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Abstract
The main goal of this paper is to develop deeperinsights
into viableplacement-leveloptimizationof routing. Twopri-
marycontributionsare made. First,an experimentalframe-
work in which the viability of predictive modelsof routing
congestionfor optimizationduring detailedplacementcan
beevaluated,is developed.Themaincriteria of considera-
tion in theseexperimentsis how (un)reliably variousmod-
elsfromtheliterature detectroutinghot-spots.We conclude
that such modelsappearto be too unreliable for detailed
placementoptimization. Second,motivatedby the �r st re-
sult,wepresenta uni�ed combinatorialframework in which
cell placementandexactroutingstructuresarecapturedand
optimized;theframework relieson thetrunk-decomposition
of global routing structuresand optimizationis performed
bya generalizedoptimalinterleaving algorithm[5]. A proof
of conceptimplementationof this framework is studiedin
the FPGA domain. The techniquecan reducethe number
of channelsat maximumdensityby almost45%on average
with maximumreductionof 68%for optimizedglobal rout-
ing.

1 INTRODUCTION
It hasbeenlong understoodthat the traditional serialized
design�o w of digital systems– e.g., logic synthesisfol­
lowedby �oorplanning, followedby placementandrouting
– introducespotentialoptimizationdisconnects: optimiza­
tion decisionsmadeduringonestagemaynotcorrelatewell
with solutionqualityatsubsequentstages.Thispaperinves­
tigatesthisissueattheboundarybetweendetailedplacement
andglobal routing.

1.1 Related Work
A numberof prior works have examinedthe relationships
betweenplacementandrouting (e.g., [4], [6], [7], [8], [9],
[10], [12], [13]). Many of theseworks target directly or
indirectly the issueof white-spaceallocation (e.g.,[2], [3],
[12], [9]). In general,theseapproachesexploit the fact that
often signi�cant portionsof the layout areaareunusedby
logic componentsandthatby spreadingout thecomponents
intelligently, regionalroutingdemandcanbebettermatched
to routing supply. Someapproachesemploy probabilistic
routingmodelsto predictthis demand(e.g. [2], [13], [10])
whileothersinvokeaquickglobalrouterona(notnecessarily
legal) placement(e.g.,[9]).

Suchmethodsfocusingonwhitespaceallocationarefun­
damentallyglobal in naturein that they pay little attention
to, for example,the impact of the exact locationsof cells

within rowsonrouting. As such,thetopicof thispaper– in­
teractionsbetweendetailedplacementandrouting– maybe
consideredcomplementaryto white spaceallocationmeth­
ods.

More directly relevant to this paperareworks relatedto
congestionprediction (e.g., [4], [7], [6], [13]). Generally
speaking,predictivetechniquestakeacell placementandes­
timate or predict routing congestion. Attemptshave been
madeto integrate such models into placementobjectives
(e.g.,[4]) andotherpapershave focusedevaluatingthepre­
dictive capabilityof themethods(e.g.,[6]) with no integra­
tion into anoptimizationengine.

Additional relatedwork includesthat of [8] which pro­
posestight integrationof routing andplacementoperations
in asimulatedannealingframework targetingFPGAsby em­
beddinga globalrouterinsidethesimulatedannealingloop.
Therouteris invokedeachtimeamoveis madeto rip­upand
reroutepartsof affectednets. Thus,the approachachieves
integration betweenplacementand routing by alternating
betweentraditionalplacementandroutingperturbations.

1.2 Contrib utions
Theresultspresentedhereinareof two types.First,weeval­
uatethe potentialof predictive modelsfor routability opti­
mizationduringdetailedplacement.Thegoalis todetermine
if it is indeedworthwhile to pursuethis avenue. An exper­
imental framework is presentedin which we may evaluate
how well a modelpredictsrouting hot­spotsin the layout.
From theseexperimentswe draw the conclusionthat such
modelsappearto betoounreliablefor ourpurposes.

Second,given the conclusionsof the preliminaryexper­
iments,we develop a framework in which cells and exact
global routingstructuresarecapturedin a uni�ed combina­
torial model.At thecoreof theframework is whatwecall a
trunk decompositionof global routeswhich, essentially, al­
lowsusto view wire segmentsas“placeableobjects.” Using
thisframework,wedevelopanoptimizationenginebasedon
a generalizationof optimal interleaving[5] which simulta­
neouslyoptimizesplacementof cells andwiring segments.
Thus,while thegoalis similar to thatof [8] (tight integration
of routing anddetailedplacement),the approachis a sub­
stantialdeparturefrom prior work in how thesolutionspace
is viewed,representedandoptimized. Experimentalresults
indicatethepromiseof theapproach.

The remainderof the the paperis organizedas follows:
next wedescribeexperimentalsetuponapplicabilityof pre-
dictiveapproachto routability optmizationfollowedby our



proposedexactalternative in Section3. Section4 discusses
theexperimentalresultsandwedraw conclusionsin Section
5.

2 SUITABILITY OF ESTIMATION TECHNIQUES
As statedin the introduction,our main interestis in con­
gestionoptimizationduring detailedplacement. Fittingly,
when �rst embarkingon this researchtopic, we examined
techniquesfor modelingor predictingcongestion(e.g.,[4],
[7], [6]) with the ideaof incorporatingsuchmodelsinto a
detailedplacementengine.

In orderfor this strategy to be successful,at a minimum
two criteriashouldbemet:

(1) The model must effectively predict hot spotsamong
theroutingregions. It maynot benecessaryto beex­
tremelyaccuratewith respectto actualroutingdensity
values,but therelativedensityvaluesbetweenregions
shouldexhibit high �delity – i.e., if themodelsaysone
region is morecongestedthananother, thismustbere­
�ected in anactualroutingof thedesign(at leastahigh
percentageof the time). It is clearly not suf�cient if
themodelmerelygivesa reasonablepredictionof the
maximumoveralldensityif thelocalinformationis not
reliable.

(2) Thereshouldbe a reasonableway to incorporatethe
modelinto anoptimizationengine.

If a modelcannotsatisfy the �rst requirement,the second
becomesmoot.

Experiments
We have implementedthreeestimatorsavailable in litera­
ture: RISA [4], thecombinatorialestimatorof Lou et.al. [7]
and fGREP [6]. The experimentswere conductedto test
the applicability of the modelsto detailedplacementlevel
optimizationbothin standardcell andFPGAdomains.

For the standardcell case,IBM benchmarks[14] were
used. Labyrinth [14] wasusedto routethe placementsob­
tained by Dragon placementtool [11]. We implemented
theRISA modelto estimatetheroutingdemandfor circuits
placedby Dragon.Also, thecombinatorialmodelof Lou et.
al. wasusedfor estimation.

For theFPGAcase,MCNC benchmarkswereplacedand
globally routedusing the VPR tool [1]. In this case,we
implementedfGREP[6] to estimatetheroutingdemandfor
circuitsplacedby VPR. We alsousedRISA for routingde­
mandestimation.

Within this setupwe �rst performedexperimentsto eval­
uatethe accuracy of the modelswith respectto maximum
routingdemandversusactualpost­routingdemand.In asec­
ondsetof experimentsweevaluatethe�delity of themodels.
Resultsarereportedbelow.

Results and Discussion
First, we discussthe accuracy of the estimationmodels.
This essentiallymeans�nding an answerto the following

question:is themaximumdemandpredictedby theestima­
tion modelindeedtheactualmaximumdemandaccordingto
router?

Table1 showsthemaximumroutingdensitiesfor four dif­
ferentIBM benchmarks.Foreachof themodels,wecompute
themaximumhorizontalroutingdemand(Xmax) andvertical
routingdemand(Ymax) amongglobal routing tiles. We also
runtheLabyrinthrouterandgettheactualmaximumrouting
demand(bothhorizontalandvertical). As we canseefrom
thetable,themaximumdemandpredictedby theestimators
is not closeto theactualmaximumroutingdemand.Sowe
concludethatbothestimatorscannot accuratelypredictthe
maximumroutingdemand.

Table 1. Comparison of actual and estimated routing
demand in standar d cell domain. Grid size is the dimen­
sion of routing grid for Labyrinth global router . Dactual,
Drisa and Dcomb are the maxim um global routing density
accor ding to Labyrinth, RISA and combinatorial model
respectivel y.

Circuit Grid Size Dactual Drisa Dcomb
Xmax Ymax Xmax Ymax Xmax Ymax

IBM 01 64x64 16 15.5 5.17 3.76 5.09 4.67
IBM 02 80x64 36 25 56.70 34.34 48.98 42.37
IBM 03 80x64 30.5 22 45.13 36.08 41.30 36.26
IBM 04 96x64 26 24 39.33 32.77 43.81 40.56

For the FPGA domain, similar data is shown for some
MCNCbenchmarksin Table2. In thiscase,theroutingfabric
is composedof routingchannelsin X andY direction. The
fGREPestimator, designedspeci�cally to work on FPGAs,
works well with this con�guration. But RISA usesa tile
basedapproachto predictglobalroutingdemand.Hence,in
caseof RISA, squareroutingtiles areused.Eachtile spans
two logic blocksin a row andtwo logic blocksin a column.
Thus,theactualroutingdemandsarecomputedaccordingly
for eachtile. Themaximumroutingdemandfor fGREPand
RISAareshownin Table2. Themaximumestimateddemand
is not closeto theactualroutingdemand(by VPR). And in
this casealso,bothestimatorscannot accuratelypredictthe
actualmaximumroutingdemand.

Table 2. Comparison of actual and estimated routing de­
mand in FPGA domain. Dactual, D f grep and Drisa are max­
imum global routing demand accor ding to VPR, fGREP
and RISA respectivel y.

Circuit Dactual D f grep Dactual(2x2) Drisa(2x2)
Xmax Ymax Xmax Ymax Xmax Ymax Xmax Ymax

alu4 7 7 9.58 9.13 28 28 16.85 15.72
apex2 8 8 11.01 10.44 32 32 20.63 21.88
apex4 9 9 11.29 11.97 36 36 23.25 23.63
bigkey 5 5 8.45 7.35 20 20 10.15 8.38

Fromtheaboveweconcludethattheaccuracy of themod­
elsin predictingmaximumdemandisverylimited. However,
thisalonedoesnotnecessarilyimply thatthey cannotbeused
effectively for optimization– i.e., low accuracy canbetoler­
atedsolongasthemodelsdemonstratehigh �delity with the



actualdata. This means,themaximumroutingdemandac­
cordingto modelmaynotbecloseto theabsolutemaximum
routingdemandaccordingto therouter, but if theestimator
canfaithfully identify theroutinghot­spots,it maybehelpful
in improving routability.

To furtherstudythe�delity of estimation,we�rst concen­
trateon circuit IBM 02. The �rst part of Table3 presents
the distribution of the global routing tiles accordingto the
Labyrinth routerandthe RISA estimator. Eachcolumnin
thetableshows numberof tiles by percentageof horizontal
demand(Dx) with respectto maximumhorizontaldemand
(Xmax) accordingto correspondingmodel. The granularity
is �ner toward higherdemand,sincethesetiles arecritical
in routabilityoptimization.It canbeobservedthatthenum­
berof tiles with routingdemandgreaterthan95%arevery
differentin bothcases.Moreover, anotherinterestingaspect
would behow many of thetiles,which areindicatedascrit­
ical by estimationmodel,areactuallycritical accordingto
router.

Table 3. Distrib ution of tiles by Dx for IBM 02 cir cuit

Model # Tilesby Dx percentageof Xmax
97%-100% 95%-97% 90%-95% 80%-90% 70%-80% 50%-70% 0%-50%

Laby. 27 89 1832 658 247 517 1750
RISA 2 3 4 58 306 936 3811

Figure 1 (a) shows the distribution of the tiles having
Dx actual greaterthan95%of Xmax actual (thereare116tiles
for IBM 02 circuit). As it is evident from thedata,noneof
thesetiles have Dx risa greaterthan90%of theXmax risa, i.e.
thesearefalsenegative indicationof routinghotspots.Sim­
ilarly, the distribution of critical tiles having Dx risa greater
than95%of Xmax risa is shown in theFigure1 (b). All these
tileshave Dx actual between90%and95%of Xmax actual. So
we can concludethat the model doesnot exhibit required
�delity . Thedatafor thecombinatorialmodelis alsosimilar.

Correspondingdatafor theFPGAcaseis shown in Table
4 andFigure2 for apex4 circuit. Similar conclusionscan
bedrawn hereaswell. In thisecase,fGREPidenti�es some
channelsas nearctitical thoughactually they are not, i.e.
therearefalsepositive indications.

Table 4. Distrib ution of channels by Dx for apex4 cir cuit

Model # X channelsby Dx asapercentageof Xmax
97%-100% 95%-97% 90%-95% 80%-90% 70%-80% 50%-70% 0%-50%

VPR 297 0 0 246 224 265 412
fGREP 6 4 34 188 235 530 447

As it canbeseen,themodelsstudiedherehave limited �­
delity in predictingroutingdemand.Hence,weconcludethat
they arenotsuitablefor buildingarobustdetailedplacement­
level routabilityoptimizationengine.

3 A NON­PREDICTIVE APPROACH
In light of the conclusionsdrawn in the previous section,
in this sectionwe presenta non­predictive, exact approach

(a)Distributionof tileswith Dx actual > 0:95£ Xmax actual

(b) Distributionof tileswith Dx risa > 0:95£ Xmax risa

Figure 1. Distrib ution of tiles by Dx for IBM 02 cir cuit

to optimize routability at detailed placement­level. The
placement­level routabilityoptimizationproblemcanbefor­
mulatedas: Given a circuit, i.e. a setof cells C anda set
of netsN, an initial placementandglobal routing,we want
to �nd placementandroutingsuchthatroutingcongestionis
minimized.

Theproposedapproachis a generalizationof optimal in­
terleaving techniqueintroducedin [5]. So we �rst give an
overview of the optimal interleaving technique. Then we
proposea generalizationof this techniqueto addressexact
routingcongestion.

3.1 Interlea ving
Interleaving is a wirelengthdriven,detailedplacementopti­
mizationtechniquethatwasintroducedin Mongrel,a stan­
dardcell placementtool [5]. It is a powerful intra­row op­
timizationtechnique.Thebasictechniqueis describedhere
for reference.

Interleavingconsidersapartof arow, calledwindowW, for
optimization.A window W is essentiallyasequenceof cells
in a row of detailedplacement. The techniquepartitions
the window into two disjoint sequencesA andB, keeping
the original orderof the cells in eachsequence,i.e. a cell
precedesanotherin sequenceA (B) if andonly if theformer
precedesthe later in original sequenceW. The algorithm
then�nds theoptimalinterleaving of thesetwo sequencesA
andB to optimize the wirelength. During the interleaving
therelative orderof thecells in eachsequenceis preserved,
i.e. cell ai is alwaysplacedin interleavedsequenceaftercell
ai¡ 1.



(a)Distributionof channelswith Dx actual > 0:95£ Xmax actual

(b) Distributionof channelswith Dx f grep > 0:95£ Xmax f grep

Figure 2. Distrib ution of channels by Dx for apex4 cir cuit

It employsadynamicprogrammingalgorithmto solvethe
interleaving problem. To formulatethe recurrence,we de­
�ne following terms: W is a sequenceof c cells in a row,
whichis partitionedinto two sequences:sequenceA, with m
cells (a1; : : : ;am) and sequenceB with n cells (b1; : : : ;bn).
We de�ne Si; j as the arrangementof cells a1; : : : ;ai and
cellsb1; : : : ;b j andcostof sucharrangementis C(Si; j ). Let
Si; jb j+ 1 denotetheplacementof thecell b j+ 1 at theendof
sequenceSi; j .

Having de�ned theseterms, we are ready to write the
recurrencefor DynamicProgramming(DP):

S0;0 = f
C(S0;0) = 0

C(Si; j ) =
½

C(Si¡ 1; j ai) if C(Si¡ 1; j ai) · C(Si; j¡ 1 b j )
C(Si; j¡ 1 b j ) otherwise

(1)
The intuition behindthe recurrencecan be describedas

follows. We would like to �nd optimalcon�gurationof �rst
i cells from sequenceA and�rst j cells from sequenceB.
Sotherearetwo waysthiscanbeachieved: �rst, cell ai is at
theendor second,cell b j is at theend. In the�rst case,the
cell ai is appendedat theend,henceall thecellspreceding
ai in sequenceA andall the j cellsin sequenceB have been
placed,i.e. the con�guration is Si¡ 1; jai . Similarly, for the
secondalternative, we have con�gurationSi; j¡ 1b j . We take
thebetterof thetwo alternatives.

Intuitively, the reasonthat dynamic­programmingcanbe
appliedis that thesubpoblemsexhibit whatmight becalled

“separability.” In particular, if weseparateasequenceof cells
by a vertical line, theminimumwire­lengthorderingof the
left groupof cellsis independentof theorderingof theright
group(becausethe netscrossingthe line is independentof
theseorderings).Interleaving exploresexponentialsolution
spacein polynomialtimeandoriginalcon�gurationisalways
in solutionspace.

3.2 Routing Based Interlea ving
In thissubsection,wepresentthedetailsof theRoutingBased
Interleaving (RBI). As interleaving is a powerful technique
for optimizingdetailedplacement,it is naturalto try to ex­
tend it to tackleexact routing information. We cangive a
broadde�nition of interleaving in which it takesa sequence
of objectsand it gives us new permutationof the objects.
Notethat theseobjectsneednot behomogeneous.Soif we
can representrouting information with a set of “placeable
objects,” we canapply the interleaving with routing. In or­
der to do thatwe decomposethe routing topologyof a net.
The detailsarepresentedwith islandstyle architecturefor
FPGA.

Trunk Decomposition
To induce“placeable”routingobjects,weproposetodecom­
poseroutingtopologiesinto entitiesof two types:
Horizontal Trunk A horizontaltrunk of routing topology

of a net is a longestcontinuoushorizontalsegmentof
topology.

Vertical SegmentA vertical segmentof the routing topol­
ogy of a net is a continuousverticalcomponentthat is
connectedto atmosttwo trunks,oneat thetopandthe
otheratthebottomandis connectedto atmostonecell.

Figure 3. Trunk Decomposition

Sotheroutingtopologyof a net is composedof two sets:
asetof trunks(T) andasetof verticalobjects(O). Together,
they exactly de�ne the global routing of the net i.e. there
is oneto onecorrespondancebetweenthesesetsandglobal
routingof a net. Figure3 shows onesuchdecompositionof
net topology. Also any horizontalmovementof thevertical
segment,accompaniedby contractionor expansionof the
connectedtrunks,denotesa changein the routing topology
of thecorrespondingnet. Similarly, thehorizontalsegments
canexpandor contractwhena cell connectedto thesameis



displacedin the samerow. The vertical segmentscanalso
beconnectedto cells. Thesesegmentsmustmove with con­
nectedcellsto maintainelectricalconnectivity. Thevertical
segmentswhicharenotconnectedto any cellsarecalledfree
segments.

DP Formulation
In this section,we describethe proposedextensionof the
traditional optimal interleaving. In the caseof RBI, the
interleaving takesinto accountnotonly thecellsbut alsothe
vertical segmentsfrom the trunk decompositionof routing
topologyof nets. RBI treatsthemascellswith zerowidth.
Thewindow of interleaving,W, is no longerjustasequence
of cells, but a sequenceof cells and a set of free vertical
segmentsbetweentwo adjacentcells. The otherdifference
is thatthewindow is no longerrestrictedto a row, but asthe
verticalcomponentscanpossiblyhave nonzerospan,it is a
rectangularportionof theplaceableregion.

The sequenceof cells andobjects,W, is partitionedinto
two disjoint sequences:

A : (ai ;Oi) 0 < i · m whereOi is anorderedset

of freeverticalsegments

B : (b j ;Pj ) 0 < j · n wherePj is anorderedset

of freeverticalsegments

As in thecaseof thetraditionaloptimalinterleaving, both
the sequenceskeepthe original relative order of cells and
segments,i.e. cell ai is alwaysaftercell ai¡ 1 in theoriginal
sequenceandalsoit follows all theverticalsegmentsin set
Oi¡ 1. Thesamealsoholdsfor theverticalsegments,i.e. all
thesegmentsin setOi areprecededby thecell ai . It should
be notedthat any of the setsof the vertical segementscan
possiblybeempty. Figure4 shows onesuchpartitioningof
window W into two sequences.

RBI maintainstherelative orderof cellsandverticalseg­
mentsof boththesequencesin the�nal solution,i.e. cell ai
is alwaysplacedonly aftercell ai¡ 1 andall theverticalseg­
mentsin setOi¡ 1 have beenplaced.Moreover, any vertical
segmentin setOi is placedonly aftercell ai hasbeenplaced.

LetSi; j ;k;l bethecon�gurationin whichall thecellsa1; : : : ;ai
andb1; : : : ;b j have beenplaced. Also, �rst k vertical seg­
mentsfrom setOi and�rst l segmentsfrom setPj havebeen
placed. Let thecostof this con�guration beC(Si; j ;k;l ). Let
Si¡ 1; j;k;l ai denoteplacementof cell ai at theendof Si¡ 1; j;k;l ,
costof which is C(Si¡ 1; j;k;l ) + C(ai), wherecostC(ai) also
includesthe costof placingconnectedsegmentsof the cell
ai . From now on, costof placinga cell implicitly includes
the cost of placing vertical segmentsconnectedto it. Let
Si; j ;k;l Oik+ 1 denoteplacementof verticalsegmentOik+ 1 atthe
endof con�gurationSi; j ;k;l andcostof suchcon�gurationbe
C(Si; j ;k;l ) + C(Oik+ 1). Wecannow write theDPformulation:

S0;0;0;0 = f
C(S0;0;0;0) = 0
C(Si; j ;k;l ) = min(CA;CB)

(2)

where,
CA = min0· x· l f C(Si¡ 1; j;jOi¡ 1j;x + C(ai)

+ C(Oi1; : : : ;Oik) + C(Pjx+ 1; : : : ;Pj l ) g
CB = min0· y· k f C(Si; j¡ 1;y;jPj¡ 1j) + C(b j )

+ C(Oiy+ 1; : : : ;Oik) + C(Pj1; : : : ;Pj l ) g

The intuition behindtheabove formulationis asfollows.
Supposewewantto �nd optimalcon�gurationof �rst i cells
from sequenceA, �rst k vertical segmentsin set Oi , �rst
j cells from sequenceB and�rst l vertical segmentsin set
Pj , i.e. con�gurationSi; j ;k;l . As in traditionaloptimal inter­
leaving, we have two alternatives,eithercell ai or cell b j is
thelastcell to beplaced.Let's considerthe�rst alternative.
In this case,all the cells andsegmentsprecedingcell ai in
sequenceA musthavebeenplacedandall thecellsuptoand
includingcell b j in sequenceB mustalsohave beenplaced.
Notethatwe cannot placeany segmentsfrom setOi before
ai in orderto maintainthe relative order in eachsequence.
And henceall thek segmentsof setOi mustbeplacedafter
ai . But a partof the�rst l segmentsin setPj maybeplaced
beforecell ai but aftercell b j . Sothereis a rangeof choices
availablehere:ononehandeachof thel verticalsegmentsis
placedaftercell ai andontheotherhandeachof thel vertical
segmentsis placedbeforecell ai . And all theseconstitute
differentcon�gurationswith differentcosts.We choosethe
con�guration with theminimumcostasthebestcon�gura­
tion wherecell ai is lastcell to beplaced.Wedenotethecost
of this con�guration asCA. Similarly, we choosethe best
con�guration with cell b j asthe last cell to be placed. For
con�guration Si; j ;k;l , we chooseoneof thesehaving lower
cost.

With respectto thecorrectnessof thealgorithm,we need
a separabilitypropertyasin the caseof traditionaloptimal
interleaving. Let usassumefor themoment,that theobjec­
tive functionis simply maximumroutingdensity. As in the
caseof traditionaloptimalinterleaving, we observe that,for
a particularpartition of the componentsinto left and right
groups,minimizationof routingdensityontheleft handside
is independentof the orderingon the right handside and
vice­versa.

Figure 4 shows one exampleof RBI. For simplicity not
all connectionsareshown. The RBI window containsfour
cellsandsomefreesegments.They arepartitionedinto two
sequences.CellsA, I andN belongto sequenceA andcell E
is in sequenceB. Thesegmentsf B; C; D; Gg form ordered
setO1. Similarly, setsO2, O3 andP1 areformed.A possible
output of RBI is also shown. Note that cells I and E are
swappedasa resultof RBI. TheverticalsegmentG “jumps
over” cell E, andis placedbeforecell E. Similarly, vertical
segmentM “jumpsover” cell N.

Figure5showssomeof thepossibledisplacementsof cells
andsegmentsthat canleadto reductionin density. Figure
5(a) shows how the displacementof a cell can lead to re­
ductionin the densitydueto simultaneousdisplacementof
aconnectedverticalsegment.Thisdisplacementcanreduce
both the density in channelsthroughwhich the trunk was



Figure 4. Example of Routing Based Interlea ving

passingandwirelength. Figure5(b) illustratesthepossible
displacementof afreeverticalsegment.Thetrunkconnected
to the bottomof the segmentis passingthroughrelatively
high densitychannels,whereasthecorrespondingchannels
in thepathof thetop trunkof thesegmentarerelatively less
congested.In suchcases,the displacementof the segment
during RBI canleadto expansionof the top trunk through
lesscongestedareawith the advantageof eliminatingpath
throughrelatively highly congestedarea. Figure5(c) is an
exampleof simultaneousdisplacementof two cells toward
eachother. Thesecells have connectedsegmentsthat are
connectedto a commontrunk. The movementof the cells
can lead to merging of the connectedsegmentsandcorre­
spondingtrunk getting contractedto zero length. Figure
5(d) shows a possibleoutcomein which thecongestioncan
be reducedat the cost of increasein wirelength. A verti­
calsegmentis passingthroughachannelwith relatively high
congestion.Sopossibledisplacementof segment,alongwith
theconnectedcell, canreducethecongestion.But thezero­
lengthtrunkconnectedto thetopof thesegmentexpands(in
low congestionchannels)to increasethewirelength.

Cost Function
The cost function for RBI is a key part. We want to min­
imize the maximumrouting demandin order to maximize
the routability. But in caseof FPGAs,therecanbe a very
largenumberof differentsolutionsthathave thesamemaxi­
mumroutingdensity. Soweneeda betterobjective thatcan
guideusin theright direction.We usea lexicographiccom­
binationof maximumdensity(Dmax), numberof channelsat
maximumdensity(nMax) andwirelength(WL) – i.e. Dmax
is primary objective andnMax andWL serve asa primary
andsecondarytiebreakersrespectively. This morepowerful
objective alsoobservestheseparabilitydiscussedearlier.

4 EXPERIMENTS
We have implementedRBI for the FPGA domainandper­
formedinitial experimentsto testits effectiveness.Theex­
perimentswere performedin Linux environmenton a PC
with 2.4GHzIntel Pentium4 CPUand512MB RAM. The

Figure 5. Possib le outcomes during RBI

maincriteriaof comparisonweremaximumchanneldensity
(Dmax), numberof channelsatmaximumdensity(nMax) and
wirelength(WL) of theroutedcircuit. All suchstatisticsare
reportedin Table 5 for all 20 MCNC benchmarkcircuits.
The placementswereobtainedwith VPR placerrunningin
wirelengthdrivenmode.Theplacedcircuit wasroutedwith
wirelengthdrivenVPRglobalrouterto minimizenumberof
tracksrequiredto routetheplacement.

Thisplacedandroutedcircuit datais givenin �rst data­set
(beforeRBI in Table5). RBI wasappliedon themwith the
lexicographiccostobjective discussedin previoussection.

The formulationpresentedallows movementof cellsand
verticalsegmentsonly in horizontaldirection. But thehor­
izontalsegmentscanonly expandor contract,keepingtheir
vertical positionsunchanged.This may seemto be a lim­
iting factor. But owing to the symmetryof the islandstyle
architecture,wecaneasilyformulatethesimilarproblemfor
verticaldirection. In theexperiments,RBI wasappliedboth
in horizontalandverticaldirections.

As it canbeobserved,asa resultof RBI application,the
numberof channelsatmaximumdensityisreducedbyalmost
45%on average.Thebestimprovementin nMax is 68.08%
for ex1010circuit. Thereis aminor increaseof 1.04%in the
wirelengthcomparedto initial placementandrouting with
maximumincreaselessthan2%for all 20benchmarks.The



Table 5. Maxim um Density (Dmax), number of channels at maxim um density (nMax) and wirelength (WL) results.

Circuit BeforeRBI After RBI Change TimeDmax nMax WL Dmax nMax WL nMax(%) WL(%)
ex5p 9 699 15180 9 466 15358 -33.33% 1.17% 0.96
tseng 5 582 7787 5 425 7863 -26.98% 0.98% 0.17
apex4 9 628 16962 9 266 17119 -57.64% 0.93% 1.08
misex3 8 650 16900 8 256 17079 -60.62% 1.06% 0.94

alu4 7 916 16484 7 585 16591 -36.14% 0.65% 0.62
diffeq 6 467 11970 6 178 12141 -61.88% 1.43% 0.20
dsip 5 691 10991 5 435 11148 -37.05% 1.43% 0.20
seq 8 1161 22547 8 689 22752 -40.65% 0.91% 1.73

apex2 8 1245 24332 8 770 24524 -38.15% 0.79% 1.52
s298 5 1720 16120 5 1370 16154 -20.35% 0.21% 0.30
des 6 874 19190 6 403 19546 -53.89% 1.86% 0.95

bigkey 5 1128 14046 5 819 14144 -27.39% 0.70% 0.25
frisc 8 2202 43849 8 1518 44148 -31.06% 0.68% 2.38
spla 9 2071 51127 9 1120 51590 -45.92% 0.91% 2.60

elliptic 7 1881 36400 7 1367 36694 -27.33% 0.81% 1.59
ex1010 8 2027 55849 8 647 56581 -68.08% 1.31% 2.25

pdc 11 2155 75642 11 883 76354 -59.03% 0.94% 4.11
s38417 6 1893 50622 6 713 51434 -62.33% 1.60% 0.52

s38584.1 6 1487 46975 6 483 47745 -67.52% 1.64% 0.48
clma 8 4900 103832 8 2722 104712 -44.45% 0.85% 2.70

Average -44.99% 1.04% 1.27

congestionmapfor this run is shown beforeRBI in Figure
6 (a), whereonly channelsat maximumdensityareshown
in black. As it canbeseenfrom Figure6 (b), RBI reduces
thecongestionconsiderably. Theruntimeof RBI is givenas
a ratio of theRBI runtimeto combinedVPR placementand
routing runtime. The averageruntimeis 1.27timesthat of
VPR�o w.

(a)BeforeRBI (b) After RBI

Figure 6. Cong estion map for ex1010 cir cuit.

5 CONCLUSIONS
In this paper, we �rst presentedthe experimentalstudy of
thevariousroutability estimationtechniques.Theresultsof
the studiesindicatethat suchtechniquescannot faithfully
identify theroutinghot­spots.Hence,weconcludethatthey
arenotsuitablefor placement­level routabilityoptimization.

We proposedanalternative, non­predictive, approachfor
exactroutabilityoptimizationbasedon trunkdecomposition
andgeneralizedoptimalinterleaving. Theapproachcanop­
timize the placementof both cells andwiring segmentssi­
multaneously. It shouldbenotedthattrunkdecompositionis
a powerful techniquewhich canbe usedto transformrout­
ing probleminto placementproblemandonecanpotentially
exploreroutingproblemin a differentdirection. Moreover,
modularityof approachmakesit easierto augmentexisting

design�o ws.
A prototypetargetingtheFPGAdomainwasimplemented

andstudiedexperimentally. The implementationpresented
incorporatesmaximumrouting demandand wirelength in
thecostobjective. Experimentsdemonstratethepotentialof
theapproach.Startingfrom anoptimizedglobalrouting,the
numberof channelsat maximumdensitycanbereducedby
almost45%on averageand68%at maximumwith nominal
wirelength increase. Ongoing work includesalgorithmic
speedup techniques.

We argue that a similar approachcanalsobe appliedto
standardandmixedcell domainfor detailedroutabilityopti­
mizationandfuturework will includethisapplication.
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