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Abstract

The main goal of this paperis to develop deeperinsights
into viableplacement-leel optimizationof routing Two pri-
mary contributionsare made First, an experimentalframe-
work in which the viability of predictve modelsof routing
congestionfor optimizationduring detailedplacementan
be evaluated,is developed.Themaincriteria of considea-
tion in theseexperimentds how (un)reliably various mod-
elsfromtheliterature detectrouting hot-spots We conclude
that sudh modelsappearto be too unreliable for detailed
placemenbptimization. Secondmotivatedby the r st re-
sult, we presenta uni ed combinatorialframevorkin which
cell placemenandexactroutingstructuesare captuedand
optimized;the framavork relieson thetrunk-decomposition
of global routing structuies and optimizationis performed
by a genealizedoptimalinterleaving algorithm[5]. A proof
of conceptimplementatiorof this framewvork is studiedin
the FPGA domain. The techniquecan reducethe number
of channelsat maximumdensityby almost45% on avelage
with maximunreductionof 68% for optimizedglobal rout-

ing.

1 INTRODUCTION

It hasbeenlong understoodthat the traditional serialized
design ow of digital systems- e.g., logic synthesisfol-
lowedby oorplanning, followed by placementindrouting
— introducespotential optimizationdisconnects optimiza-
tion decisiongmadeduringonestagemay not correlatewell
with solutionquality atsubsequergtages.This paperinves-
tigatesthisissueattheboundarybetweerdetailedplacement
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-spacellocation (e.g.,[2], [3],
[12], [9]). In generaltheseapproachesxploit the factthat
often signi cant portionsof the layout areaare unusedby
logic componentandthatby spreadingutthecomponents
intelligently, regionalroutingdemanccanbebettermatched
to routing supply Someapproachegmploy probabilistic
routing modelsto predictthis demand(e.qg. [2], [13], [10])
while othersnvokeaquickglobalrouterona(notnecessarily
legal) placemente.g.,[9]).

Suchmethoddocusingon white spaceallocationarefun-
damentallyglobal in naturein thatthey pay little attention
to, for example,the impact of the exact locationsof cells
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within rows onrouting. As such thetopic of this paperin-
teractiondetweerdetailedplacementaindrouting— may be
considereccomplementaryo white spaceallocationmeth-
ods.

More directly relevant to this paperare works relatedto
congestionprediction (e.g.,[4], [7], [6], [13]). Generally
speakingpredictive techniquesake acell placemenandes-
timate or predict routing congestion. Attemptshave been
madeto integrate such modelsinto placementobjectives
(e.g.,[4]) andotherpapershave focusedevaluatingthe pre-
dictive capabilityof the methodge.qg.,[6]) with no integra-
tion into anoptimizationengine.

Additional relatedwork includesthat of [8] which pro-
posegtight integration of routing and placemenbperations
in asimulatedannealingramenork targetingFPGAsby em-
beddinga globalrouterinsidethe simulatedannealingoop.
Therouteris invokedeachtime amove is madeto rip-upand
reroutepartsof affectednets. Thus,the approachachiezes
integration betweenplacementand routing by alternating
betweertraditionalplacemenandrouting perturbations.

1.2 Contrib utions

Theresultspresentedhereinareof two types.First,we eval-
uatethe potentialof predictive modelsfor routability opti-
mizationduringdetailedblacementThegoalisto determine
if it is indeedworthwhileto pursuethis avenue. An exper
imental framework is presentedn which we may evaluate
howv well a model predictsrouting hot-spotsin the layout.
From theseexperimentswe draw the conclusionthat such
modelsappeato betoo unreliablefor our purposes.

Second,given the conclusionsof the preliminary exper
iments, we develop a framework in which cells and exact
globalrouting structuresare capturedn a uni ed combina-
torial model. At the coreof theframework is whatwe call a
trunk decompositiorof global routeswhich, essentiallyal-
lows usto view wire sggmentsas“placeableobjects’ Using
thisframework, we developanoptimizationenginebasecdn
a generalizatiorof optimalinterleaving[5] which simulta-
neouslyoptimizesplacemenbf cells andwiring segments.
Thus,while thegoalis similarto thatof [8] (tight integration
of routing and detailedplacement) the approachis a sub-
stantialdeparturdrom prior work in how the solutionspace
is viewed, representedndoptimized. Experimentakresults
indicatethe promiseof theapproach.

The remainderof the the paperis organizedas follows:
next we describeaxperimentaketupon applicability of pre-
dictive approacho routability optmizationfollowed by our



proposedxactalternatve in Section3. Section4 discusses
theexperimentakresultsandwe drav conclusionsn Section
5.

2 SUITABILITY OF ESTIMATION TECHNIQUES
As statedin the introduction, our main interestis in con-
gestionoptimization during detailedplacement. Fittingly,
when rst embarkingon this researchopic, we examined
techniquegor modelingor predictingcongestiorn(e.g.,[4],
[7], [6]) with the ideaof incorporatingsuchmodelsinto a
detailedplacementngine.

In orderfor this stratgy to be successfulat a minimum
two criteriashouldbe met:

(1) The model musteffectively predict hot spotsamong
theroutingregions. It may not be necessaryo be ex-

tremelyaccuratewith respecto actualrouting density
values but therelativedensityvaluesbetweerregions
shouldexhibit high delity —i.e.,if themodelsaysone
regionis morecongestedhananotherthis mustbere-
ected in anactualroutingof thedesign(atleastahigh
percentagef the time). It is clearly not sufcient if

the modelmerelygivesa reasonabl@redictionof the
maximumoverall densityif thelocalinformationis not
reliable.

(2)  Thereshouldbe a reasonablevay to incorporatethe
modelinto anoptimizationengine.

If a model cannotsatisfythe rst requirementthe second
becomesnoot.

Experiments

We have implementedthree estimatorsavailable in litera-
ture: RISA[4], thecombinatoriakstimatormf Lou et.al.[7]

andfGREP [6]. The experimentswere conductedto test
the applicability of the modelsto detailedplacementevel
optimizationbothin standarccellandFPGAdomains.

For the standardcell case,IBM benchmarkg14] were
used. Labyrinth [14] wasusedto routethe placement®b-
tained by Dragon placementtool [11]. We implemented
the RISA modelto estimatethe routingdemandor circuits
placedby Dragon.Also, thecombinatoriaimodelof Lou et.
al. wasusedfor estimation.

For the FPGA case MCNC benchmarksvereplacedand
globally routedusing the VPR tool [1]. In this case,we
implementedGREP[6] to estimatethe routingdemandor
circuits placedby VPR. We alsousedRISA for routingde-
mandestimation.

Within this setupwe rst performedexperimentso eval-
uatethe accumacy of the modelswith respectto maximum
routingdemandrersusactualpost-routingdemand.In asec-
ondsetof experimentsve evaluatethe delity of themodels.
Resultsarereportedbelow.

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

guestion:is the maximumdemandpredictedby the estima-
tion modelindeedtheactualmaximumdemandaccordingo
router?

Tablel shavsthemaximumroutingdensitiedor four dif-
ferentiBM benchmarksFor eachof themodelswecompute
themaximumhorizontalroutingdemand Xmax) andvertical
routingdemand(Ymay amongglobalroutingtiles. We also
runthelLabyrinthrouterandgettheactualmaximumrouting
demandboth horizontalandvertical). As we canseefrom
thetable,the maximumdemandpredictedby the estimators
is not closeto the actualmaximumroutingdemand.Sowe
concludethatboth estimatorscannot 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. Dagual,
Drisa and D¢ompare the maxim um global routing density

according to Labyrinth, RISA and combinatorial model
respectivel vy.
Circuit | Grid Size Dagual Drisa Deomp
xmax max ax max ax max
IBM 01 64x64 16 155 5.17 3.76 5.09 4.67
IBM 02 80x64 36 25 | 56.70 | 34.34| 48.98| 42.37
IBM 03 80x64 305 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 datais shavn for some
MCNC benchmarkg Table2. In thiscasetheroutingfabric
is composedf routingchannelsn X andY direction. The
fGREPestimatoy designedspeci cally to work on FPGAs,
works well with this con guration. But RISA usesa tile
basedapproacho predictglobalroutingdemand.Hence,in
caseof RISA, squareroutingtiles areused. Eachtile spans
two logic blocksin arow andtwo logic blocksin a column.
Thus,theactualroutingdemandsrecomputedaccordingly
for eachtile. Themaximumroutingdemandor fGREPand
RISAareshavnin Table2. Themaximumestimatedlemand
is not closeto the actualroutingdemandby VPR). And in
this casealso,both estimatorcannot accuratelypredictthe
actualmaximumroutingdemand.

Table 2. Comparison of actual and estimated routing de-
mand in FPGA domain. Dagyal, Dtgrep and Drisa are max-
imum global routing demand according to VPR, fGREP
and RISA respectivel y.

Circuit Dagual Digrep Dagual(2X2) Drisa(2%2)
ax | Ymax | Xmax | Ymax || Xmax | Ymax ax max
alud 7 7 958 | 9.13 28 28 | 16.85| 15.72
ape? 8 8 1T.01] 10441 32 32 | 20.63| 21.88
aped 9 9 1T.29 11.97| 36 36 | 2325 23.63
bigkey 5 5 8.45 | 7.35 20 20 | 10.15| 8.38

Fromtheabore we concludehattheaccurag of themod-
elsin predictingmaximumdemands verylimited. However,
thisalonedoesnotnecessarilymply thatthey cannoteused
effectively for optimization—i.e.,low accurag canbetoler
atedsolongasthemodelsdemonstratéigh delity with the



actualdata. This meansthe maximumrouting demandac-

cordingto modelmaynotbecloseto theabsolutemaximum
routingdemandaccordingto the router but if the estimator
canfaithfully identify theroutinghot-spotsit maybehelpful

in improving routability.

To furtherstudythe delity of estimationwe rst concen-
trate on circuit IBM 02. The rst part of Table3 presents
the distribution of the global routing tiles accordingto the
Labyrinth routerandthe RISA estimator Eachcolumnin
the tableshavs numberof tiles by percentagef horizontal
demand(Dy) with respectto maximumhorizontaldemand
(Xmax) accordingto correspondingnodel. The granularity
is ner toward higherdemand sincethesetiles are critical
in routability optimization.It canbe obseredthatthe num-
ber of tiles with routing demandgreaterthan95% arevery
differentin bothcasesMoreover, anothelinterestingaspect
would behow mary of thetiles, which areindicatedascrit-
ical by estimationmodel, are actually critical accordingto
router

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

# Tilesby Dy percentag®f Xmax

Model 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) shavs the distribution of the tiles having
Dy_aqual greaterthan95% of Xmax aqual (thereare116tiles
for IBM 02 circuit). As it is evidentfrom the data,noneof
thesetiles have Dy yisa greaterthan90% of the Xmax risa; i-€-
thesearefalsenegative indicationof routing hotspots.Sim-
ilarly, the distribution of critical tiles having Dy _risa greater
than95% of Xmax risa IS shavn in the Figure 1 (b). All these
tiles have Dy_aqual betweerB0% and95% of Xmax agual- SO
we can concludethat the model doesnot exhibit required
delity . Thedatafor thecombinatoriamodelis alsosimilar.

Correspondinglatafor the FPGA caseis shovn in Table
4 and Figure 2 for ape4 circuit. Similar conclusionscan
bedravn hereaswell. In thisecasefGREPidenti es some
channelsas near ctitical though actually they are not, i.e.
therearefalsepositive indications.

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

# X channeldy Dy asa percentag®f Xmax

Model 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 canbe seenthe modelsstudiedherehave limited -
delityin predictingroutingdemand Hencewe concludehat
they arenotsuitablefor building arobustdetailedplacement-
level routability optimizationengine.

3 A NON-PREDICTIVE APPROACH
In light of the conclusionsdravn in the previous section,
in this sectionwe presenta non-predictve, exact approach
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Figure 1. Distrib ution of tiles by Dy for IBM 02 cir cuit

to optimize routability at detailed placement-teel. The
placement-leel routability optimizationproblemcanbefor-
mulatedas: Givena circuit, i.e. a setof cellsC anda set
of netsN, aninitial placemengandglobal routing, we want
to nd placementindroutingsuchthatroutingcongestions
minimized.

The proposedapproachs a generalizatiorof optimalin-
terleaving techniqueintroducedin [5]. Sowe rst give an
overview of the optimal interleaving technique. Thenwe
proposea generalizatiorof this techniqueto addressexact
routingcongestion.

3.1 Interleaving

Interleaving is awirelengthdriven, detailedplacemenbpti-
mizationtechniquethatwasintroducedin Mongrel, a stan-
dardcell placementool [5]. It is a powerful intra-rov op-
timizationtechnique.The basictechniques describechere
for reference.

Interlearing considerspartof arow, calledwindow W, for
optimization.A window W is essentiallya sequencef cells
in a row of detailedplacement. The techniquepartitions
the window into two disjoint sequence# and B, keeping
the original orderof the cellsin eachsequencei.e. a cell
precedesnotheiin sequencd (B) if andonly if theformer
precededhe later in original sequencéV. The algorithm
then nds theoptimalinterleaving of thesetwo sequenceé
andB to optimize the wirelength. During the interleasing
therelative orderof the cellsin eachsequencés presered,
i.e. cell g is alwaysplacedin interleaved sequencaftercell
aii 1.
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Figure 2. Distrib ution of channels by Dy for apex4 cir cuit

It employs adynamicprogrammingalgorithmto solvethe
interleaving problem. To formulatethe recurrencewe de-
ne following terms: W is a sequencef ¢ cellsin a row,
whichis partitionedinto two sequencessequencé, with m

S:jbj+1 denotethe placemenbf the cell b;+ 1 at the endof
sequencs;;.

Having de ned theseterms, we are readyto write the
recurrencdor DynamicProgrammingDP):

SO;O = f
C(S00)

C(S;j)

“C(Siuja) ifC(S;1ja) - C(Sii1by)
C(S;j; 1 bj) otherwise
(1)

The intuition behindthe recurrencecan be describedas
follows. We wouldliketo nd optimalcon gurationof rst
i cellsfrom sequenceé and rst | cells from sequenceB.
Sotherearetwo waysthis canbeachieved: rst, cell g is at
theendor secondgell bj is attheend. In the rst casethe
cell g is appendedht the end, henceall the cells preceding
g in sequencé\ andall the j cellsin sequenc® have been
placed,i.e. thecon gurationis S; 1;j&. Similarly, for the
secondalternatie, we have con guration S;j; 1b;. We take
thebetterof thetwo alternatves.

Intuitively, the reasornthat dynamic-programminganbe
appliedis thatthe subpoblemsxhibit whatmight be called

“separability’ In particularif weseparatasequencefcells
by avertical line, the minimum wire-lengthorderingof the
left groupof cellsis independentf the orderingof theright
group (becausehe netscrossingthe line is independenbf
theseorderings).Interlearing exploresexponentialsolution
spaceén polynomialtimeandoriginalcon gurationis always
in solutionspace.

3.2 Routing Based Interleaving

Inthissubsectionwe presenthedetailsof theRoutingBased
Interleaving (RBI). As interleaving is a powerful technique
for optimizing detailedplacementit is naturalto try to ex-
tendit to tackle exact routing information. We cangive a
broadde nition of interlearing in which it takesa sequence
of objectsandit givesus nenv permutationof the objects.
Notethattheseobjectsneednot be homogeneousSoif we
canrepresentouting information with a setof “placeable
objects; we canapplythe interleasing with routing. In or-
derto do thatwe decomposéhe routing topology of a net.
The detailsare presentedvith island style architecturefor
FPGA.

Trunk Decomposition

Toinduce“placeable’routingobjectswe proposeo decom-

poseroutingtopologiesinto entitiesof two types:

Horizontal Trunk A horizontaltrunk of routing topology
of anetis alongestcontinuoushorizontalsegmentof
topology

Vertical SegmentA vertical sgmentof the routing topol-
ogy of anetis acontinuousverticalcomponenthatis
connectedo at mosttwo trunks,oneatthetop andthe
otheratthebottomandis connectedo atmostonecell.

Figure 3. Trunk Decomposition

Sotheroutingtopologyof a netis composedf two sets:
asetof trunks(T) andasetof verticalobjects(O). Togethey
they exactly de ne the global routing of the neti.e. there
is oneto onecorrespondancketweerthesesetsandglobal
routing of a net. Figure3 shavs onesuchdecompositiorof
nettopology Also ary horizontalmovementof the vertical
segment, accompaniedy contractionor expansionof the
connectedrunks,denotesa changen the routingtopology
of thecorrespondingpet. Similarly, the horizontalsggments
canexpandor contractwhena cell connectedo the sameis



displacedn the samerow. The vertical segmentscanalso
be connectedo cells. Thesesggmentsmustmove with con-
nectedcellsto maintainelectricalconnectvity. Thevertical
segmentsvhicharenotconnectedo ary cellsarecalledfree
sggments.

DP Formulation
In this section,we describethe proposedextensionof the
traditional optimal interleaving. In the caseof RBI, the
interleaving takesinto accounmnotonly thecellsbut alsothe
vertical sggmentsfrom the trunk decompositiorof routing
topologyof nets. RBI treatsthemascells with zerowidth.
Thewindow of interlearing, W, is nolongerjusta sequence
of cells, but a sequencef cells and a set of free vertical
segmentsbetweentwo adjacentcells. The otherdifference
is thatthewindow is no longerrestrictedo arow, but asthe
vertical componentganpossiblyhave nonzerospan,it is a
rectangulaportionof the placeableaegion.

The sequenc®f cells andobjects,W, is partitionedinto
two disjointsequences:

A:(a;0) 0<i- m whereQ;isanorderedset

of freeverticalsegments
whereP; is anorderedset
of freeverticalsggments

B:(bj;P) O0<j-n

As in the caseof thetraditionaloptimalinterlearing, both
the sequencegeepthe original relative order of cells and
sgmentsj.e. cell g is alwaysaftercell a; 1 in theoriginal
sequencandalsoit follows all the vertical segmentsin set
O;; 1. Thesamealsoholdsfor theverticalsegments;.e. all
thesegmentsin setO; areprecededy thecell . It should
be notedthat ary of the setsof the vertical segementscan
possiblybe empty Figure4 shavs onesuchpartitioningof
window W into two sequences.

RBI maintainstherelative orderof cellsandvertical seg-
mentsof boththe sequencem the nal solution,i.e. cell g
is alwaysplacedonly aftercell &; 1 andall the vertical seg-
mentsin setQ;; 1 have beenplaced. Moreover, ary vertical
segmentin setO; is placedonly aftercell g hasbeenplaced.

LetS: .« bethecon gurationinwhichallthecellsay;:::; g

mentsfrom setO; and rst | segmentsfrom setP; have been
placed. Let the costof this con gurationbe C(S;jk). Let
Si 1jk18 denoteplacemendf cell g attheendof §; 1k,
costof whichis C(S; 1;j:k1) + C(&), wherecostC(a) also
includesthe costof placingconnectedseggmentsof the cell
8. Fromnow on, costof placinga cell implicitly includes
the costof placing vertical sgmentsconnectedo it. Let
S;jk1 G, , denoteplacemenbf verticalseggmentO;,, , atthe
endof con guration§; ., andcostof suchcon gurationbe
C(S;jk1) + C(Gy,, ,). Wecannow write the DP formulation:

S);O;O;O = f
C(50;0;0;0) 0 2
C(S;jx1) min(Ca; Cg)

where,
Ca=mino. x. 1 f C(S; Ljiioy 1ix ¥ C(a)

Theintuition behindthe above formulationis asfollows.
Supposeave wantto nd optimalcon gurationof rst i cells
from sequencéA, rst k vertical sgmentsin setO;, rst
j cellsfrom sequencd and rst | vertical sggmentsin set
Pj, i.e. con guration §;j.x;. As in traditionaloptimalinter
leaving, we have two alternaties, eithercell a; or cell b; is
thelastcell to beplaced.Let's considerthe rst alternatve.
In this case,all the cells and sgmentsprecedingecell g in
sequenc@ musthave beenplacedandall thecellsuptoand
includingcell b; in sequenc® mustalsohave beenplaced.
Notethatwe cannot placeary sggmentsfrom setO; before
a in orderto maintainthe relative orderin eachsequence.
And henceall the k sggmentsof setO; mustbe placedafter
. Butapartof the rst | sgmentsin setP; maybeplaced
beforecell g but aftercell bj. Sothereis arangeof choices
availablehere:ononehandeachof thel verticalsegmentss
placedaftercell ; andontheotherhandeachof thel vertical
segmentsis placedbeforecell a. And all theseconstitute
differentcon gurationswith differentcosts. We choosethe
con guration with the minimum costasthe bestcon gura-
tionwherecell ; is lastcell to beplaced.We denotethecost
of this con guration asCa. Similarly, we choosethe best
con guration with cell bj asthe lastcell to be placed. For
con guration §;j.x, we chooseone of thesehaving lower
cost.

With respecto the correctnessf the algorithm,we need
a separabilitypropertyasin the caseof traditionaloptimal
interleaving. Let usassumdor the momentthatthe objec-
tive functionis simply maximumroutingdensity Asin the
caseof traditionaloptimalinterleasing, we obsere that, for
a particularpartition of the componentsnto left and right
groupsminimizationof routingdensityontheleft handside
is independentf the orderingon the right handside and
vice-versa.

Figure 4 shavs one example of RBI. For simplicity not
all connectionsaareshavn. The RBI window containsfour
cellsandsomefree sggments.They arepartitionedinto two
sequence<LellsA, | andN belongto sequencé andcell E
isin sequenc®. Thesggmentd B; C; D; Gg form ordered
setO;. Similarly, setsO,, O3 andP; areformed. A possible
outputof RBI is alsoshavn. Note thatcells| andE are
swappedasa resultof RBI. The vertical sggmentG “jumps
over” cell E, andis placedbeforecell E. Similarly, vertical
sggmentM “jumpsover” cell N.

Figure5 shavs someof thepossibladisplacementsf cells
and sggmentsthat canleadto reductionin density Figure
5(a) shawvs how the displacemenbf a cell canleadto re-
ductionin the densitydueto simultaneougslisplacemenof
aconnectedrerticalsegment. This displacementanreduce
both the densityin channelshroughwhich the trunk was



Figure 4. Example of Routing Based Interleaving

passingandwirelength. Figure5(b) illustratesthe possible
displacementf afreeverticalsegment. Thetrunkconnected
to the bottom of the segmentis passingthroughrelatively
high densitychannelswhereaghe correspondinghannels
in the pathof thetop trunk of the sgmentarerelatively less
congested.In suchcasesthe displacemenbf the sgment
during RBI canleadto expansionof the top trunk through
lesscongestedareawith the advantageof eliminating path
throughrelatively highly congestedarea. Figure5(c) is an
exampleof simultaneouslisplacemenbf two cells toward
eachother Thesecells have connectedsegmentsthat are
connectedo a commontrunk. The movementof the cells
canleadto memging of the connectedseggmentsand corre-
spondingtrunk getting contractedto zero length. Figure
5(d) shaws a possibleoutcomein which the congestiorcan
be reducedat the costof increasein wirelength. A verti-
calsggmentis passinghroughachannelwvith relatively high
congestionSopossiblalisplacemendf sgmentalongwith
theconnectedtell, canreducethe congestion But the zero-
lengthtrunk connectedo thetop of the sggmentexpandg(in
low congestiorchannels}o increasehewirelength.

Cost Function

The costfunction for RBI is a key part. We wantto min-
imize the maximumrouting demandin orderto maximize
the routability. But in caseof FPGASs,therecanbe a very
large numberof differentsolutionsthathave the samemaxi-
mumroutingdensity Sowe needa betterobjective thatcan
guideusin theright direction. We usea lexicographiccom-
binationof maximumdensity(Dmax), numberof channelsat
maximumdensity(nMax) andwirelength(WL) —i.e. Dmax
is primary objective and nMax andWL sene asa primary
andsecondaryiebrealersrespectiely. This morepowerful
objective alsoobsenresthe separabilitydiscussecarlier

4 EXPERIMENTS

We have implementedRBI for the FPGA domainand per
formedinitial experimentdo testits effectiveness.The ex-
perimentswere performedin Linux environmenton a PC
with 2.4GHzIntel Pentium4 CPUand512MB RAM. The

Figure 5. Possib le outcomes during RBI

maincriteriaof comparisorweremaximumchanneldensity
(Dmax), numberof channelatmaximumdensity(nMax) and
wirelength(WL) of theroutedcircuit. All suchstatisticsare
reportedin Table5 for all 20 MCNC benchmarkcircuits.
The placementsvere obtainedwith VPR placerrunningin
wirelengthdrivenmode. The placedcircuit wasroutedwith
wirelengthdriven VPR globalrouterto minimize numberof
tracksrequiredto routethe placement.

This placedandroutedcircuit datais givenin rst data-set
(beforeRBI in Table5). RBI wasappliedon themwith the
lexicographiccostobjective discussedn previoussection.

The formulation presentedllows movementof cellsand
vertical sgmentsonly in horizontaldirection. But the hor
izontal sggmentscanonly expandor contract,keepingtheir
vertical positionsunchanged.This may seemto be a lim-
iting factor But owing to the symmetryof theislandstyle
architectureye caneasilyformulatethe similar problemfor
verticaldirection. In theexperimentsRBI wasappliedboth
in horizontalandverticaldirections.

As it canbe obsened, asa resultof RBI application,the
numbemnf channelatmaximumdensityis reducedy almost
45%on average.The bestimprovementin nMax is 68.08%
for ex1010circuit. Thereis aminorincreasef 1.04%in the
wirelengthcomparedo initial placementand routing with
maximumincreasdessthan2% for all 20 benchmarksThe



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

P BeforeRBI After RBI Change )
Cireuit -5 T AMax | WL | Dmax | TMaX | WL | niMax(%) | WL(%) | ™€
e&x5p 9 699 | 15180 | 9 466 | 15358 | -33.33% | 1.17% | 0.96
fseng 5 582 | 7787 5 425 | 7863 | -26.98% | 0.98% | 0.17
apecd 9 628 | 16962 | © 266 | 17119 | -57.64% | 0.93% | 1.08
misex3 3 650 | 16900 | 8 256 | 17079 | -60.62% | 1.06% | 0.94
alug 7 016 | 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 | & 435 | 11148 | -37.05% | 1.43% | 0.20
seq 8 | 1161 | 22547 | 8 689 | 22752 | -40.65% | 0.91% | 1.73
apecZ 8 | 1245 | 24332 [ 8 770 | 24524 | -38.15% | 0.79% | 1.52
5298 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 | & 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 | 59.08% | 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 | -6752% | 1.64% | 0.48
cima 8 | 4900 | 103832 8 | 2722 | 104712 -44.45% | 0.85% | 2.70
Average -4499% | 1.04% | 1.27

congestiommapfor this runis shavn beforeRBI in Figure designo ws.

6 (a), whereonly channelsat maximumdensityare shavn

in black. As it canbe seenfrom Figure6 (b), RBI reduces
thecongestiorconsiderably Theruntimeof RBI is givenas
aratio of the RBI runtimeto combinedVPR placementand

routing runtime. The averageruntimeis 1.27 timesthat of

VPR ow.

(a) BeforeRBI (b) After RBI

Figure 6. Congestion map for ex1010 cir cuit.

5 CONCLUSIONS
In this paper we rst presentedhe experimentalstudy of
thevariousroutability estimationtechniques The resultsof
the studiesindicatethat suchtechniquescan not faithfully
identify therouting hot-spots Hence we concludethatthey
arenotsuitablefor placement-teel routability optimization.
We proposedan alternatve, non-predictve, approachfor
exactroutability optimizationbasecbn trunk decomposition
andgeneralizedptimalinterleaving Theapproactcanop-
timize the placemenbf both cells andwiring segmentssi-
multaneouslylt shouldbe notedthattrunk decompositiois
a powerful techniquewhich canbe usedto transformrout-
ing probleminto placemenproblemandonecanpotentially
explorerouting problemin a differentdirection. Moreover,
modularity of approachmalesit easierto augmentexisting

A prototypetargetingthe FPGAdomainwasimplemented
andstudiedexperimentally The implementatiorpresented
incorporatesmaximum routing demandand wirelengthin
thecostobjective. Experimentglemonstrat¢he potentialof
theapproach Startingfrom anoptimizedglobalrouting,the
numberof channelsat maximumdensitycanbe reducecby
almost45% on averageand68% at maximumwith nominal
wirelengthincrease. Ongoingwork includesalgorithmic
speeduptechniques.

We amue that a similar approachcan also be appliedto
standarcandmixed cell domainfor detailedroutability opti-
mizationandfuturework will includethis application.
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