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Abstract

We proposepracticaliteratedmethodgor layoutdensitycontrolfor
CMP uniformity, basedon linear programming Monte-Carloand
greedyalgorithms.We experimentallystudythetradeofs between
two mainfilling objectives: minimizing densityvariation,andmin-
imizing the total amountof insertedfill. Comparisonsvith previ-
ousfilling methodshav theadwantage®f ournew iteratedvionte-
CarloanditeratedgreedymethodsWe achieve nearoptimalfilling
with respecto eachof the objectvesandfor both densitymodels
(spatialdensity[3] andeffectivedensity[8]). Our new methodsare
more efficient in practicethan linear programming[3] and more
accurateghannon-iteratedMonte-Carloapproachefl].

1 Intr oduction

As themanuhbcturingprocessncreasinglyconstrainghysicallay-
outdesignandverification[5], oneparticulamrequirements to con-
trol manufcturingvariationdueto chemical-melanicalpolishing
(CMP) [4] [6] [9]. CMP variationis keptwithin acceptabldimits
by controlling local featuredensity relative to a process-specific
“window size” on the orderof 1-3mm. Layout Density Control
consistsof two phases:densityanalysisandfill synthesis Den-
sity analysisdeterminesheareaavailablefor filling. Fill synthesis
computeghe amountof featureareawhich shouldbe addedinto
eachpart of the layout to achieve uniformity, then generateshe
actualfill geometriesin this paperwe addresdill synthesis.

The Filling Problem: Givenadesignrule-correctayoutin ann x
n layoutregion, alongwith window sizew < n, addfill geometries
to createafilled layoutsuchthateither:

e Min-Var Objective: the variation in window density (max-
imum window densityminus minimum windowv density)is
minimizedwhile no window densityexceedshe givenupper
boundU; OR

e Min-Fill Objective:the numberof insertedfill geometriess
minimizedwhile thedensityof ary window remainshetween
thegivenlower boundL andupperboundU .
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TheMin-Var objectie, first introducedn [3], captureghe“manu-
facturing” objective of the mostuniform densitydistribution. The
Min-Fill objective, recently proposedin [8], capturesthe “de-
sign” objective of minimizingcouplingcapacitancanduncertainty
causedy filling.1 Our presenivork:

e givesa unified descriptionof two existing modelsfor CMP,
which allows usto apply both newv andprevious methodsto
computethefilling arearegardlesof how the effective den-
sity [8] is defined;

e proposesnew and iterated methodsfor solving the Filling
Problemwhich: (1) improve the existing methodssimulta-
neouslyin accurag andrunningtime; (2) efficiently address
both spatial [3] andeffective[8] densitymodels;(3) areap-
plicableto boththe Min-Var andMin-Fill objectves;(4) are
easilymodifiableto take into consideratiommary practicalis-
suessuchastheshapeof filling geometriesndvariousdesign
rules; and(5) exhibits scalablebehaior while giving results
asgoodasor betterthanall previousmethodsunderall knovn
metrics.

2 Unified Description of Models for the CMP

Several modelsfor oxide planarizationvia CMP have beenpro-
posedn [6]. Amongthem themodelof [7] is neithercomputation-
ally expensve nordifficult to calibrate.In thismodel,theinterlevel
dielectricthickness atlocation(x, y) is calculatedas:
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Thecrucialelemenf this modelis thedeterminatiorof theeffec-
tiveinitial patterndensityp(x,y).

To male thefilling problemmoretractable a standargractice
is to considemonly afinite setof layoutwindows. Boundingthe ef-
fective densityin afixedsetof w x wwindows canincursubstantial
error, sinceotherwindows couldstill violatethedensitybounds A
commonindustrypracticeis to enforcedensityboundsin r2 over-
lappingfixeddissectionswherer determineshe“phaseshift” w/r
by whichthedissectionareoffsetfrom eachother In otherwords,
to helpcontrollayoutdensityin arbitrarywindows, densitybounds
are enforcedonly for windows of the fixedr-dissection(seeFig-
ure 1), which partitionsthe n x n-layout into tiles Tj;, then cov-

ers the layout by w x w-windowvs Wj, i,j = 1,..., 5 — 1, such
that eachwindow W; consistsof r2 tiles Ty, k=i,...,i+r—1,
l=j,ee,j+r—1.

Iwith ungroundedill featuresexisting parasiticextractiontools do not handle
the resultingfloating capacitancesvell. To minimize couplingcapacitancend per
formanceuncertaintycausedy filling, the objective becomego minimize the total
numberof fill geometriegwith the sidebenefitof reducingcompleity of final GDSII
output).



Thesimplestmodelfor p(x,y) is thelocal arealfeaturedensity
i.e.,thewindow densityis simply equalto thesum:

i+r—1j+r-1

PWp) = 3 5 areaTa) 2)
=] =]

wherearea(Ty ) denotegheoriginallayoutareaof thetile Ty . This
modelis dueto [3], which solved thefilling problemusinglinear
programming.

A moreaccuratanodelconsidershedeformatiorof thepolish-
ing padduringthe CMP procesg2]: effective local densityp(x,y)
is calculatedasthesumof weightedspatialpatterndensitieswithin
thewindow, relative to anelliptical weightingfunction

f(x,y) = Coexp[c1 (¢ +y?) %] ®)

with experimentallydeterminecconstantxy, ¢1, andc, [8]. The
discretizedeffective local patterndensityp for awindow Wj in the
fixed-dissectiomegime (henceforthreferredto aseffectivewindow
density is:

i4r—1j+r-1

p(Wj) = kz IZ area(Ty) - f(k—(i+r/2),I = (j+r/2)) (4)
=i 1=

wheretheargumentsof theelliptical weighingfunction f arethex-
andy-distance®f thetile Ty from the centerof thewindow W ;.
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Figurel: Thelayoutis partitionedby r2 (r = 4) distinctdis-
sections(eachwith window sizew x w), into T x - tiles.
Eachdark-bordereav x w window consistsof r? tiles.

3 Previous Approachesgo Filling Synthesis

3.1 Linear Programming Approaches

The linear programmingapproachseeksthe optimum fill area
p(Tij) to beinsertednto eacttile Tjj. Recallthatthefill areap(Ti;)

cannotexceedsladk(Tij), whichis the areaavailablefor filling in-

sidethetile Tj; computedduringdensityanalysis.

e Thefirst LP for theMin-Var objective [3] is:
Maximize: M

subjectto:
0 < p(Tij) < slack(Tij)

e A followup work[8] proposedthe Min-Fill objective, along
with aRanged Variation LP:

Minimize: 5 p(Tij)
]

subjectto:
0< p(Tij) < sladk(Tij)
e We alsonotea variantLP for the Min-Var objectie, thatis,

givenatargetwindow densityM (insteadof an upperbound
onwindow density),we minimizethevariability budgete:

Minimize: €
subjectto:
0 < p(Tij) <slack(Tij)

M—g/2<p(Tij) <M+¢€/2 i, ] :1,...,%_1

Thenumberof variablesandthe numberof constraintsn these
LPsarebothboundedby O((F)2). AlthoughLP solutionsareopti-
mal, thereareseveraldravbacks:(1) solvingavery Iar%e LP (with
larger) is tootime consuminge.g.,theruntimeis O(r®°) sincethe
numberof variablesin the LP is O(r2)); (2) the optimal solution
for anr-dissectioris not necessarilythe optimal solutionfor a 2r-
dissectionand may alsoresultin a high floating window density
variation, (i.e., densityvariation over all windows, not only over
the fixed+ dissection);and (3) roundingis anothersourceof er-
rorsin LP formulations(whenthetile sizeis suficiently small,the
problembecomesaninstanceof integer programmingandround-
ing errorshecomecrucial).

3.2 Monte-Carlo Approaches

TheMonte-Carlomethodfor theMin-Var objective wasintroduced
in [1]. The Min-Var Monte-Carloalgorithmrandomlychooses
tile andincrementsts content(i.e., spatial/efective density)by a
prescribedill amount.Theprobabilityof choosinga particulartile
Tij is referredasthe priority of thattile. Notethatthe priority of a
tile T is zeroif andonly if eitherT;; belongsto awindow which
hasalreadyachievedthedensityupperboundU, or theslackof Tj;
is equalto thealready-insertedll area.Tileswith zeropriority are
saidto belocked Following [1], the priority of atile Tjj is cho-
sento be proportionalto U — MinWin(Tj;), whereMinWin(Ti;) is
the minimum densityover windows containingthe tile Tij. (Ex-
perimentally this priority schemeoutperformsa numberof other
simpleschemeslll) The Monte-Carlomethodis very efficient: it
canbeimplementedwithin O(f log %) time, whichis practically
proportionako thenumberof tiles. Its maindravbackis thatit may
insertanexcessive amountof totalfill.

A variant of the Monte-Carloapproachis the deterministic
Greedyalgorithm At eachsteptheMin-Var Greedyalgorithmadds
themaximumpossibleamounf fill into atile with thehighestpri-
ority. In otherwords,at eachstepatile with the highestpriority is
locked. The performancef theMin-Var Greedyalgorithmis illus-
tratedin Table2. Greedyruntimesareslightly higherthanMonte-
Carlobecausef finding highest-priorityratherthanrandontiles.

4 NewApproachedo Filling with the Min-Fill Objective

In the presencef two objectives, a naturalstratey is first to find
asolutionthatoptimizesoneof the objectves(Min-Var), andthen
modify thatsolutionwith respecto the otherobjective (Min-Fill),

hopefullywithoutdegradingthe solutionquality relative to thefirst



objective. Thus, the first objectve (densityvariation) can hope-
fully betradedoff towardsa significantimprovementin thesecond
objective (theamountof insertedfill). This stratgy canbe imple-

mentedwith the LP-basednethodasfollows:

1. SolvetheMin-VarLP formulationwith thegivenupperbound
U onwindow density;

2. Decreasethe obtainedminimum windov density M by a
givenamount. = M(1—¢);

3. SolvetheMin-Fill LP formulationwithin theintenal (L,U).

To implementthe samestrategly with either the Monte-Carloor
greedyapproachwe assumehat the density of eachwindow is
alreadywithin theintenal (L,U) andthensolve thefollowing:

Fill-Deletion Problem (with the Min-Fill objective). deleteas
muchpreviously insertedill aspossiblewhile maintaininga min-
imumwindow densityof no lessthanL.

To solve the Fill-Deletion problemwith the Monte-Carloap-
proachweiteratively deleteafilling geometnfrom atile randomly
choseraccordingo acertainpriority. It is naturato choosepriority
symmetricako thepriority in the Min-Var Monte-Carloalgorithm,
i.e., proportionakto MinWin(T;) — L. Againsymmetricallynofill-
ing geometrycan be deletedfrom theftile Tj; (i.e., Tjj is locked
if andonly if it eitherhaszeropriority or elseall fill previously
insertednto Tjj hasbeendeleted.

Thus, the Min-Fill Monte-Carloalgorithmdeletesfill geome-
tries from unlocled tiles which arerandomlychosenaccordingto
the above priority scheme(seeFigure 2). Similarly, the Min-Fill
Greedyalgorithmiteratively deletesafilling geometryfrom anun-
lockedtile with the currentlyhighestpriority.

Min-Fill_Monte-Carlo Algorithm

nput: nx nfilled Tayout, fixedr-dissectiony x w window,
lower boundonwindow densityL

Output: Filled Tayoutwith minimizedamountof insertedill area

While thereexist anunlocledtile do
Chooseanunlocledtile Tj; randomly accordingto its priority
Deleteafilling geometryfrom Tj;
Updateprioritiesof tiles

Outputresultinglayout

Figure2: The Monte-CarloAlgorithm for the Fill-Deletion Prob-
lem deletesfill geometriefrom randomlychosenunlocled tiles
(i.e., tiles which still have filling geometriesut which belongto
windows having densitygreatetthanL).

5 lterated Monte-Carlo and GreedyMethods

Min-V ar Objective: As mentionedabore, boththe Monte-Carlo
andGreedyAlgorithmsaresuboptimalfor the Min-Var Objectie,
andalthoughthey arebothfastin practice the resultingminimum
window densitymay be significantlylower thanthe optimum. We
nov proposeiterated methodsbasedon alternatingthe Min-Var
and Min-Fill objectives (seeFigure 3), resultingin a monotonic
narrawing of the gapbetweernthe upperwindon densityboundU
andtheminimumwindow densityL.. Suchiteratedmethodsarestill
very fastandretainall the advantagesf the non-iteratedMonte-
Carlo and Greedycounterpartsbut offer improved accurag (see
Table2).

Min-Fill Objective: To solwe the Filling Problemwith the Min-
Fill Objectie, the IteratedMonte-Carloand GreedyFilling algo-
rithms (seeFigure3) maybemodifiedasfollows:

lterated Monte-Carlo and GreedyFilling Algorithms
Input: n x nlayout,fixedr-dissectionw X w window,
upperboundonwindow densityU
Output: FilledTayout
Repeatforever ] ]
RunMin-Var Monte-Carlo(Greedy)Algorithm with the
upperwindow densi )
If resultingminimumwindow densityequalsthe
previousM thenexit repeat
Updatethedensitiesof tiles andwindows andthe
minimumwindow densityM
RunMin-Fill Monte-CarIo{Greedy)Algorithm with the
lowerwindow densityM

Figure3: In thelteratedMionte-CarloandGreedyFilling approach,
eachiteration consistsof two applications(with the Min-Var and
Min-Fill objectives)of the Monte-CarloandGreedyalgorithms.

1. Interruptthefilling processassoonasthelower boundL on
window densityis reachedij.e.,whenM = L, insteadof im-
proving theminimumwindow density(while possible¥or the
Min-Var objectie.

2. Continueiterating, but without changingthe lower density
boundM = L. Althoughthis doesnot guarante¢hatthetotal
filling areawill notincreaseanimproved solutioncantyp-
ically be obtainedif we will keeptrack of the bestsolution
seernover all iterations.

6 Experimental Results

TestCases
Testcase L1 L2 L1x4 L2x4
layoutsizen | 125,000 | 112,000 250,000 | 224,000
40units=1p
#rectanglek | 49,506 | 76,423 | 198,024 | 305,692

Tablel: Parametersf four industrytestcases.

Our experimentswere performedusing part of a metal layer
extractedfrom anindustrystandard-cellayou (Table1). Bench-
markL1 istheM2 layerfrom an8,131-celldesignandBenchmark
L1x4 is the sameayoutreplicatedfour timesin a 2x2 arrayto cre-
atealargertestcase Benchmark_2 istheM3 layerfrom a20,577-
cell layout. L2x4 is this layoutreplicatedfour timesin a 2x2 array
Ourimplementatiorof layoutdensitycontrolis enhancedvith the
following importantpracticalfeatures:

e Grid slack computation:In previous academicand industry
approachegheareaslackin eachtile (i.e., theareaavailable
for filling), wasassumedo be proportionalto the realempty
spacein thetile. Our alternatve grid slackcomputatioren-
tails usinganunderlyinggrid to computethe maximumnum-
ber of legal positionsfor fill geometriesn eachtile. This
methodof slackcalculationis morerealistic,andguarantees
that the calculatedamountof fill canactuallybe legally in-
sertednto the correspondingile.

e Doughnutareacomputation:n shallav-trenchisolationpro-
cessesso-calledreverseactive-areanaskstepdeadto aden-
sity criterionwherebyonly thewidth-d “outerring” of alarge
featurecontritutesto the effective density Our tool option-
ally appliessuch“doughnut’areacomputations.

e WrapawoundwindowdensityanalysisandsynthesisBecause
of the way dies are arrayedon a wafer, we male windows
“wrap around”the layout during densityanalysisaswell as

20ur experimentaltestbedntegratesGDSII Streaminput, corversionto CIF for-
mat,andinternally-deelopedgeometrigprocessingnginescodedin C++ underSo-
laris. All run timesare reportedin CPU secondson a 140MHz Sun Ultra-1 with
256MB of RAM. All experimentsassumehatU is equalto the maximumwindow
densityof theoriginal layout.



Spatial Density Model

Orig. Density LP

Greed

MC IGreed IMC

Testcase | Max Min Min CPU Min

CPU

Min CPU Min CPU Min CPU

L1/32/8 [0.21447/0.10414]] 0.19864| 41.5

0.18779

18.2

0.19221] 17.3 [ 0.19871] 26.9 || 0.19871| 24.8

L1/32/16 [0.217830.10088]| 0.19768]1077.5

0.19044

21.9

0.19410 19.6 || 0.19779 98.1 || 0.19740] 93.5

L1/16/8 |0.26452/ 0.07803] 0.17519| 161.1

0.17556|

21.8

0.17556| 18.9 || 0.17556| 36.7 || 0.17556 30.2

L1/16/16 |0.26452]0.08551]| 0.17169 | N/A

0.18868|

44.2

0.18868| 23.4 || 0.18868 202.3|| 0.18868| 168.9

L2/32/8 |0.22648 0.07039|| 0.14467| 43.0

0.14257

25.5

0.13565 24.4 ][ 0.14469 41.3 || 0.14463| 68.6

L2/32/16 | 0.22648] 0.07650/| 0.15093| 2716.0

0.14621

33.8

0.14459| 29.4 |( 0.14971] 538.5|| 0.14940| 317.2

L2/16/8 |0.33022 0.04552|| 0.17926|1912.4

0.16709|

42.1

0.17748] 30.5](0.17980] 170.1(| 0.17980| 169.4

L1x4/32/8 | 0.21693 0.09657|| 0.18643| 255.7

0.18183]

82.6

0.18282 72.3 || 0.18648 131.9(| 0.18648| 111.9

L1x4/32/16] 0.21793] 0.10263]| 0.18448 | N/A

0.19574

124.3

0.19547| 80.2 || 0.19933 632.8|| 0.19933] 565.1

L2x4/32/8 | 0.22226] 0.05776]| 0.14647] 532.6

0.14480]

150.7

0.13824] 117.7][ 0.14649 289.5|| 0.14655| 469.7

Effective Density Mo

del

L1/32/8 |0.41625/ 0.16255/| 0.31970| 32.4

0.31859

22.8

0.31994f 22.3 |[ 0.31994] 26.5 || 0.31994] 23.9

L1/32/16 | 0.46662] 0.10626|| 0.28249| 105.5

0.28353]

27.4

0.28353| 24.0 |[ 0.28353) 33.2 || 0.28353| 27.8

L1/16/8 [0.46662] 0.10626]] 0.28249| 105.2

0.28353]

27.1

0.28353] 23.1 || 0.28353 32.8 || 0.28353] 26.0

L1/16/16 [0.483130.05693]] 0.13285 [ N/A

0.24748|

49.7

0.24748| 27.1 ][ 0.24748 74.2 ]| 0.24748| 33.4

L2/32/8 |0.53585| 0.07249 0.34777| 66.8

0.34538|

39.7

0.31153] 38.3 || 0.34629 49.5 || 0.33858] 68.9

L2/32/16 | 0.84446| 0.03514|| 0.35956| 520.5

0.36007

57.4

0.34049| 41.4 ]/ 0.36007| 67.9 || 0.35276| 107.4

L2/16/8 |0.84446| 0.03514]| 0.35956| 526.7

0.36007

57.3

0.34206[ 40.1 |[ 0.36007| 68.7 || 0.35120] 90.1

L1x4/32/8 | 0.43270] 0.14665|| 0.28487| 171.5

0.28505|

107.2

0.28505| 90.7 || 0.28505| 126.5|| 0.28505| 100.9

L1x4/32/16| 0.46740] 0.10494f| 0.28732| 1238.8|

0.28835|

177.0

0.28835| 106.3|| 0.28835| 262.4|| 0.28835| 125.5

L1x4/16/8 | 0.46740] 0.10494][ 0.28732]1387.8

0.28835|

188.8

0.28835| 106.3(| 0.28835] 266.6|| 0.28835| 121.5

L1x4/16/16] 0.48313] 0.05160]] 0.19859 | N/A

0.27197|

586.0

0.27197 119.5][ 0.27197[ 975.0{] 0.27197/ 150.1

L2x4/32/8 | 0.52179 0.04467|| 0.34176] 637.4

0.32008|

241.5

0.30799] 165.6|| 0.33620] 342.0|| 0.33524] 435.9

Table2: ThelteratedGreedy(IGreed)andlteratedMonte-Carlo(IMC) algorithmsaremoreaccuratehanthe non-iteratedsersions(Greed

andMC), andarefasterthanalinearprogram-basedpproachLP).

in fill synthesisso thatwindows overlappingwith the upper
(right) edgeof the chip layoutalsocontainthe corresponding
tiles from the bottom(left) edgeof thelayout.

e Different patterntypes: In orderto reduceworst-casecou-
pling capacitanceo fill, we imposea uniformity constraint
on thefill patternsothatsameamountof fill patternareais
intersectedy ary verticalor horizontalline. To this end,we
usea baslet-weaing patternsuggestedn [3]. Our imple-
mentationcanalsosupportmoreexotic fill patterntypes.

Table2 compareghe minimumwindow densityandthe asso-
ciatedruntimesfor theminimumvariationlinearprogram Greedy
algorithm, Monte-Carloalgorithm, Iterated Greedy and Iterated
Monte-Carloalgorithms. The table consistsof two parts,corre-
spondingo thespatialandeffective densitymeasuregespectiely.
Theleft columnof Table2 givesfor eachtestcasethewindow size
(in thousandsf units),aswell asthenumberr of fixeddissections.

The smaller r-value correspondgo the maximal value for
which the LP approachcanstill give the optimal minimum win-
dow densitywithin areasonableun time, andthelargerr-valueis
selectedsuficiently high to demonstratéhe accurag of the sug-
gestecdheuristics.Thenext two tablecolumnsreportthe maximum
andminimumwindow densitieof theoriginallayoutbeforefilling.

Table 2 indicatesthat the iteratedmethodsare more accurate
thanprevious non-iteratecapproacheghatthey aremoreefficient
than LP-basedmethods,and that they offer more even filling or
largernumberof tiles (correspondingo largerr). Finally, notethat
the iteratedMonte-Carloand Greedyalgorithmscanoutputbetter
solutionsthanLP-basedhpproachessincethe LP’s roundingerror
becomesnoresignificantfor largerr.

7 Conclusion

We have presentedh new unified approachto capturingdifferent
modelsof LayoutDensityControlfor CMP. This enablesusto ap-
ply GreedyandMonte-Carlomethodghatsimultaneoushaddress
differentfilling objectvesfor spatialand effective densitydefini-
tions. Ournew iteratedGreedyandMonte-Carlomethodsaremore
accuratandpracticalthanpreviouslinearprogrambasednethods.

Ourimplementatiorof the proposednethodsncorporateseveral
practicalfeaturesandimproveson the presengeneratiorof avail-
abletoolsfor layoutdensitycontrol.

Ourongoingresearctaddressethefollowing two applications

of thesuggestednethods:

e Hierarchical Filling: The iteratedMonte-Carlomethodcan

substantiallyimprove the efficiency of filling hierarchicade-
signs,andsignificantlydecreaséhe size of thefilled layout
outputfile, resultingin abetterintegrationinto availablehier
archicalphysicalverificationengines.

Multi-Layer Density Contiol: A more accuratemodel (re-
centlysuggestedby the authorsof [8]) takesinto accounthe
influenceof densityvariationin lower layerson densityvari-
ation in upperlayers. Thus, the methodsdevelopedin our
paperseemmore attractize than traditional LP approaches,
dueto thedrasticincreasen thenumberof variables.
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