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Abstract—In the past few years there has been a lot of
reseach in the area of global placement. In comparison, not
much attention hasbeenpaid to the detailed placementproblem.
Existing detailed placerseither fail to impr ove upon the excellent
solution quality enabledby good global placersor are very slow.
To handle the above problemswe focuson the detailed placement
problem. We presentan ef cient and effective detailed placement
algorithm to handle the wirelength minimization problem. The
main contributions of our work are: (1) an ef cient Global Swap
techniqueto identify a pair of cellsthat can be swappedto reduce
wirelength; (2) a o w that combinesthe Global Swap technique
with other heuristics to produce very good wir elength; (3) an
ef cient Single-SegmentClustering technique to optimally shift
cells within a segmentto minimize wir elength.

On legalized mPL5 global placementson the IBM Standard-
Cell benchmarks [1], our detailed placer can achieve ,

and more wir elength reduction compared to Feng-
shui5.Q rowlroning and Dominorespectvely. Correspondinglywe
are , and faster. On the ISPD05 benchmarks[19],
we achieve and more wir elength reduction compared
to Fengshui5.0and rowlroning respectvely. Correspondingly we
are and faster.

I. INTRODUCTION

In recentyears therole of placementn the physicaldesign
of large chips hasbecomevery critical. Placementools are
not only usedto place the cells for the subsequentouting
step, but are also usedto guide synthesisand oorplanning
stages.Placementis no longer a point tool in the current
physicalsynthesiso w [21]. It hasbecomea majorcontributor
to timing closureresults.

Traditionally, placements separatedhto two stagesglobal
anddetailedplacementThe mainpurposeof globalplacement
is to distribute the cells evenly over the placementegion and
optimize certainobjectvessuchaswirelength.As we wantto
maintaina globalview, someapproximatiorhasto be madeto
simplify the problem.Also, the global placementpays more
attentionto therelative positionsamongcells globally. Hence,
it neglectssomelocal problems Detailedplacementvorks on
thelegalizedplacemento furtherimprove the solutionquality.
It is moreconstrainedhanglobal placemenasit optimizesthe
objectives by transformingone legal placementsolution into
anotherBecauseof this nature,moreaccuratenodelssuchas
half-perimeterwirelengthare usedin detailedplacement.
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Previous literature has mainly focusedon the problem of
global placementThesealgorithmsapply variousapproaches
including analyticalplacemen{7], [9], [11], [14], [16], [18],
[22], simulatedannealing[20], [24], and partitioning/ clus-
tering [4], [6], [26]. Recently there have been signi cant
improvementsin termsof both solution quality and runtime.
On a setof IBM benchmarks][7], [16] reportedvery good
wirelengthand FastPlace[22] achiered runtimesmary times
fasterthan other state-of-the-arplacementalgorithms.

However, comparedto global placement,there has been
much less work in terms of detailed placement.[2], [3],
[5] employed a window-basedbranch-and-boundnethodfor
detailedplacementAlternatively, Dragon [24] useda greedy
cell exchangealgorithm. Domino [8] transformedthe place-
ment probleminto a transportationproblemthat was solved
using a network o w algorithm.Kahng et al. [15] employed
combinatorialtechniquego performlegalizationand detailed
placementbasedon several different objectves. In [17], the
single-rav problem was solved optimally using a dynamic
programmingapproach.in [13], Hur and Lillis proposeda
techniquecalledoptimalinterlearing andalsoincorporatedhe
dynamicclusteringtechnique[12].

Current detailed placementtechniquesare either not very
effective or too slow. The window-basedtechniqueis very
local if the window sizeis small. If a big window is used,the
runtimeis not affordable.Dominois considereda very good
detailedplacer but it consumesa lot of runtime. In [23], it
was obsened that Domino can achieve an averagewirelength
reductionof 5.9% over FastPlaceon the IBM benchmarks.
Hence,we believe that signi cant improvementsin terms of
wirelength reductioncan be madeat the detailed placement
stage.lt was also obsered that the FastPlace+Dominoo w
wason average7.6 slower than FastPlace Consideringthat
currentglobal placerscangeneratehigh-quality solutionsin a
very shorttime, it is necessaryo have ef cient detailedplacers
to further improve the solution quality of global placement.

In this paper we presentan ef cient and effective detailed
placemenalgorithmthatcanwork on bothrow-basedstandard
cell placementandplacementn the presencef x ed macros.
The main contributions of our work are:

An efcient Global Swap techniqueto identify a good
pair of cells to swap globally basedon their optimal
positionswhile all othercells are x ed.



A Vertical Swaptechniquehatswapsa cell with anearby
cell in the sgmentabove or belonv so asto move it in

the direction of its optimal position.

A Local Re-orderingechniquehatre-ordersconsecutie

standardcells locally to reducethe wirelength.

A Single-SgmentClusteringtechniquethat placesstan-
dardcells optimally within a segment.It solvesthe same
problemas the Single-Rav Problemin [17]. Compared
with the dynamic programming method of [17], this

techniquecan get the optimal solutionmuchfaster

We compareour detailedplacerwith threedetailedplacers:
postprocessingn Fengshui5.0rowlroning from the Capo9.1
packageandDominoontwo benchmarlsuites:IBM Standard-
Cell benchmarksuite [1], [22] and ISPDO5benchmarksuite
[19]. On the IBM benchmarkson global placementsgen-
eratedby mPL5 [7] and legalized by the PlacementUtility
from the Capo9.1package,our detailed placer can achieve
19.0%, 13.2% and 0.5% more wirelength reduction com-
paredto Fengshui5.0Q rowlroning and Domino respectiely.
Correspondinglywe are 3.6 , 2.8 and 15 faster On
the ISPDO5 benchmarkswe achieve 8.1% and 9.1% more
wirelengthreductioncomparedo Fengshui5.@Gndrowlroning
respectiely. Correspondinglywve are3.1 and2.3 faster

The rest of the paperis organizedas follows: Sectionl|
provides an overview of our detailed placementalgorithm.
Sectionlll describeshetechniquesisedin our detailedplacer
Experimentalresultsand discussionsare presentedn Section
IV followed by our conclusionsn SectionV.

Il. OVERVIEW

Our detailed placer works on a legalized placement.The
placementcan be a legalized row-basedstandardcell place-
ment or a legalized placementwith all macros x ed. For
standardcell placementthe placeablesggmentsare the rows
speci ed in the placementregion. For the placementwith
macros,the whole placementregion is divided into placeable
segmentsbasedon the macrosand placementblockages.In
both cases,the detailed placer only works on the standard
cellsin the placeableseggmentsto improve the wirelength.

The detailedplacerconsistsof four key techniquesGlobal
Swap, Vertical Swap, Local Re-orderingand Single-Sgment
Clustering.Global Swapis thetechniquehatgivesusthe most
bene t. For ary cell , it tries to identify a good swap pair,
so that after the swap would be in the position that gives
the bestwirelength when all other cells are x ed. Because
the target position can be close to or far from the current
position of , this techniquemoves a cell globally to reduce
the wirelength.The Vertical Swap tries to swap a cell with
anothernearbycell in the sgmentabove or belowv so asto
move towardsits bestposition. Although this techniqueis
similarto Global Swap, it is morelocal andfasterlt triesto x
somelocal problemsin the vertical direction.In the horizontal
direction, we employ a Local Re-orderingtechniqueto nd
a betterorderfor consecutie standardcells within segments.
Finally, a Single-sgmentClusteringtechniquds developedto
optimally placethe standarctcellswithin a segmentwhile cells

Detailed Placement Algorithm

Perform Single-Segment Clustering
Repeat
Perform Global Swap
Perform Vertical Swap
Perform Local Re-ordering
Until no significant improvement in wirelength
Repeat
Perform Single-Segment Clustering
Until no significant improvement in wirelength

Fig. 1. DetailedPlacementlow.

in all othersggmentsare x ed.A nearoptimalimplementation
basedon this techniquehasthe time compleity linear to the
numberof cellsin a sggment.

The o w of our detailedplacementlgorithmis summarized
in Figure 1. We rst apply the Single-Sgment Clustering
techniqueto obtaina relatively good startingsolutionfor the
main stepsof the algorithm.In the main loop, Global Swap,
Vertical Swap and Local Re-orderingare employed to reduce
the wirelength until there is no signi cant improvement.
Finally, we re-applythe clusteringto get betterpositionsfor
the cells within the sgmentswithout changingtheir ordet

I1l. DETAILED PLACEMENT TECHNIQUES

In this section, we describethe techniquesusedin our
detailedplacer

A. Global Swap

The basicideabehindGlobal Swapis to nd the “optimal
region” for a cell in the placementregion and swap with
acell oraspace in the “optimal region”. We de ne the
“optimal region” anddescribethe methodto nd it in Section
IlI-A.1. In Sectionlll-A.2 we discussthe penaltychagedfor
ary overlapcreatedduring a swap. Finally, in Sectionlll-A.3
we describeswappingbasedon the “optimal region” andthe
penaltyfor overlap.

1) Optimal Region: Given all othercellsin the circuit are
x ed, the “optimal region” for acell is de ned astheregion
to place where the wirelengthis optimal. This region is
determinedbasedon the medianidea of [10].

Forary cell , wetraverseall thenetsconnectingo it (noted
as ) and nd their boundingboxes.Here,cell is excluded
from the netswhencomputingtheir boundingboxes.For each
net , we nd its boundingbox ( , , ,

- the left, right, lower and upperboundaries)From [10], the

optimal position for is givenby ( ), where
and arethe mediansof the series( , , ,
, ...)and serieq , , , , ...)of bounding

boxes.In generalthe optimal positionis aregion ratherthana
point asthetotal numberof elementsn the and seriesare
even. This region is the “optimal region” for cell . In some
casesthe “optimal region” can degradeto a point or a line
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Fig. 2. Optimal Region.

whenthe two mediansof the and/orthe seriescarry the
samevalue.Figure2 shonstheoptimalregionfor cell . There
are three netsconnectingto cell  ( , and ).
The netsare denotedby closeddashedlines: includes
cells , , and ; includescells , and ;
includescells , and . The bold boundaryboxes are the
boundingboxesfor the netsexcluding cell . The light lines
are the grids constructedby the series( , , ,

, , )and series( , , , ,

). The shadeved region is the optimal region for cell

2) Penalty on Overlap: For a cell , althoughwe nd
its optimal region, it may not be possibleto move it into
the optimal region. The reasonbeing that since the detailed
placertransformsonelegalizedplacemento anotherit is not
allowedto have ary overlapamongcells. Therefore we need
to considerthe effect of ary resulting overlap amongcells
whenswappingor moving cell . If aswapcause@noverlap,a
consequentegalizationhasto be doneto resole it. Therefore,
we needto have a methodto modelthe overlapand consider
it whenwe try to make a swap. We now discussthe method
to add a penaltyon a swap whenit createsan overlap.

If we swap two cells that are not of the samesize, the
spaceat the smallercell may not be enoughto hold the bigger
cell. Also, If we swap a cell with a spacethe spacemay be
smallerthanthe cell. Both casesnay leadto an overlapafter
swapping. To resohe this overlap, the cells in the segment
needto be shifted. We introduce a penalty on this shifting
effect. In addition, if the total width of the cellsin a sggment
after swapping is greaterthan the segment width, we just
neglect the swap.

For swapping two cells, if thereis no overlap after the
swap, no penaltyis applied; otherwise,a penaltyis chaiged.
For swappinga cell with a space|if the spaceis equalto or
bigger than the cell size, no penaltyis applied. Otherwise,a
penaltyis chaged.In orderto characterize¢he penaltymore
accuratelywe have two typesof penalties: and . is
the penaltyon shifting the closesttwo cellsto resole overlap.
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Fig. 3. Penaltyfor swappingtwo cells with differentsizesand swappinga
cell with a space.

is the penaltyon shifting cells otherthanthe closesttwo

cells. Figure 3 illustratesan exampleto compute  and

The bold boxesarethe cellsandthe light boxesareseggments.
The dotted lines shawv the positionsafter swap for the cells
swapped.Considerthe casewe swap cell (width ) in
segment with anothercell (width ) in segment
thatis in theoptimalregionof . Assumethesizeof islarger
than . Thetwo cells left andrightto are and . The
two closestspacedeft to are and , andthetwo closest

spacesright to are and . The total width of spaces
. ., , isSl. is the wirelengthincreasecausedby

shifting and . If , thetotal shiftof and
to resole overlapis . We make

proportionalto this shift. If , only shifting

and cannotresolhe the overlap and we needto shift more
cellsin is the penaltyof shifting cells otherthan
and in . In thiscase is proportionalto the shift on
cellsotherthan and , whichis . Hence,
weset and asfollows:

1)
where and are the two weightson the shift. For the

casewherewe swap with a space , the way to get the
penalty is similar to that for swapping two cells. The only
differenceis that the width differenceis and
is the sum of the widths of , the closestspaceleft to and
the closestspaceright to

Sincethesshiftsin and havethedimensionof length,
the two weights and are just constantswith no
dimension.Becausewe do not want to disturb the original
placementoo much, large overlapis discourageddy setting

much higherthan

3) Global SwapBasedon Optimal Region: Basedon the
optimalregionandthe penaltyon overlap,we developaGlobal
Swap techniqueto swap eachcell with a cell or spacein its
optimal region. Sincetherecould be several cells and spaces
in the optimal region, we have mary choices.We usea term



“benet” asameasurdor selectingthe cell or spacein the
optimalregion. The“bene t” for a swap hastwo components:
oneis the the differencebetweenthe total wirelength before
and after the swap, the other is the penalty chaged on the
createdoverlap. If the wirelength before and after the swap

are and ,respectiely, the“bene t” canbe obtainedby
equation(2).

&)

If , it meansthat we will benet from the swap.

Otherwise the resultingplacemenis worsethan original. Of
course,the “bene t” we computeis not accuratebecausehe
real wirelength changedue to resolving the overlap is hard
to measureWe only usea simple penaltyon shifting cells to
model this wirelengthchange Basedon the “bene t”, we do
the swappingasfollows. For eachstandardcell , we nd its
optimalregion andtry to swapit with every cell andspace
in the optimal region of . We measurehe “bene t” for each
swap and pick the or with the best“bene t” to perform
the swap. If the best“bene t” hasa value lessthanzerowe
do not make a swap asit would increasethe wirelength.

In this technique ,we look at the optimal region for a cell
to nd a good target position. The optimal region can be
closeto or far from the currentposition. Hence,comparedo
the traditional window-basedbranch-and-boundhethods our
Global Swaptechniguehasa moreglobal view whenrepairing
the positions of cells. In Table I, we shav the distribution
of the cells accordingto the distanceof the cells from their
respectre optimal regions before and after 1 iteration of
Global Swap for the circuit ibm01. The unit of the distance
is the standardrow height.Distance0 meansthe cell is in its
optimal region. It is clearthat our techniqueis very effective
in moving cells towardstheir optimal region.

TABLE |
DISTRIBUTION OF CELLS BASED ON THE DISTANCE FROM THEIR OPTIMAL
REGIONS BEFORE AND AFTER 1 ITERATION OF GLOBAL SWAP

Distance 0 (0,1] (12] | 23] ] (34]
before 30.0% | 36.8% | 18.0% | 6.4% | 3.4% | 5.4%
after 33.0% | 39.3% | 17.1% | 53% | 2.2% | 3.1%

In the actualimplementationfo save runtime,for a selected
cell, we do not pick the cell with the best“benet” in its
optimal region. Instead,we pick the rst “good” cell that
can give us certain “bene t”. Another issue is that after
swapping two cells with different sizes, the placementis
no longer legal. Overlapsare createdaroundthe bigger cell
and spacesare createdaroundthe smaller cell. We needto
re-legalize the segmentscontainingthe two cells. However,
legalization after every swap will be very time consuming.
In the implementationwe legalize the whole placementafter
all the segmentshasbeentraversed.Of course,we will lose
some accurag on the positions of cells, but experiments
shaw that this inaccurag doesnot affect the nal wirelength
signi cantly.

B. \ertical Swap

In the Global Swap techniquefor a cell , we maynot nd
a good candidatecell or spacein its optimal region to swap
with it. Therecould be two reasondor this. First, the size of

is large andthe optimal region of is congestedHence,the
segmentsthat spanthe optimal region cannothold . Second,
in orderto hold , mary cells have to be shifted to legalize
the placementwhich introducesa high penalty

To increasethe possibility for a good swap and reducethe
verticalwirelengthlocally, we have a Vertical Swap technique
very similar to the Global Swap. The idea of Vertical Swap
is to move a cell vertically toward its optimal region. This
techniqueis not asgreedyas Global Swap. Every time it only
movesa cell up or down by onerow. For acell , if theoptimal
region is above / belov the current position, a few nearby
cellsabore/ belov areconsideredo be candidatesWe use
the samepenaltyasin Global Swap to estimatethe effect of
overlapandpick the bestcandidatdo swapwith . We obsenre
thatif we interleave the Vertical Swap with Global Swap, the
wirelengthdecreasés fasterthanonly applying Global Swap.
We believe that this is becausehe Vertical Swap is not very
greedyand has more e xibility in moving the cells. At the
sametime, it may increasethe possibility for Global Swap.
In addition, this techniqueis much fasterthan Global Swap
becausdor eachcell, the numberof candidatecellsconsidered
for swap are muchlessthanin Global Swap.

C. Local Re-odering

With Vertical Swap xing local vertical errors, we need
a techniqueto x local horizontal errors. Although Global
Swap can also x horizontal errors, it is quite expensve to
useit to x local problems.Therefore,we proposea very
fastLocal Re-orderingtechniqueto handlethis problem.For
ary consecutre cells within a sggment,we try all possible
left-right orderingof cells and pick the order giving the best
wirelength. In this technique,we also needto decide the
positionof the cellsin eachorder To speed-ughetechnique,
we considetthe cellsasa groupandmalke the left boundaryof
the group asthe left boundaryof the rst cell in the original
orderandtheright boundaryof thegroupastheright boundary
of the last cell in the original order Thenfor eachorder, we
keepthe left and right boundariesof the group and evenly
distribute the cellsinsidethe group.Sincewe have the Single-
SgymentClusteringtechniqueo take careof thecell positions,
we do not pay muchattentionto the exactpositionsof thecells
during Local Re-ordering.

In our detailedplacer we set . Thereasons that

meangairwiseswappingandit is too constrainedBut if we
choose , it will be 4 timesslower andthe improvement
is not so signi cant. Comparedto the corventionalwindow-
basedtechnique,Local Re-orderinghas a 3-cell window in
onerow andis very local. But sincewe have the Global Swap
techniqueijt is only usedto ef ciently x local errors.



D. Single-SgmentClustering

After the main loop of the detailedplacerwe x the seg-
mentsandthe orderingwithin the segmentsfor all the standard
cells.We now wantto furtherreducethewirelengthby moving
the cellsinsidethe sggments.For a legalizedplacementif we

x the orderof the cellsin one segmentand the positionsof
the cellsin all othersegments,the problembecomesa x ed-
ordersingle sgmentproblemdescribedbelow.

Fixed-Order Single Segment Placement Problem:
Given a sggment  in the placementregion with
standardcells , whoseleft-to-right order
is xed( isleftto if ). All cellsnotin are
x ed. Find a non-overlappingplacementor the sgment
sothatthetotal half-perimetemwirelengthis minimized.

This problem is basically the same as the Single-Rav
Problemin [17]. In [17], the authorsproposeda dynamic
programmingalgorithmto solve the problemoptimally. In the
following part,we describea moreef cient algorithmthatcan
also solve the problemoptimally.

First, we de ne sometermsusedin our algorithm.A cluster
is a standarccell or a groupof standarccells abuttedtogether
(retaining the original order of standardcells). Clusteringis
the operationto akut two clustersto form a new cluster (the
width of the new clusteris the sum of the widths of the
original clusters).The wirelengthfunction of x-coordinateof
a clusteris a corvex piecavise linear function W(x) whenall
other objectsare x ed. The slopesfor the linear piecesare

The slope 0 part is the optimal
region in x-direction for the cluster The points where the
function changesslope are called bounds Theseboundsare
theleft andright boundarie®f the boundingboxesfor the nets
connectingto the cluster Optimal Region Centerof a cluster
is the middle point of the optimal region in x-directionwhen
all the objects(standardcells and macroblocks) not part of
the clusterare x ed.

In orderto nd theoptimalregionfor acluster in sggment

, we needto x the positionsfor all the other objects.But
the standardcells in  are not x ed. Therefore, if has
connectiongo ary standarctellsin , theboundsor cannot
bedeterminedHowever, sincewe x theorderof the standard
cellsin , we know the left-right ordersbetweerthe cells. We
usethis informationto get the boundsso that the optimality
of the solution will not be affected. The methodto get the
boundsis as follows. When computingthe boundingbox for

ary net connectingto ,if is connectingto a standard

cell in , we will assume at the end of the sgment
, l.e., if is left to , we assume is at the left end of

segment ; otherwise, is at the right end of sggment

Although we are not using the real positionfor , we will

not affect the optimality of the positionof  becausdhe left-
right orderof and hasto be maintained.The mainidea
of the algorithmis to put every clusterat its Optimal Region
Center If thereis overlap betweentwo clusters,we perform

Single-Segment Clustering Algorithm

num_old_cluster = n
Initialize old_cluster[i] asstandard cell Ci,i=1,2, ..., num old_cluster.
do
Find the bounds list and the Optimal Region Center Xic for Ki,
and set X(old_cluster[i]) = Xic
newcount - 1 // the count for the number of new clusters
new_cluster[1] - old_cluster[1] //initidizethefirst new cluster
j -1
while(j <num old_cluster)
do
if new_cluster[newcount] and old_cluster[j+1] hasoverlap
Cluster new_cluster[newcount] and old_cluster[j+1] to formthe
new new_cluster[ newcount]
Merge the bounds list for new_cluster[ newcount] and old_cluster[j+1]
to get the new bounds list for new_cluster[ newcount]
Find the Optimal Region Center Xc for new_cluster[ newcount]
based on the new bounds list
X(new_cluster[newcount]) = Xc
else
newcount = newcount + 1 //begin anew cluster new_cluster [ newcount+1]
j-j+l

num_old_cluster = newcount

old_cluster[i] = new_cluster[i] (i =1, ..., newcount)
until no overlap anong old_cluster[i] , (i=1, ..., num old_cluster )
AssigntheCi (i=1,2, ..., n) to the positions according to the positions of the
old_cluster[j] (j=1,2, ...,num old_cluster ) they belong to

Fig. 4. Single-SgmentClusteringAlgorithm.

clusteringand form a new cluster The new clusterwill not
be broken at ary later stage.Thenwe put the new clusterat
its Optimal Region Center We iteratively perform clustering
until all thecellsareput at Optimal Region Centerwithout ary
overlap.If any optimal region boundaryis out of the segment
range,we will assignit at the closestboundary In this way,
no cell will be putout of the segment.The pseudo-codef the
Single-SgmentClusteringAlgorithm is givenin Figure 4.

Theorem 1 The Single-SgmentClusteringAlgorithm nds
the optimal solution for the Fixed-Oder Single Segment
PlacementProblem
Due to the pagelimit, we only give the sketch of the proof.

Proof: It is not hard to seethat if the clustersare
formedcorrectly thenthe solutionobtainedby our algorithmis
optimal.To shav thatwe will notform wrongclustersassume
on the contrarythat the clusteringin the optimal solution is
differentfrom our solution.

Considera gapin the optimal solutionsurroundedy a pair
of cellsa andb that arein the sameclusterin our solution.
Suppose andb areclusteredogethemwhenwe memgeclusters
A and B in somestep of our algorithm. SeeFig. 5 for an
illustration. Without loss of generality we can assumethere
is no gapwithin clusterA andwithin clusterB in the optimal
solution. Otherwise,we can considerthe gap within cluster
A or clusterB instead.Sincewe merge clusterA and cluster
B togetherat somepoint, A and B cannotbe at the optimal
region at the sametime if their orderis not changedFor ary
solution,eitherA wantsto move left or B wantsto move right
(or both) to reducethe wirelength.We can always generatea
betterwirelengththan the optimal solution by moving either
A or B towardsthe gapwithout creatingary overlap. This is
a contradiction.Thus, our solution shouldbe optimal. ]
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We now analyzethe compleity of the algorithm.Thereare

cellsin total,andthe maximumnumberof clusteringis
In the clusteringoperation every stepneedsconstantime ex-
ceptmeming thetwo bounddists. The memgetakeslineartime
to the numberof bounds . The compleity of the algorithm
is . However, in practice,it can be much better In
our implementationwe arenot keepingall the boundsfor the
clusters.Instead,we only keepa constantnumberof bounds
for every cluster Thereforethe memgealsotakesconstantime.
The total compleity of the algorithmis . Of course,it
will compromisethe optimality, but experimentsshav that
even using a small constantwill not degrade the solution
appreciablyln implementationthe constantwe chooseis
Tablell shaws differentresultswhenusingdifferentconstants
on the sggmentof ibmO01. It shavs that even if a small
constantis used, the result can be very close to optimal.
Moreover, the sggmentwe choosehereis onethathasa lot of
room to reducethe wirelength.For the  to segmentin
ibm0Q1, just using 8 boundscan achiere the optimal solution.

TABLE I
THE RELATIONSHIPBETWEEN # BOUNDS AND WIRELENGTH DECREASE
ON THE 8TH SEGMENT OF IBMO1

[#bounds| 4 | 8 [ 12 [ 16 | 20 [ opt |
[ WL dec [ 13600 | 14060 | 14210 | 14377 | 14425 14425 ]

Although this algorithm cangive the optimal solutionfor a
segment,we still needto run it iteratively asit is only optimal
whenall cells not in the currentsegmentare x ed. Sincewe
changethe cell positionssegmentby segment,we needto run
severaliterationsto nd good positionsfor the cells.

IV. EXPERIMENTAL RESULTS

We considerthe ISPD04 IBM Standard-CellBenchmark
suite [1], [22] and the ISPD05 Benchmarksuite [19] for
our experiments.The placementools consideredare our new
detailedplacer post-processingh Fengshuis.0[26], rowlron-
ing in the Capo9.1package[4], and Domino [8]. For post-
processingn Fengshui5.0, we usethe default control string
usedin the complete o w of Fengshui5.0 which is, -reorder
“r,4,4:14,2:54,2:14,1:1,4,1:1,4,1". For rowlroning, we use the
default options on “-ironPasses-ironWindow -ironOverlap -
ironTwoDim” usedin the completeCap09.1 o w.

We run mPL5and Capo9.1to getthe global placementg$or
both IBM andISPDO5benchmarksSincewe have to disable
both the legalizer and detailed placer in mPL5 the global
placementxreatedby mPL5 are not legalized. We therefore

usethe Placemenutilities in the Capo9.1packagedo legalize
the mPL5 global placementsFor Capo9.1 we disable the
greedy swapping and rowlroning in the overall ow to get
the legalizedglobal placementsAll the resultsare generated
on a Linux machinewith Intel Pentium4, 3.00GHzCPU and
2GB memory

The half-perimeterwirelengthand runtime resultson IBM
benchmarksfor Fengshui5.Q rowlroning, Domino and our
detailed placer are reportedin Tableslll and IV. Table Il
gives the resultsfor different detailedplacerson the global
placementsgeneratedby mPL5+Legalizer On average our
detailedplacergives 19.05%better wirelengthwith a 3.62
speed-upover Fengshui5.0 Comparedwith rowlroning, we
are 13.22%betterin wirelengthand2.79 faster Compared
with Doming we canachieve 0.54%betterwirelengthandare
aroundl5 fasterIn addition,on averagewe canreducethe
wirelength of the legalized placementby nearly 30%. This
shaws that thereis a lot of room for the detailed placerto
improve the global placementsolution. From Table IV, for
the Capo9.1global placementspur detailedplaceris 1.17%
betterthanFengshui5.0in wirelengthwith a4.48 speed-up.
We are also 1.91% betterthan rowlroning in wirelengthand
5.66 faster Comparedvith Doming we are 0.55%betterin
wirelengthand 13.45 faster

TablesV andVI shav the comparisorresultson the recent
ISPDO5 benchmarksThis benchmarkset has x ed/movable
macroswith a large numberof cells. For bigblue4 we were
unableto obtainthe global placementsolution of Capo9.las
the placerran out of memoryon our machine.Also, we were
unableto generatefeasible solutions using Domino on this
setof benchmarksHence,only Fengshui5.0 and rowlroning
are usedfor comparison.Table V gives the resultsfor dif-
ferentdetailedplacerson the global placementgieneratedy
mPL5+Legalizer On averageour detailedplacergives8.06%
better wirelength with a 3.05 speed-upover Fengshui5.0
Comparedwith rowlroning, we are9.12%betterin wirelength
and 2.29 faster From Table VI, on the Capo09.1 global
placementsour detailedplaceris 2.04%betterthan Fengshui
5.0in wirelengthwith a 2.81 speed-upWe are also0.89%
betterthanrowlroning in wirelengthand2.18 faster

From the comparisonsnadein Tableslll-VI, our detailed
placer can achiese better solution quality in much less run-
time as comparedto other detailedplacers.For the ISPD05
benchmarks,our detailed placer has lesser speed-upover
Fengshui5.@ndrowlroningbecausdt runsfor moreiterations
to reach the stopping criterion, whereasFengshui5.0and
rowlroning have x ed numberof passeso run the algorithms.
On the global placementsgeneratedby Capo9.1 all the
detailed placersget lesserimprovementthan on the global
placementgeneratecdby mPL5+Legalizer A possiblereason
couldbethat Capo9.1lhasdonemary local optimizationsdur-
ing partitioningatthe lowestlevel. Therefore mostof thelocal
errorshave been x ed. Anotherinterestingobsenationis that
althoughthe wirelengthsof the global placementgenerated
by mPL5+Legalizer are much higher than that generatedy
Capo9.1 the nal results obtainedon the mPL5+Legalizer



TABLE I
COMPARISON OF DETAILED PLACERS ON MPL5+LEGALIZER GLOBAL PLACEMENT ON IBM BENCHMARKS( AVERAGE OVER 17 CIRCUITS,
FENGSHUI5.0FAILED ON IBM08, AVERAGE OVER 17 CIRCUITS, DOMINO FAILED ON IBM17)

| | mPL+LG | Ours | Fengshui5.0 | RowlIroning | Domino |

WL(1e6) | WL(1eb) Impv runtime(s) | Impv, runtime/Our | Impv, runtime/Our | Impv , runtime/Our
ibm01 2.423 1732 -28.49% 6 -1499%  2.81 | -18.15%  3.87 -29.79%  14.33
ibm02 4,745 3.701 -21.99% 14 -9.05% 251 | -13.98% 2.72 -21.97% 9.42
ibm03 6.624 4792 -27.67% 14 -12.36% 270 | -17.27%  3.13 -28.16%  10.02
ibm04 8.696 5.893 -32.23% 20 -12.47% 232 | -1852%  2.73 -3251% 14.11
ibm05 12.074 10.106  -16.30% 23 -7.21% 245 | -10.75% 254 -16.94%  10.47
ibm06 7.390 5.335 -27.81% 15 -12.04%  4.67 | -1659%  4.19 -29.09%  24.24
ibmO7 11.576 8.380 -27.61% 26 -11.47% 378 | -17.05%  3.32 -27.46%  16.78
ibm08 12.714 9.361 -26.37% 77 NA NA -16.90% 1.28 -26.49% 7.98
ibm09 15.267 9.648 -36.80% 35 -14.40%  3.48 | -20.79%  3.03 -36.45%  20.81
ibm10 | 26.403 17.665 -33.09% 53 -12.22% 323 | -1823% 2.73 -32.62%  23.22
ibm11 22.128 14.411 -34.87% 46 -12.95% 4.07 -19.71% 3.13 -34.73% 19.44
ibm12 32.378 22.803 -29.57% 61 -10.61% 297 | -16.34% 253 -28.83%  21.12
ibm13 27.249 17.050 -37.43% 62 -13.31% 4.21 -19.69% 2.94 -36.50% 12.77
ibm14 47.110 32.006 -32.06% 117 -11.34% 5.04 -18.23% 2.56 -31.86% 14.86
ibm15 60.133 39.474 -34.35% 146 -11.21% 5.60 -17.27% 2.50 -34.58% 12.42
ibm16 69.489 43.892 -36.84% 199 -12.13% 4.40 -19.54% 2.05 -36.75% 13.62

ibm17 93.186 62.078 -33.38% 191 -10.91% 4.88 -17.04% 2.28 NA NA
ibm18 67.687 41.759 -38.30% 484 -11.86% 2.50 -21.11% 0.92 -39.69% 7.03
-30.84% -11.79% 3621 | -1762% 279 | -30.309F 14.8¢

TABLE IV

COMPARISON OF DETAILED PLACERS ON CAP09.1 GLOBAL PLACEMENT ON IBM BENCHMARKS( AVERAGE OVER 17 CIRCUITS, FENGSHUI5.0
FAILED ON 1BM08)

| | CAPO | Ours | Fengshui5.0 | RowlIroning | Domino |
WL(1e6) | WL(1e6) Impv runtime(s) | Impv, runtime/Our | Impv , runtime/Our | Impv , runtime/Our

ibm01 1.840 1.788 -2.83% 4 -2.44% 474 -0.78% 10.79 | -2.68% 15.84
ibm02 3.850 3.715 -3.50% 7 -2.35% 511 -1.72% 9.02 -4.64% 1591
ibm03 5.165 4977 -3.64% 9 -2.19% 4.88 -1.48% 8.83 -2.84% 11.82
ibm04 6.151 5.938 -3.47% 17 -1.89% 2.98 -1.30% 5.54 -3.57% 7.85
ibm05 [ 10.110 9.822 -2.84% 14 -1.07% 4.47 -0.66% 7.04 -2.85% 11.60
ibm06 5.628 5.415 -3.78% 19 -2.36% 3.89 -1.47% 5.60 -3.69% 19.92
ibmO7 9.468 9.208 2.74% 23 -2.01% 4.85 -1.16% 6.60 -2.18% 18.31
ibm08 9.933 9.582 -3.53% 70 NA NA -0.98% 2.36 -2.83% 5.87
ibm09 | 10.483 10.192  -2.77% 23 -2.31% 6.28 -1.48% 8.18 -1.40% 2352
ibm10 [ 19.271 18.723  -2.84% 50 -1.64% 3.84 -0.95% 4.95 -1.54% 18.53
ibm1l [ 15.540 15.121  -2.69% 33 -1.92% 6.39 -1.27% 7.37 -1.35% 23.69
ibm12 24.833 24.055 -3.14% 90 -1.44% 2.28 -0.93% 2.97 -2.04% 8.87
ibm13 18.561 18.005 -2.99% 44 -2.07% 6.40 -1.31% 6.90 -1.68% 10.95
ibm14 34.573 33.655 -2.66% 131 -1.62% 4.90 -0.91% 3.85 -2.13% 9.59
ibm15 42.702 41.556 -2.68% 149 -1.63% 5.48 -1.05% 4.10 -2.68% 9.58
ibm16 49.597 48.173 -2.87% 192 -1.55% 4.81 -0.85% 3.53 -2.19% 9.25
ibm17 68.990 67.251 -2.52% 167 -1.37% 2.46 -0.81% 2.37 -1.63% 12.71
ibm18 45.020 43.750 -2.82% 218 -1.66% 2.38 -0.94% 1.84 -2.57% 8.34

-3.02% -1.85% 448l | -111% 566 | -247% 1345

TABLE V

COMPARISON OF DETAILED PLACERS ON MPL5+LEGALIZER GLOBAL PLACEMENT ON ISPD0O5 BENCHMARKS

| | MPL+LG | Our | Fengshui5.0 | RowlIroning |
WL(1e8) | WL(1e8) Impv runtime(s) | Impv runtime/Our | Impv runtime/Our

adaptecl| 0.925 0.864 -6.53% 96 -3.63% 3.52 -2.85% 3.95
adaptec2| 1.139 1.036 -9.05% 177 -4.99% 2.36 -3.81% 2.56
adaptec3| 3.206 2.506 -21.84% 427 -6.83% 2.02 -6.65% 1.99
adaptec4| 3.040 2.279 -25.02% 481 -9.45% 2.01 -1.71% 1.66
bigbluel 1221 1.106 -9.38% 152 -6.45% 3.30 -4.25% 3.43
bigblue2 2.183 1.925 -11.84% 620 -6.93% 2.95 -4.33% 155
bigblue3 5.024 4.038 -19.63% 1473 -7.90% 2.99 -8.68% 143
bigblue4 | 10.535 9.230 -12.39% 2273 -5.05% 5.23 -4.46% 1.73

-14.46% -6.40% 3.05 -5.34% 2.29




TABLE

\

COMPARISON OF DETAILED PLACERS ON CAP09.1 GLOBAL PLACEMENT ON | SPDO5 BENCHMARKS

| | CAPO | Our | Fengshui5.0 | Rowlroning |

WL(1e8) | WL(1e8) Impv runtime | Impv runtime/Our | Impv runtime/Our
adaptecl| 0.918 0.906 -1.26% 112 0.56% 2.89 -0.78% 3.44
adaptec2| 1.027 1.010 -1.61% 171 0.80% 2.30 -0.80% 2.57
adaptec3| 2.538 2.509 -1.16% 399 0.37% 2.93 -0.62% 197
adaptec4| 2.654 2.637 -0.65% 410 0.51% 3.22 -0.60% 2.06
bigbluel 1.167 1.135 -2.72% 214 0.65% 2.27 -0.88% 2.43
bigblue2 1.813 1.783 -1.68% 985 0.07% 1.95 -1.01% 0.94
bigblue3 4.444 4.270 -3.92% 1051 -1.70% 4.11 -2.11% 1.84
-1.86% 0.18% 2.81 -0.97% 2.18

global placementsrebetterthanthat obtainedon Capoglobal
placementsThe reasonmay be becausehe legalizerdisturbs
the global placementof mPL5 by a signi cant amount, but
mostof theseerrorscanbe x ed by the detailedplacer

V. CONCLUSIONS

In this paper we presentan ef cient and effective detailed
placementalgorithm. It consistsof a Global Swap technique
to swap cells basedon their optimal regions,a Vertical Swap
techniqueao x local errorsvertically, afastLocal Re-ordering
techniqueto repairthe local orderhorizontally and a Single-
Sgyment Clustering techniquethat can optimally place the
cells in a sggment when cells in all other sgments are
x ed. We also give the ow to apply thesefour techniques.
Experimentson two setsof benchmarkshow thatour detailed
placercanachieve bettersolutionquality in muchshortertime
comparedo Fengshui5.0, rowlroning and Domina

The algorithm presentedin this paperis a wirelength-
driven placementalgorithm. Other objectives suchastiming-
driven placementand congestion-drien placementshouldbe
consideredn the physicalsynthesiso w. Our future work will
focuson efcient algorithmsconsideringtheseobjecties.
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