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Abstract— While the covering algorithm has been perfected
recentlyby the iterati ve approachessuchasDAOmap and IMap,
its application hasbeenlimited to technologymapping. The main
factor preventing the covering problem'’s migration to other logic
transformations, suchaselimination and resynthesigegioniden-
ti cation found in SIS and FBDD, is the exponential number of
alternative cuts that have to be evaluated. Traditional methods
of cut generationdo not scalebeyond a cut sizeof 6. In this pa-
per, a symbolic method that can enumerateall cuts is proposed
without any pruning, up to a cut sizeof 10. We show that it can
outperform traditional methodsby an order of magnitude and, as
a result, scalesto 100K gate benchmarks. As a practical driver,
the covering problem applied to elimination is shown whereit can
not only produce competitive area, but also provide more than
6x average runtime reduction of the total runtime in FBDD, a
BDD basedlogic synthesistool with a reported order of magni-
tude faster runtime than SIS and commercial toolswith negligible
impact on area.

|. INTRODUCTION

In CAD, the network covering problemhasbeensuccess-
fully leveragedy technologymappingfor K -LUTs to produce
extremelygoodsolutionsin termsof areaanddelay[1, 2]. The
coveringproblemattemptdo nd asetof coneso coveranet-
work suchthata given optimizationgoalis satis ed. For ex-
ample,whenappliedto K -LUT technologymappingthe cov-
ering problemattemptso minimize the numberof conesin its
solutionto reduceareaof the LUT network. This processs
illustratedin Fig. 1.
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Fig. 1. Treatingtechnologymappingasa covering problem.(a) Initial
network. (b) Possiblecovering. (c) Final mappingto LUTS.

Oneimportantstepduring the covering problemis the gen-

erationof all cutsin the network thatareusedto derive a set
of conesto caover the network. The cut generatiorstepis the
primarybottleneckof thecoveringproblemandhaslimited the
applicationof the covering problemframework to technology
mappingfor K -LUTs with small valuesof K (4 or 5), even
though mary other problemsin CAD can be representeds
a covering problem. One suchproblemis elimination[3, 4],
whichis foundin gate-level synthesis.

Elimination[3, 4] is oneof the rst areaoptimizationsn the
synthesiso w thatcollapsegedundannodesinto their transi-
tive fanouts.Nodesare considerededundanif their removal
throughresynthesi®perationgloesnot changehefunctional-
ity of thecircuit. Eliminationalsode nesregionsfor succeed-
ing logic optimizationsto be appliedon sincecollapsedchodes
form large resynthesisegions. Currentmethodsfor elimina-
tion rely on trial-and-errorto de ne resynthesigegionsand,
hence,will not scaleas circuits reachand surpasghe 100K
gatemark. In particular in a binary decisiondiagram(BDD)
basedsynthesisnginecalledFBDD, wherelogic transforma-
tionswerespedup signi cantly [4], eliminationemegedasthe
primarybottleneckor scalabilityandhasbeenreportedo take
up to 70% of theruntime[4]. Beingableto solve elimination
asa covering problemwould treateliminationasa global op-
timization problemratherthan a greedybasedheuristicand,
moreimportantly dramaticallyreducethe runtimeof theelim-
ination step. However, sinceeacheliminationregion is rela-
tively large (8 or more inputs), migrating the covering prob-
lemto eliminationis not feasibledueto the exponentiallylarge
numberof cutsthatneedto be generatedndstored.Thus,for
applicationghatrequirelargevaluesof K , traditionalmethods

for cutgeneratiorcannotbeused.

As a solution, we proposea novel scalablesymbolic cut
generatiormethodusingBDDs that, unlike previous methods,
scalego cutsizesof upto 10 withoutthe needof pruning.The
]prlilmary bene ts of our symbolicapproacharesummarizeds

ollows:

Subcutsaresharedetweenargercutsanddo not needto beduplicated
in differentcut sets.This dramaticallyreducegime to producecutsand
the storagerequirementso hold cut sets.

Subcutsharingallows cuts to be evaluatedsimultaneously This in-
creasefciency by remwing the needto evaluateall cutsindepen-
dently

Redundantutsareautomaticallyremovedfrom thecutsetwhichfurther
reduceghecompleity to generateuts.
We will shav that our symbolic cut generationmethodis
morethan20x fasterthantraditionalcutgeneratiortechniques.
Also, wewill shown thatour approactscaledetterthancurrent



cut generatiormethodsfoundin ABC, the fastesttechnology
mapperreportedrecently As a result,we cangeneratdarge

cut sizessizesup to 10 and cansuccessfullyapply the cover

ing problemto eliminationin FBDD: a BDD basedsynthesis
enginethathasbeenshaown to producean orderof magnitude
speedupover SIS [4] with little impactto area. As a conse-
guenceof replacingeliminationin FBDD with our cover-based
elimination algorithm, we get an average6x speedupn total

runtime with no penaltyto areawhentechnologymappedto

standarctellsor 4-LUTSs.

The rest of the paperis organizedas follows: sectionll
discusseshe cut generationin more detail alongwith previ-
ous work; sectionlll describesour symbolic cut generation
method;sectionlV describe®urcover-basecelimination;sec-
tion V shaws the resultsof our approachandsectionVI con-
cludeswith a brief summaryof our work andfuturedirections.

1. BACKGROUND AND PREVIOUS WORK

A. Terminology

A circuit,asa DAG G = (V;E), representdunctions,pri-
maryinputsandoutputs(Pls,POs)asnodesu 2 G(V). Each
directededge,e 2 G(E), with head,u = head(e), andtail
v = tail (e), representa signaloutputfrom nodev andenter
ing nodeu. A coneg C,, rootedat nodev is a subgraphin a
circuitwhereall nodesy, in C, haveapathfrom u tov. Addi-
tionally, if C, isfoundin the nal coverof amappingsolution,
therootnodev is known to bevisible. For example,in Fig. 1b,
thebottomright coverformsaconeandthe ORgateis thevis-
ible root nodeof the cone. The faninsof a cone (node)are
the setof nodesfeedingthe cone(node)andfanoutsof a cone
(node) are the nodesfed by the cone (node). Pls are nodes
with no faninsand POsare nodeswith no fanouts. A fanout
freecone(FFC),C,, is aconethathasafanoutonly attheroot
nodev, suchastheconesn Fig. 1b. A maximumFFC(MFFC)
of nodev is the largestpossibleFFC rootedatv. Thecut of a
coneC, is the setof conefaninnodes,u 2 f anin (C,), and
the cut size,kf anin (C, )k, of a coneis known asthe number
of distinctnodesfeedingthe cone.For example,looking atthe
bottomright conein Fig. 1b, the nodesfeedingthe NOTFgate
andANDgatearethe conefaninsandalsoform the cut for the
conewith acutsizeof 2. A coneis derivedfrom a cut by tak-
ing the subgraphrootedat a singlenodewhosefaninnodesare
identicalto thecutnodes. A cone(cut)is thoughtasK -feasible
if it haskK or lessdistinctfaninnodes(cut nodes).Traversing
a graphin topolagical order implies a nodes faninswill be
visitedbeforeitself.

B. Cut Generation

Oneof the rst worksto usecut generationwas presented
in [5]. Here,the authorsde ne the setrelationto generatall
K -feasiblecutsshovn in Equationl. For a detailedexplana-
tion of Equationl, pleasereferto [5]. This contrastswith in-
crementatutgeneratioomethodsasednnetwork o w [6, 7]
andhasprovento be muchfaster

(v)y=fcy cwjcy 2 ffug[ ( uju2 fanin(v)g;

1)

cw 2 ff wg[ ( w)jw 2 fanin(v)g;u6 w;kc, cyk Kg

In Equationl, ( v) representshe cut setfor nodev; fug
representhe trivial cut (containsu only); ¢, represents cut

from thecutsetff ug[ ( u)g; and ( u) representthecutset
for faninnodeu. Traditionalmethodsggenerateutsby visiting

eachnodein topologicalorderfrom Plsto POsand memging
cut setsasde ned by Equationl. Two cut setsaremeigedby
performinga concatenatioifc, ¢, ) of all cutsfoundin each
fanin cut set,andremoving ary newly formedcutsthatareno
longerK -feasible(kc, cyk K). Generatingutsthis way
is not scalableto largecut sizes(K  6) andfor circuitscon-
taining a large degreeof recorvergentpaths. For example,in

IMap [2], which utilizesa populartechnologymappingframe-
work, cut generatiortakes morethan 99% of the runtime for

K = 7. In [8], theauthorsaddresghis problemby selectvely

pruningcutsthatthey deemto be wasteful. However, for large
cut sizes,pruningtendsto remove too mary cutsthatmay be
valuablein the nal mappingsolution.
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Fig. 2. Exampleof two cutsin a netlistwherec, dominates; .

A side effect of Equationl is the generationof redundant
cuts. A cut, ¢, is redundanif it completelycontainsall the
input nodesof anothercut, c;, in which casec; is known asa
dominatorcut. Fig. 2 illustratesthis relation. Thesecutscan
be removed becausehey will not affectthe nal quality of a
mappingsolution. In ABC [9], the authorsaddresghis prob-
lem by assigningall cutsa signaturesuchthatdominatorcuts
canbe quickly identi ed andremoved. This, alongwith sev-
eral otheroptimization,resultsin an orderof magnituderun-
time reductionover previous techniques.As a consequence,
ABC is currentlythefastest UT technologymapperavailable
with competitve depthand arearesults. However, even with
its clever heuristics ABC cut generatiortime slows down sig-
ni cantly for cutssizesof 8 or larger Althoughthisis nota
problemfor commerciaFPGAsthatrestricttheir LUT sizeto
6 or less[10], migratingthe covering problemto elimination
requiresa morescalablecut generatiorsolution.

C. FBDD

As statedoreviously, the primarymotivationof solvingelim-
inationasa coveringproblemis to remove the eliminationbot-
tleneckexperiencecby FBDD [4]. FBDD is BDD basedsyn-
thesisengine[11] which hasprovento be an order of mag-
nitude fasterthan SIS with competitve arearesults. Remaor-
ing theeliminationbottleneckwill furtherincreasehespeedup
experiencedoy FBDD. FBDD currentlyadoptsan elimination
schemesimilarto SIS.In FBDD elimination,regionsaregrown
from a given seednodewhereits faninsare successiely col-
lapsedinto the nodein a greedyfashion.If the new logic rep-
resentatiorsimpli es afterthe collapseoperationthe collapse
is committedinto the netlist, otherwisethe collapseis undone.
This greedyapproacho eliminationin FBDD is very slow and
asaresult,eliminationin FBDD takesup morethan70%of the



runtime. As we shaw later, we solve this problemby treating
eliminationasacoveringproblemwhichresultsin asigni cant
speedupn FBDD with no sacri ce to area.

I1l. SCALABLE SyMBOLIC CUT GENERATION

Beforewe cantreateliminationin FBDD asacoveringprob-
lem, ascalablecutgeneratiorapproachs required.Traditional
methoddfor cut generatiorcannotbe usedasthey do notscale
to cutsizesof 6 or morewithout pruning[8]. We wantto avoid
pruningsincethis mayremove valuablecuts,particularlywhen
K becomedarge (8 to 10). As describedn Equationl, cuts
aregeneratedy concatenatingubcutsn every possibleway.
Thisis extremelyinef cient sincesubcutsareduplicatedevery
time they are usedto generatea new cut. Our symbolic ap-
proachsolvesthis problemby sharingsubcutshetweerlarger
cuts. Referringbackto our original cut expressionin Equa-
tion 1, we canrewrite our equationin symbolicform.

fv= 2

Equation2 is very similar to the setrelationshovn in Equa-
tion 1; however, in contrastwith previous approacheswe
maintaincut setrepresentationasa Booleanfunction,f. In
our approachye mapa unigueBooleanvariableto eachnode
v foundin our netlistandrepresentutsby the conjunctionof
thefaninnodevariables.Thus,our cutsetf, will beaBoolean
expressionn SOPform whereeachcubewill represent cut.
To join cut sets,we usethe operationthat canbe thought
asthe logical AND of all clauseg(u + f). Here,f, is the
Booleanfunction cut setrepresentatiofior fanin nodeu, and
u is thetrivial cut. For example,considerFig. 3a. Here,each

uzfanin (v) (U+ fy)

(a) Booleanexpressions (b) BDD representation

Fig. 3. Symbolicrepresentationf cutsets.

nodeis representetly aBooleanvariable.Also, noticethatthe
cut setf 5 is the conjunctionbetweenrthe clauseqc + f.) and
(b+ fp).

A problemwith usingcubesto represenbur cut setis thatit
suffersfrom similar scalabilityproblemsastraditionalcutgen-
erationmethodssince eachcut needsto be storedseparately
asa cubeandno subcutsharingoccurs. A solutionto this is
to represenbur cut setasa reducedorderbinary decisiondi-
agram,which we will simply referasa BDD for corvenience
(for adetaileddescriptiorof theBDD datastructure pleasere-
ferto [12, 13]). BDDs are DAGs which representa Boolean
functionwhereeachnodein the DAG represent®nevariable.
Nodeedgesepresenpositive (1) or negative (0) assignments
to the variablewhere eachedgepoints to the associatedo-
factor For example,referringbackto Fig. 3a,the BDD used

to representhe cut setf 5 is shovn in Fig. 3b. Here, positive
edgesare representedby a solid line and negative edgesare
representetly adottedline.

Noticethatrepresentingut setsasa BDD allows subcutgo
be sharedascofactors.Thus,subcutsanbereusedn express-
ing largercuts. For example considerfig. 4. Noticethatin the
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Fig. 4. BDD representationf cutscy, ¢, andcs.

BDD representatiorthe subcutc; = de is a positive cofactor
for variablec andg, andis sharedby two largercutscs = cde
andc, = deg Thus,insteadof requiring8 BDD nodesto store
cutsc; to ¢z, only 4 BDD nodesarerequired.

Anotherbene t of usingBDDs is thatredundantuts,such
asdominatorcuts, are automaticallyremoved. For example,
considerFig. 5acontainingthecutc; andthedominatorcutc,.
AsaBDD, c¢; andc; areshavnin Fig.5b. SinceBDD nodecis
now redundantit canberemovedasin Fig. 5¢c whichremoves
the dominatorcut c,. This exampleillustrateshow redundant
cutsareautomaticallyremovedin BDD representationsrThis,
alongwith thesubcutsharing substantiallyeducegheruntime
andstoragerequirement®f cut generation.
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Fig. 5. BDD representationf cutscy andcs.

A. SymbolicCut GeneratiorAlgorithm

Fig. 6 illustratesour cut generationalgorithm. First, the
netlistis sortedin topologicalorder(line 1). Next, the cut set
function,f, for eachnodein the graphis initialized to a con-
stantl (emptiesthe cut set)andis assigned uniquevariable
for cut representatioifline 2-5). Finally, for eachnode,v, its
cutsetis formedfollowing Equation2 (line 7-10). Whenform-
ing the cut setfor nodev, eachfaninnode,u = f anin (v), is
visited (line 7) andatemporarycut setis formedby thelogical
ORof thetrivial cutu andits cutsetf ,, (fx = (u+fy), where
fx, u, andf, arerepresentedsBDDs). Next, thetemporary
cutsetis conjoinedo thecutsetof v usingthelogical AND op-
eration(line 9,f, = f, fy.). Thismemgesthecutsetsof all the



fanin nodesto form new cuts. Whenforming larger cutswith
the logical AND operation,it is possibleto form cuts larger
thanK , thus BDDANDPRUNE is alsoresponsibldor pruning
cutsthatarenotK -feasible.

CutGeneration()

1 G Sortt()

2 foreachv 2 G

3 fy 1

4 by CREATENEWBDDVARIABLE()
5 endforeach

6 foreachv 2 G

7 foreachu 2 f anin (v)
8 fx BDDOR(by ; fu)

9 fy BDDANDPRUNE(fy; fx; K)
10 endforeach

11 endforeach

Fig. 6. High-level overvien of symboliccutgeneratioralgorithm.

B. EnsuringK -FeasibilityandFindingMinimum CostCut

When conjoining two cut setstogetherusing the logical
AND operationwe mustensurethatall cutsremainingin the
new cut setareK -feasible.We achieve this by modifying the
BDD AND operationto remove cubeswith morethanK  liter-
als. Thisrecursve algorithmis illustratedin Fig. 7. Noticethat

Hf zi BDDANDPRUNE(fx; fy; K;n)
1 if ISCONSTANT(fx) AND ISCONSTANT(fy)

2 return hfx ANDfy i

3 b GETTOPVAR(fx;fy)

4 fn, BDDANDPRUNE(fx (b = 0);fy(b= 0);K;n)
5 ifn K

6 fp, ~ BDDANDPRUNE(fx (b = 1);fy(b= 1);K;n + 1)
7 else

8

9

fpb 0
return hCREATEBDD(b; fn,; fpy)i

Fig. 7. High-level overvien of BDD AND operatiorwith pruningfor K .

the only differencein this algorithmcomparedo therecursve
de nition of aBDD AND operatioris thecheckin line 5. It is
recommendethatthosenotexperiencedvith BDD operations
pleasereferto [12, 13]. The algorithmstartsoff by checking
thetrivial casewherebothBDD cut setsareconstanfunctions
(line 1). If notthetrivial casethetop mostvariableof bothcut
setsis retrieved(line 3). Thisis followed by recursve callsto
nd the negative and positive cofactorsof the new cut setf,
(line 4-6). Whenconstructingthe positive cofactor we make
surethatthenumberof positive edgesseenis lessthanor equal
toK (line 5-8). If not,we pruneoutall cubesthatform dueto
thatbranchin the BDD. This works sinceour cut sets,f, and
fy, only containpositive literalsandn is initialized to zeroin
the rst call to BDDANDPRUNE. Thus,we canassumen is
equivalentto the size of the cubein the currentbranchof the
BDD. Finally, we join thecofactorsandform anew cutsetand
return(line 9).

Fig. 8 is asimpli ed algorithmto nd theminimumcostcut
fromourBDD cutset.In MINCUTCOSTRECUR, theminimum
costecut, cmin , andits cost,cost, from thecutsetf  is returned.
Noticethatcmin is returnedasa cubewhereeachpositive lit-
eralin thecuberepresentafaninnodeto thecut. Lines1-4are
thetrivial casesvhenatrivial cut(line 1) or invalid cut (line 3)
is encounteredlf the cut setis notanemptyset,the algorithm

< Cmin ;cost > MinCutCostRecur(fy)
1 iffy 1

2 return< 1;0 >

3 elseiffy O

4 return< ; >

5 if VisiTeED(fv)

6 return < fy;cost >

7 b ToprVAR(fv)
8 < CNpin ;COSty >
9 < CPmin ;COStp >

MINCUTCOSTRECUR(fy (b= 0))
MINCUTCOSTRECUR(fy (b= 1))

10 costy  costp + GETNODECOST(h)
11 if costy < costp

12 return < CNpyjn ; COSty >

13 else

14 fx BDDAND(CPmin ;b)

15 return < fy; costp >

Fig. 8. Find the minimumcostcutin agivencutset.

checksif this cut sethasbeenvisited already andif so, re-
turnsthe cachednformation(line 6-7). This steppreventsthe
needto explicitly enumeratall cutsanddramaticallyreduces
theruntime. If not visited, the algorithmrecursvely nds the
minimum costcut for the positive andnegative cofactors(line
8-10) andreturnsthe cuberepresentinghe minimum costcut
(althoughnot shavn, thealgorithmshouldalsocheckif thecut
is avalid cut).

IV. COVERING PROBLEM APPLIED TO ELIMINATION

Applying the covering problemto eliminationallows usto
treateliminationasaglobaloptimizationproblemandcandra-
maticallyreducetheruntimeof eliminationin BDD basedsyn-
thesisengines.As illustratedin Fig. 1, the covering problem
attemptsto cover a given graphwith a setof conessuchthat
the coveringminimizesa costmetric. A commonframenork
to solve the covering problemis describedin [2] andis not
describechere.Whenappliedto elimination,eachcoveris col-
lapsedinto a singlenodeto remove ary redundanciesSince
eachcover is fairly large (up to 10 inputs), without our scal-
able cut generationapproach applying the covering problem
to eliminationwould not be practical.

V. RESULTS
TABLE |
DETAILED COMPARISON OF BDDCUT CUT GENERATION TIME AGAINST
ABC.
K =8 (sec) K =9 (sec) K =10(sec)

Circuit BddCut | ABC | BddCut | ABC | BddCut [ ABC
C6288 25 14.5 9.9 150.1 41.9 1758.4
des 9.1 10.7 74.7 105.2 | 828.4 | 1126.5
i10 2.8 6.1 11.4 57.2 50.8 581.1
b20 42.0 73.5 200.3 | 889.9 | 895.6 n/a
b21 44.0 80.3 205.2 | 942.8 | 920.2 n/a
b22 1 41.2 84.3 180.5 | 924.3 | 766.6 n/a
s$15850.1 1.0 7.6 4.1 16.6 17.9 192.7
s38417 4.3 6.2 14.2 58.1 48.0 536.8
s4863 1.5 5.0 6.5 50.7 30.8 555.6
s6669 1.2 3.5 59 32.6 31.6 2954
Ratio

Geomean 2.5x 4.9x 10x

We evaluatethe proposednethodin two aspectsSinceBd-



dCut canbe pluggedinto ary iterative technologymapperto
generateutsandachieveexactlythe sameareaanddelay, our
rst evaluationfocuseson its scalabilityagainsttwo represen-
tative, state-of-the-anmappersiMap, oneof the earliestmap-
persto usean iterative stratgly; and ABC, the mostrecently
reportediterative mapperthat employs a scalablecut genera-
tion algorithm. Our seconcevaluationattemptsto measurehe
bene ts of the proposedmethodunderthe context of a com-
pletelogic synthesiso w. To this end,we embedBddCutasa
replacemenbof the eliminationproceduren FBDD, andeval-
uateits impacton runtime and area. All of our experiments
wererun onaPentiumD 3.2 GHz machinewith 2GB of RAM.
We usedthe Somenzis CUDD BDD packagdg15] andapplied
our algorithmsto the MCNC [16] andIWLS [17] benchmark
(includesISCAS89,ITC, andseverallarge circuits) suite.

A. CutGeneration

To investigateour symbolicapproacho cut generationwe
comparehe cut generatiortime of BddCutagainsiMap's[2]
and ABC's [9] cut generatiortime. Note thatall technology
mapperswere setto generateall possiblecuts(i.e. no prun-
ing) andtherewasno sacri ce to solutionquality, hence nal
mappingresultsareomitted. Tablel shavs detailedresultsfor
selectcircuits, followed by Tablell andlll with summarized
resultsfor the entire ITC and ISCAS89benchmarksuite. In
caseghat the technologymapperran out of memory the cir-
cuittime is markedasn/a.

TABLE I
dien CUT GENERATION TIMES. IMAP COULD NOT
BE RUN FORK 8.

AVERAGE RATIO OF

Benhimark | K=6 | K=7
ITC 27.8x | 46.5x
ISCAS89 12.2x | 26.5x
TABLE Il
AB C
AVERAGE RATIO OF g'qic i CUT GENERATION TIMES.
Bendmark | K =6 K=7 | K=8 | K=9 | K=10
ITC 0.512x | 1.07x | 1.77x | 4.25x | 11.2x
ISCAS89 0.781 | 1.08x | 1.59x | 2.39x | 4.87x

Theresultsin the previoustableclearly indicatethatdueto
subcutsharingand redundantcut removal, our symbolic ap-
proachscalesbetterthan traditional techniqueswvhere IMap
is morethanan order of magnitudeslowver. Whencompared
againstABC, our techniquescalesmuchbetterwhereour av-
eragespeedupmprovesasK getslarger. Also, for K =10, be-
causeABC doesnot shareary subcutsjt runsout of memory
for a few of the larger benchmarlcircuits. Fortunately ABC
supportscutdroppingwhich hasprovento reducethe memory
usageby severalfold, but, from our experience cut dropping
increaseghe cut computationtime so we did not turn on this
feature. For example,with cut droppingenabled, ABC took
morethan12 hoursto generatelO-inputcutsfor circuit b20,
whereaBddCuttakeslessthan15 minutes.

Although ABC outperformsBddCutfor smallcut sizes the
longest6-input cut generationtime in BddCut was 2.8 sec-
onds. For small cut sizes,the overheadn storingand gener
ating BDDs is notamortizedvhengeneratingut setssymbol-

ically, thusABC is still the betterapproactfor smallervalues
of K. Theexceptionto thistrendoccursfor circuitswith ahigh
degreeof recorvergencesuchasfor circuit C6288 (C6288 is
a multiplier). For thesecircuits, our relative speedups much
largerfor all valuesof K becauseecorvergentpathsdramat-
ically increasehe numberof cut duplicationsin corventional
cutgeneratiormethods.

Oneconcernonecould raisewith our symbolicapproachs
the effect of BDD representatiomnf cutson the cache. Since
the CUDD packageepresent8DDs asa setof pointers,the
nodesin eachBDD may potentially be scatteredhroughout
memory Thus,arny BDD traversalwould leadto cachethrash-
ing, which would dramaticallyhurt the performancef our al-
gorithm. However, CUDD allocatesBDD nodesfrom a con-
tinuousmemorypoolleadingto BDDsthatexhibit goodspatial
locality. Ourcompetitive resultssupporthis claimandindicate
thatgoodcachebehaiour is maintainedvith CUDD.

B. Elimination
B.1 Areaand Runtime Impact

After ensuringour symboliccutgeneratiorapproactsuitedour
needsfor elimination, we evaluatedour elimination scheme
againsgreedybaseckliminationschemesTo comparehetwo
approachesye replacedhe folded eliminationstepin FBDD
with our covering-baseckliminationalgorithmand compared
both the areaand runtime of the original FBDD o w against
our new ow. As mentionedin sectionC, logic folding has
a huge impact on runtime where it has beenshavn to re-
ducethe numberof elimination operationsby 60% on aver
age. Thus, comparingagainstthe folded versionof elimina-
tion hasmuch morevalue. We also compareagainstSIS for
a commonreferencepoint. For easeof readability we will
refer to our ow which usescovering-basecelimination as
FBDDnew. Startingwith unoptimizedbenchmarkcircuits,
we optimizedthe circuits with FBD Dew , FBDD, and SIS.
To compareheir arearesults we technologymappedur opti-
mizedcircuitsto two technologiesthe SISstandarcaell library
(map [3] and4-LUTsusingthetechnologymappingalgorithm
describedn [2]. Whenoptimizingthe circuitsin SIS,we used
script:r ugged [3]. TablelV illustratesdetailedresultsfor a
few benchmarlcircuits. ColumnCircuit lists the circuit name,
columnTimeliststhetotal runtimein seconds¢olumnStdCell
lists the standardcell areawhenmappedo SIS' default stan-
dard cell library, and column 4-LUT lists the 4-LUT count.
Note a few circuits causedSIS to run out of memoryandare
markedasn/a. The nal row lists the geometricmeanof the
ratiowhencomparedagainst-B DD ey -

For the circuits shavn in TablelV, our new o w is signi -
cantly fasterthanthe original FBDD with an averagespeedup
of over 5x andan orderof magnitudespeedupover SIS. The
resultsalsoshaw thatthis speedugcomeswith no areapenalty

We alsoexploredthe effect of themaximumcut sizeusedin
oureliminationalgorithmonruntimeandareawherewe varied
the cut sizefrom 4 to 10. Thisis shavn in TableV wherewe
appliedour nev o w to the entire ITC benchmarksandtake
thegeometrioneanratio of the FBDD resultoverFBD D ey .
ColumnK lists the cut sizeusedin FBD D ey, Whengener
ating resynthesisegions, column Time is the time ratio, col-
umnStdCellis the nal standardtell arearatio,andcolumn4-



TABLE IV
DETAILED COMPARISON OF AREA AND RUNTIME OF FBD D new AGAINST FBDD AND SISFORK = 8.

Time (sec) StdCell Area 4-LUT Area
Circuit F BD D new FBDD SIS FBDD new FBDD SIS F BD D new FBDD SIS
s38417 1.9 7.2 58.0 15992 15711 18617 3560 3559 4052
s38584 3.0 13.7 3927.3 17388 17783 16846 4289 4152 4174
$35932 3.9 4.1 n/a 18630 17806 n/a 3264 3360 n/a
s15850 0.8 9.1 68.8 5707 5605 5735 1282 1270 1329
b20 5.5 44.8 154.5 20280 20002 20776 4514 4324 4773
b22 1 6.2 384 202.4 26402 29725 25265 5788 6505 5664
b17 8.9 102.8 583.1 44355 41115 46701 10722 9896 11574
systemcdes 3.1 11.3 123.1 5582 5683 5276 1152 1207 1143
vga cd 38.9 585.2 n/a 18435 178033 n/a 40680 40676 n/a
wb_conmax 18.6 104.2 1313.5 76719 82514 77329 19135 19479 19726
Ratio Geomean 5.7x 70x 1.00 1.01 1.00 1.03
LUT is the nal 4-LUT arearatio. Eachratio columnis given REFERENCES

abenchmarkeadingindicatingthe benchmarlsuiteused.As

TABLE V
COMPARISON OF AREA AND RUNTIME OF FBDD AGAINSTF B D D pew
FOR VARIOUS VALUES OF K ON THE ITC BENCHMARKS.

K Time | StdCell | 4-LUT
4 12.4x 0.978 1.001
6 8.76x 1.00 1.00
8 6.16x | 0.995 1.00
10 2.55x 1.02 0.991

TableV shaows, it appearghat usinga cut size of 4 or 6 has
a substantiaspeedumf morethan 10x in mary cases;how-
ever, this comeswith anareapenalty particularlyin the IWLS
benchmarksThis impliesthatthe eliminationregionscreated
with thesecut sizesare too small and doesnot capturelarge
enoughresynthesisegionsin a singlecone. In contrasta cut
sizeof 8 still maintainsa signi cant averagespeedumf more
than6x for all benchmarksvith negligible impacton the nal
areawhencomparedo theoriginal FBDD.

V1. CONCLUSION AND FUTURE WORK

In this paper we have introduceda scalablesymbolic ap-
proachto cut generationusing BDDs. We have shavn that
using BDDs to generateand store cut setsfor K -LUT tech-
nology mappershasa signi cant speedupn termsof runtime
when comparedagainstcurrentmethodsand thusis scalable
to large cut sizes. As aresult,we have beenableto apply the
covering problemto eliminationand we have shovn that our
approachis competitve with currentsynthesigoolsin terms
of bothareaandruntimewherewe geta morethan6x speedup
with no areapenaltywhenappliedto FBDD andan order of
magnitudespeedupver SIS.

As an additional step, we would like to explore resynthe-
sis region identi cation for timing driven synthesisusing our
cover-basecelimination. The hopeis thatwe could adaptthe
eliminationalgorithmto optimizefor circuit delay ratherthan
solely optimizefor area.In conclusionwe have founda scal-
ableapproacho cut generatiorandasa resulthave found an
interestingand useful applicationof the covering problemto
synthesiglimination.
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