satisfythe constraint.

4.1 Converting Global to Detailed Placement

A global placements first transformedto a detailedplacement.
Whenwe placeeachcell in arow in a detailedplacementwe as-

sumeall cellsareakutted. Therelative orderof cellsin the global

placements preseredin theinitial detailedplacement-e.g.,cells

in aleft binin aglobalplacementreplacedieft. To determinehe

initial orderingamongcellsin the samebin we useasimplegreedy
basedschemebasedn aforce-\alueexertedon eachcell.

4.2 Optimal Interleaving

Onceaninitial detailedplacementis obtainedwe performfurther
intra-rov optimizationvia a techniquewe call optimal interleav-
ing. Figure4 illustratesthe key stepsof theinterleaving technique
which canbe summarizedsfollows.

e Givenwindow sizeW, find a subsequenca within W from
currentlinear arrangemenbf cellsin a row. The relative
orderof cellsin Ais presered.

e LetB=AinW preservingelative orderof cellsin theorig-
inal sequence.

o Interleave sequences andB to getanoptimalarrangement.

e The above stepsare repeatedby sliding the window right
acrossachrow from thetop row to thebottom.

Thefigureillustratesthe solutionspacecoveredby interleaving for
givenAandB. Thusthereis potentialfor quitenon-trivial optimiza-
tion: thenumberof all possiblevaysof interleaving is ( 'Hﬁm ) ,
where|A| = n and|B| = m. A polynomialtime algorithmfor find-
ing theoptimalsuchinterlearing amongthis exponentiallylargeset
is sketchedn thesequel.

Window

ay

by ‘az‘ by ‘bg‘ag
az‘as“bl‘ bz‘b

Partitioning
4
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E
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‘ by ‘ by bs ap ‘ba a3 ‘

ay

Figure4: lllustrationof interleaving technique

Dynamic Programming for Interleaving

Optimally interleaving two subsequencesan be done efficiently
via dynamicprogramming.

Givenwindow W sizeof n4+m, supposeA = aj, ap,--+,an and
B = by,bp,---,bm. Let §j denotean optimal arrangementvith
ag,ap,---,a(i <n) andby,by,---,aj(j <m) andC(S,;) the cost
of §,j. Theobjectie of interleaving A andB is to find Sy m.

ThecostC(S j) of apartialplacemen§ j isitstotal (x-dimension)
wire-lengthwithin the window W up to theright boundaryof S j.
This canbe viewed asthe normalizedsumof the wiring densities
alongthe sub-windav coveredby § ;. A key pointis thatthe op-
timal interleaving of aprefix § j is independenof the orderingof
subsequentellsin thewindow. I'l'hisseparabilit)elllowsadynamic
programmingapproach.

A recurrenceaelationfor the dynamicprogrammingcanbe s-
tatedasfollows.



So =0
C(Sp) = 0

S,j { S—l,jaia

if C(S—1,j&) <C(S,j-1bj)
S,j—lbja

otherwise.

S\,m canbeobtainedoy usingann x mtable.A relatively straight-
forward analysisrevealsthatthe algorithmcanbeimplementedn
O(nm+ p(n+ m)) wherep is the total numberof pinsonincident
nets.Notethat p is typically linearin the numberof cells.

Optimalinterlearing is iteratively appliedto a detailedplace-
mentby sliding windows. We have foundthatselectinga window
sizeW which is twice the averagenumberof cellsin a global bin
is effective. Thepartitionsinto setsA andB aredonecompletelyat
random.

4.3 Dynamic Clustering

Whena detailedplacementorvergesafteriteratively applyingin-

terleaving, thereis often still room for further improvement. In

[6], a dynamicclusteringmethodwas proposedfor linear place-
ment. The techniquewas shavn to enableescapdocal optima.
The schemds summarizedisfollows. Givenparameters andU

(lower- andupperboundfor the sizeof a clusterednode),we dis-
secteachrow into clustersof cellswhereeachclusterhasno fewer
thanL andnomorethanU cells. Thusclustersaredeterminedrom

thecurrentplacemenby finding theminimumlocal wiring density
within thelowerandupperbounds A generalizatiorof optimalin-

terleaving which considerghe possibility of reversingthe ordering
of cellswithin aclusteris thenappliedto theclusteedcircuit. This
processalternatesvith optimizationof the flattenedcircuit andre-
clusteringuntil thereis no significantimprovement.As afinal note,
we have found smallvaluesof L (saylessthan3) andvaluesof U

of lessthan10to beeffective.

5 Overall Algorithm

Figure 5 shaws the overall procedureof Mongrel. The algorithm
canbe summarizedsfollows. First, aninitial globalplacements
generatedThen,Algorithm RBLSis invoked to optimizea global
placement.Control variablesareusedfor sub-circuitsize,corver
gencecriteria,andsoon. Whena globalplacemenhasconverged,
it is transformedo a detailedplacementinterleasing anddynamic
clusteringtechniquesrethenusedto furtheroptimizethedetailed
placement.

Input parameter® andC areusedto determinethegrid dimen-
sionfor a globalplacementR determineshe numberof rows and
is usuallysetto the numberthatareusedfor the numberof rows in
[3, 4]. Cisusuallysetsuchthateachbin canaccommodat&0~ 17
cells basedon our experiencebecausave have found bestresults
with suchagrid dimension.g is usedto determinetheinitial value
for k. (maximumnumberof trials in RBLSwithoutimprovement).
Duringthecourseof RBLS, thesub-circuitsizemis decreasedlhe
rateatwhichit is decreaset determinedy 3 (< 1). If mbecomes
lessthanthe thresholdsize (kmin) of a mobile nodeset,we regard
the currentplacemento be corverged. a is usedto determinethe
initial sizeof mobilenodeset.

6 Experiments

We have implementedMongiel andtestedit on a standardset of
benchmark®na 400 MHz Pentiumll/Linux.
The control variablea is usuallysetto 0.7 ~ 0.8, ig t0 2 ~

3 for the initial sub-circuitsize andk. We usually setf3 to 0.1,
y to 2, and kmin to 5 ~ 10 dependingon circuit size. To control
the CPUtime spentby the partitioningtechnique(Section3.5) we
usea variableb asexplainedandit is setto 0.01 x R x C. To
satisfyrow sizeconstrain{inequality(2)), our placerautomatically

Algorithm Mongel
[ nput: n,m,a, Byyy iOa kmina etc
Output: anoptimizeddetailedplacement
Txx % % Global Placements s x x x/
P + Obtainaninitial placement
m<« a- V|
k<« i()
while (TRUE) {

Call RBLEP, m,k)

m+<+fB-m

K«vy-k

if (m< kmin) break

[x % % x Detailed Placements s % * %/
W « 2x (avg. #cellsin abin)
Py < TransformP to a detailedplacement|
while (3 Improvement){
Py < InterleavePy, W)
Determinel andU
Pc < Cluster(Py,L,U)
Pc < RowOptimizéP;, W)
Py « Flatten(P)

return Py

Figure5: Algorithm Standad Cell Placer

controlsthe lower-boundandthe upperboundof a row sizesuch
that 1%% < 1.03. As aresultthe averagewhite-spaceds
1.5%.

We have run experimentonthesamesetof circuitstestedwith
TimberWolf V.7 [4], theforce-directednethodof [3] andthe Snap-
on methodof [8]. Usingthe hybrid techniquesnot only have new
best-publishedesultsbeenfoundfor every circuit, but alsoa sub-
stantialoverall improvementhasbeenachiezed. Tablel summa-
rizestheresults.Notethatthe Snap-ormethodusesdifferentnum-
berof rows for somecircuits(e.g.,88 for avgl and64 for ind3) and
hencetherearemultiple entriesfor thosecircuits.

While theresultsin Tablel arethebestof 10 independentand
trivially parallelizable)runs, Table 2 givesan ideaof the statisti-
cal behaior of multiple runsof the currentversionof Mongrelin-
cludingrun-time. Thetableincludesbest-of-5,average-of-10and

worst-of-10resultsaswell asthe best-of-10resultsfrom Table1.!
Thedatashaws the stability of theapproachthoughefforts contin-
ue to improve the robustnesof the approach).While Mongrelis
fairly computentensvie, therun-timesalsoshav promise.Thereis
alsolik ely significantroomfor improvementof CPUtime through
bothalgorithmicandimplementatiortechniques.

7 Conclusions

We have presentedhybrid techniquedor standardcell placement.
Our prototypetool Mongrel adoptsa two-level middle-davn ap-
proach. An initial global placementphasefocuseson assigning
cells to global bins in a grid imposedover the layout area. The
placemenis thentransformednto a detailedplacementand fur-
theroptimized.

For globalplacementye have adoptedh Relaxation-Baseto-
cal Search(RBLS mechanisni6]. By usingconstraintrelaxation
we areableto captureaglobalview of theproblemwhile maintain-
ing theflexibility andnon-determinisnof local search.

A proposedegalizationtechniquemprovestheperformancef
RBLS by maintaininga sequenc®f legal placementdrom which

1The best-of-5datais somavhat pessimistidn thatwe took the 10 trials in order
andarbitrarily eliminatedthe half containingthe bestsolutionfrom consideration A
morerohust statisticwould randomlyselectsubsetof size5 from a large numberof
runsandaveragethe bestresults.Neverthelessthe givenstatisticsshouldgive insight
into the behavior of Mongrel.



Wire Length

(%) Tmprov. over

CKT #nets| #cells | #rows | TWV7 [ FD [ Snap-On] Mongel || TWV7 [  FD [ Snap-On
priml 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 28 357 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 1353 14.6

14.48 11.89 12.127] 18.56 17.89

Ind3.A

21940 15059 54 42841 451

ind3.B 64

24707 3299 —T = 7620

avqs | 221241 21854 80 5411 491

5.15 4.40 18.67] 10.39 14.56

aql.A | 25384 25114 86| 5.86] 5.38 — 287 | 16.89] 9.48 —
avql.B 88 — 5.21 788 -1 — 6.33
| Average [ 16.11] 1655] 17.62)

Tablel: Resultscomparedvith TW-V7 [4], Force-directedFD) [3], Snap-or{8] methodsMongrelresultsarethe bestamongl0 runs(see
Table2 for informationon solutiondistribution). Circuitsind3 andavql have multiple versionsto accounffor discrepanciesm row-countin

theliterature.

Wire Length CPU(sec)
CKT Best/5] Best/1I0] 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 2941 3.13] 3.22| 249 332
biomed 1.47 1.36] 1.48] 158 480 548

ind2 12.16| 11.89] 12.45] 13.13]| 3443| 4008
ind3.A || 35.21| 3453 37.90| 43.12|| 4814| 6635
ind3.B || 33.55] 32.99] 34.85] 39.09]|| 4738| 6075

avgs 4.48 4401 462 4.76]| 8222| 8869
avgl.A 491 4871 5.00] 5.36]| 8344| 12448
avql.B 4.90 488 5.02] 521 7636| 8158

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

the bestis selectedandby incorporatinga gain-basedjlobal anal-
ysis whenresolvingconstraintviolations. The netresultis vastly
increasedik elyhoodof findinganimprovedplacementn theinner
loop of RBLS. A partitioningtechniqueto optimizea legal place-
mentis anothercomplementaryool in producinghighly tunedso-
lutions.

Theoptimalinterleavingtechniquevasalsoproposedor intra-
row optimization.With a dynamicprogrammingechniqueywe are
ableto efficiently identify the optimal interleaving of two cell se-
guencesThistechniqueas thenappliediteratively.

Basedon anoptimizedglobal placementa combinationof the
interleaving techniqueandthe dynamicclusteringtechniqueof [6]
producesestpublishedresultsfor every benchmarlcircuit. Thus,
the framework of Mongrelappeargo be quite powerful. We con-
tinue to pursuerefinementsand generalizationgboth in termsof
problemobjectivesandalgorithmictools) of the approach.
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