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Abgrac—Multilevel clusteringhasprovento be an effective
techniquefor a numberof problems.In this paper we studya
clusters- rstapproactto circuit placementcomparet to more
traditionalmethodsandstudytherelationshipbetweercluster
sizes and placementquality. We also reveal shortcomings
in recently developed benchmarks,that can sene to bias
experimentstowardsa clusters- rst methodology

|. INTRODUCTION

Over the past few decadesthe number of transistorsin
processorfiasbeengrowing at an exponentialrate. Every 18
months,the numberof transistorson a chip roughly doubles,
andcircuit designproblemsbecomemorecomplex. Thereis a
greatneedfor improvementgo physicaldesigntools, both to
handlethe increasedlesignsizes,andto addresghe growing
problemof interconnectdelay

As interconnectwires now dominatesystemdelay[7], there
is a needto reducethe length of wires in high performance
designs. Optimizationof this sortis primarily addressedy
improved circuit placement;recentexperimentssuggestthat
thereis a signi cant degreeof suboptimality[5].

In recentyears,multilevel clusteringhasresultedin a great
deal of improvementon a variety of problems.Perhapshest
known is the impact on partitioning. An early paper by
Cong[6] performeda limited amountof clustering,reducing
thesizeof a hypegraph;the authorsghenusedthewell known
Fiduccia-Matthgses[11heuristicto performpartitioning.The
limited amountof clusteringproved bene cial; further clus-
tering provided even greatergains, resultingin the state-of-
the-art multilevel clustering partitionerssuch as hMetis[13]
andML-Part[3]. Thesepartitionersareusedin bisection-based
placementools suchas FengShui[1] and Capo[4].

Recently Hu and Marek-Sadwska[12] presentedca place-
mentapproackhthat rst appliesalimited amountof clustering,
reducingthe size of the placementproblem;the authorsthen
usedCapoto perform placementThe primary impactof the
approachwas improved run times; there was also a modest
improvementin placementire length. The parallelsbetween
single and multilevel clusteringfor partitioning, and current
placementefforts, is striking. The focus of this work is on
an investigationof multilevel clustering for placement.We
nd thattherearefundamentaproblemswith clustercreation
thatpresensigni cant challengedor placementthe natureof
theseproblemsalsorevealsshortcomingsn recentlypresented
syntheticbenchmarks.

The remainderof this paperis organizedas follows. In
Section|l., we provide a brief summaryof prior work in

Iwire lengthminimizationaloneis not equivalentto delay minimization:
we focuson wire length here,asit is a commonlyusedmetric, and easyto

quantify

placementand in multilevel clustering based partitioning.
We next presenta “clusters rst” placementapproachin
Sectionlll.; we utilize a clusteringtreewithin a combinatorial
optimization framework. Section IV. presentsexperimental
results,comparingour work to otherrecentlydevelopedtools.
We concludethe paperwith SectionV..

Il. BACKGROUND

A hypegraph G(V;E) is a graph with vertex setV and
hyperedgeset E. The degree of eachvertex v in V, d(v),
is the numberof edgesincidentto it. Eachvertex v hasa
sizes(v). The degreeof hyperedgee, d(e), is the numberof
verticesincident to it. Numberof edgesbetweena vertex v
anda vertex u is denotedby N(v;u).

A clusteringtreeis a binary tree, in which the leaves are
the individual vertices.Internal nodesof the tree are clusters
of vertices.If all of the vertices are clustered,there is a
single tree; the root of the tree representsall of vertices.
At intermediatestagesof the clustering process,there may
be a numberof separaterees, representingportions of the
graph.Whenverticesareto be groupedogetherin aclustering
basedapproachthe connectvity betweenverticesv andu is
normallydenotedasW(u; V): avarietyof functionsto compute
W(u;Vv) have beenproposed.

In VLSI design,a “cell” is roughly equialentto a vertex,
while the signal net connectinga group of cells is roughly
equialentto a hyperedgeWe refer to a “pin” as the con-
nection betweena vertex and a edge,so numberof pins on
a vertex v is the sameas d(v), andthe numberof pins of a
edgee is the sameasd(e).

We will formulatetheplacemenproblemasoneof assigning
verticesof a hypegraphto physicallocations;the objectve is
to minimizethetotal (boundingbox) lengthof all hyperedges.
Objectivesfor partitioning are to minimize the total number
(or weight) of cut edges,subjectto areaconstraintson each
side.

A. Multilevel Partitioning

Partitioning is a well studied problem. Methods by
KernighanandLin[14], and Fiducciaand Matthyeses[11hre
well known, andthe basicmethodsdevelopedby theseauthors
are usedin mary currentimplementationsAn improvement
in solutionquality wasobtainedthroughthe useof multilevel
clustering[13]; a clustering tree is rst constructed,with
traditional partitioning methodsbeing usedto nd an initial
solution,andthenre ne thesolutionasthetreeis unclustered.

B. Circuit Placement

In this section,we briey discussthe issuesinvolved in
Standard Cell Placement.Standardcells are the smallest



indivisible component®f a VLSI design;whenplacingthese
cellson awafer of silicon, we have mary candidatepositions.

Our objective is to nd a placementof standardcells that
gives us a minimum total wire length. The total wire length
requiredis simply the sumof the lengthsfor eachinterconnect
treerequiredto completethe connections.

Assumingthat we have roughly the samenumberof candi-
datepositionsas standarccells to be placed,we can estimate
the order of compleity involvedin nding an optimal solu-
tion. If therearen cells,andwe nd all permutationsof the
placementwe endup with compleity O(n!). We would also
needto calculatethe total wire length of the placemenusing
the netlist.

With the numberof cellsreachinghundred=f thousand®r
millions, it is obvious that a brute force mechanisnto nd
anoptimal solutionis not feasible.The placemenproblemis
in fact NP-hard,resultingin the wide useof heuristics.Com-
mon methodsfor standardcell placementinclude recursve
bisection,analytic methodsand simulatedannealing.

In partitioning basedplacement(such as [2], [8], [4], [1]),
we partition the standardcells recursvely into two partssuch
that thereis minimum crosseer of connectionsetweenthe
cellsover the partition. Doing this recursvely ensureghatthe
cells that are connectedemainrelatively closeto eachother
and cells that do not belongto the samenet remainfurther
away from eachother

Analytic methods,suchas[16], [9], [17], model the place-
mentproblemwith linear programming-like methodsCellsin
a placementcan be viewed as nodes,connectedby a set of
springs.Attractive and repulsve forcesare assignedetween
cells, and the manipulationof theseforceswill resultsin the
relative positioning of objects.By repeatedlysolving linear
(or quadratic)equationswhich representhe forces,andthen
adjusting the positions of individual cells, a “low enegy”
solution can be found. This correspondgo a placementwith
goodtotal wire length.

Simulated Annealing[15],[18], [19] is a probabilistic ap-
proach;cell positionsare randomlychangedwith eachmove
being acceptedor rejectedbasedon a “temperature”based
function. At high temperaturespoth moves are accepted,
with little regardfor the impactof the move on an objective
function. At lower temperaturesthere is a preferencefor
moves that improve the objective function. By allowing the
chancethat a move that degradessolution quality will be
acceptedannealingcan escapdocal minima. Run times for
annealingmethodsare typically high, but solution quality is
in generalquite good.

I1l. CLUSTERS FIRST APPROACH

It is naturalto suspecthatthe succes®f multilevel cluster
ing for partitioning can be extendedto placementThe initial
successof the single-level clustering method of Cong and
Smith[6] has parallelsto a recent placementeffort[12]. In
our preliminaryexperimentsa simpletop-dovn combinatorial
approachwas able to nd optimal placementsfor mesh-
like graphs,when provided with an initial optimal clustering
tree[10].

In this section,we describethe constructionof a clustertree
for our placementpproachandthe combinatoriaimethodwe
useto corvert the clusteringsolutioninto a placement.

Fig. 1. Multilevel clustering;individual logic elementsarerepeatedlygrouped,
forming a heirarchy
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Fig. 2. CombinatorialOptimizationduring placement.

A. Clustering

As with mostclusteringmethodswe memge smallerclusters
into larger ones.A new clusterhasall of the netsof the two
child clustersexceptthe netsbetweenthe two; the sizeis the
sum of the two child clusters.

Constructionof a good clustertree requiresa good objec-
tive function during clustering.Iln our experiments,we have
considereda variety of connectity objectves, W(u;v), to
determinethe merit of memging clusteru andv. We usethe
clustersizes,numberof commonnets,net cardinality cluster
degree, and differencebetweencluster sizesin a variety of
ways. The information about the number of nets between
them, N(u; V), size of componentf the pair, sS(u) and s(v),
and relationshipto the other clusters,d(u) and d(v) and/or
d(efu; V), is updatedduring clustering.Figure1 illustratesthe
clusteringprocess.

In termsof placementquality, perhapsthe mostsigni cant
elementof successfulclusteringis to maintain clusters of
roughly equalsizethroughoutthe processFor combinatorial-
basedplacementdescribedn the next section,a mismatchof
clustersizesdegradessolution quality considerably

While thereis awide rangeof clusteringobjectve functions,
and extensve work on the subject,the experimentspresented
in SectionlV. use a clusteringtree obtainedfrom the top-
down application of the partitioner hMetis. Motivation for
the useof this treeis thatit in mary respectgepresentshe
“best possible” clustering tree one might expect to obtain.
As the partitioning is performedin a top-dovn manney we
nd good locationsto breakthe circuit into smallerclusters.
Using a variety of differentmetrics(numberof cut nets,ratio



of internalto external nets,clustersizes,etc.), the clustering
treeobtainedin this mannerwasbetterthanary treewe were
ableto constructin a bottom-upfashion.

B. CombinatorialPlacement

Following clustering, a placementcan be generatedby
simply enumeratingdifferentlocationsfor eachof four “top
level” clusters. After xing the locations of the top four
clusters,we continueto the next “level of the clusteringtree,
re ning the placemenfturther.

In our combinatorialapproach,we operateby default on
groups of four clusters, nding optimal con gurations for
the group.As re nementproceedspptimizationwindows can
spanboundariedetweenclusters.

This processis illustrated in Figure 2. If our clustertree
has groupingsof “JFAE,” “BGCD,” “OPKL,” and “MNHI”
as the top four clusters,the twelve different permutations
are evaluated;the permutationwith minimum wirelengthis
then selected.Each clusteris then divided into groupsfour
smallerclusters,andthe optimal con guration for eachgroup
of four is found. An optimization window then passesover
the placement potentially moving somesmall clustersfrom
the top group acrossthe earlierboundaries.

C. Placement_egalization

The sizeof clusterscanvary somavhat, andit is in general
unlikely that the areaof a clusterwill t exactly into a x ed
numberof rows in a placement.The inital placementfound
canbe consideredabstract, and legalizationis required.

We use a dynamic programmingmethod to assign cells
to non-overlapping positionsin rows. The method we use
was describedin [1], andwasin fact developed rst for the
placementapproachwe focus here.

IV. EXPERIMENTAL RESULTS

To evaluatethe impact of a “clusters rst” approach,we
testedthe approachdescribedhere on a number of recent
benchmarksand compareto state-of-the-aracademictools.
Obviously, thequality of clusteringimpactstheresults,andwe
usethe “top-down” tree obtainedby hMetis, for the reasons
mentionedearlier

A. Placementmages

To visualizethe natureof clustersfound, andtheir locations
within a placementwe shov Figures3 to 6. The “top level”
clustersareshadedn differentcolors,to show their locations.
A good placementfor a clusteris not necessarilya tightly
paclked rectilinearregion.

B. IBM Bendimarks

In termsof wire length,the combinatorialapproachdid not
obtainresultsthatwereasgoodasmethodssuchasFengShui
2.0 andDragon,althoughit doesoutperformCapoand mPL.
Despitethe high quality of the clusteringtree, the impact of
terminal propagation(essentiallyignored during clustering)
boundssolution quality. Resultsare shovn in Tablel.

From theseexperimentswe would suggesthat while “pure
clustering” can capturea greatdeal of the compleity of the
placementproblem, ignoring the physical component(and
terminal propagation)imits the quality of results.

C. PEKO Bendimarks

While “clusters rst” did not obtain the best results on
the IBM benchmarksit is signi cantly more effective when
given the synthetic “PEKO” benchmarksResultsof these
experimentsare shovn in Table Il. This set of benchmarks
containsonly local nets;to develop a placementproblemin
which an optimal solutionis known, netsare insertedinto a
regulargrid. If anetof degreed is to beinsertedcells within
a small rectangleare selectedto be attachedto the net; the
size of the rectangleis requiredto have the smallestpossible
areathat cancontaind cells.

Thebenchmarlconstructiorcanbe viewed asheavily favor-
ing a clusteringapproachatthe rst level of clustering,when
connectectellsaregrouped every groupingis consistantwvith
an optimal placement.This is clearly not the casewith the
IBM benchmarksexplaining the differencein performanceof
our “clusters rst” approachaswell asthatof the clustering-
driventool mPL[5].

The contrastin resultsleadsto an obsenation:it is unlikely
that a placementvith minimum-lengthetsis possiblefor the
IBM bendimarks.While the PEKO andIBM benchmarksre
similar from a statisticalperspectie, it is likely thatsomenets
in the IBM benchmarksvould not be placedwith minimum
possiblewire lengthin an optimal solution.

V. CONCLUSION

In this paper we have studieda “clusters rst” approachto
circuit placement Experimentsindicate that even with high
quality clusters,the effect of terminal propagationmust be
considereduring placementif we wish to obtainhigh quality
results. This contrastswith partitioning problems,in which
terminal propagations not a constraint.

While the combinatorialapproachwas not able to match
leading the best bisectionbasedtool or an annealingbased
tool, our researchin this areadid resultin the development
of the fractional cut approachandthe dynamicprogramming
basedlegalizerdescribedn [1].

As part of our current work, we are continuing our in-
vestigationinto the structureof placementbenchmarksand
how this canbe utilized to improve results.While the PEKO
benchmarksarein somerespectssimilar to industry designs,
thereareclearlyaspectsvhich favor someplacementnethods,
while putting othersat a disadwantage.

This work was supportedin part by SRC under project
947.1,an IBM Faculty Partnershipaward, NYSTAR MDC,
and an equipmentgrantfrom Intel.
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