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Abstract— While the covering algorithm has been perfected
recentlyby the iterati ve approaches,suchasDAOmap and IMap,
its application hasbeenlimited to technologymapping. The main
factor preventing the covering problem's migration to other logic
transformations, suchaselimination and resynthesisregioniden-
ti�cation found in SIS and FBDD, is the exponential number of
alternative cuts that have to be evaluated. Traditional methods
of cut generation do 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 magnitudeand, as
a result, scalesto 100K gate benchmarks. As a practical dri ver,
the covering problemapplied to elimination is shown where it 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 SISand commercial toolswith negligible
impact on area.

I . INTRODUCTION

In CAD, the network covering problemhasbeensuccess-
fully leveragedby technologymappingfor K -LUTs to produce
extremelygoodsolutionsin termsof areaanddelay[1, 2]. The
coveringproblemattemptsto �nd asetof conesto coveranet-
work suchthat a givenoptimizationgoal is satis�ed. For ex-
ample,whenappliedto K -LUT technologymapping,thecov-
eringproblemattemptsto minimizethenumberof conesin its
solution to reduceareaof the LUT network. This processis
illustratedin Fig. 1.
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Fig. 1. Treatingtechnologymappingasacoveringproblem.(a) Initial
network. (b) Possiblecovering. (c) Final mappingto LUTs.

Oneimportantstepduring thecoveringproblemis thegen-

erationof all cuts in the network that areusedto derive a set
of conesto cover the network. The cut generationstepis the
primarybottleneckof thecoveringproblemandhaslimited the
applicationof the coveringproblemframework to technology
mappingfor K -LUTs with small valuesof K (4 or 5), even
thoughmany other problemsin CAD can be representedas
a covering problem. Onesuchproblemis elimination [3, 4],
which is foundin gate-level synthesis.

Elimination[3, 4] is oneof the�rst areaoptimizationsin the
synthesis�o w thatcollapsesredundantnodesinto their transi-
tive fanouts.Nodesareconsideredredundantif their removal
throughresynthesisoperationsdoesnot changethefunctional-
ity of thecircuit. Eliminationalsode�nesregionsfor succeed-
ing logic optimizationsto beappliedon sincecollapsednodes
form large resynthesisregions. Currentmethodsfor elimina-
tion rely on trial-and-errorto de�ne resynthesisregionsand,
hence,will not scaleas circuits reachand surpassthe 100K
gatemark. In particular, in a binary decisiondiagram(BDD)
basedsynthesisenginecalledFBDD, wherelogic transforma-
tionswerespedupsigni�cantly [4], eliminationemergedasthe
primarybottleneckfor scalabilityandhasbeenreportedto take
up to 70%of theruntime[4]. Beingableto solve elimination
asa coveringproblemwould treateliminationasa globalop-
timization problemratherthan a greedybasedheuristicand,
moreimportantly, dramaticallyreducetheruntimeof theelim-
ination step. However, sinceeachelimination region is rela-
tively large (8 or more inputs),migrating the covering prob-
lemto eliminationis not feasibledueto theexponentiallylarge
numberof cutsthatneedto begeneratedandstored.Thus,for
applicationsthatrequirelargevaluesof K , traditionalmethods
for cutgenerationcannotbeused.

As a solution, we proposea novel scalablesymbolic cut
generationmethodusingBDDs that,unlike previousmethods,
scalesto cutsizesof up to 10without theneedof pruning.The
primarybene�ts of our symbolicapproacharesummarizedas
follows:

� Subcutsaresharedbetweenlargercutsanddonot needto beduplicated
in differentcut sets.This dramaticallyreducestime to producecutsand
thestoragerequirementsto hold cutsets.

� Subcutsharingallows cuts to be evaluatedsimultaneously. This in-
creasesef�ciency by removing the needto evaluateall cuts indepen-
dently.

� Redundantcutsareautomaticallyremovedfrom thecutsetwhichfurther
reducesthecomplexity to generatecuts.

We will show that our symbolic cut generationmethodis
morethan20xfasterthantraditionalcutgenerationtechniques.
Also, wewill show thatourapproachscalesbetterthancurrent



cut generationmethodsfound in ABC, the fastesttechnology
mapperreportedrecently. As a result,we cangeneratelarge
cut sizessizesup to 10 andcansuccessfullyapply the cover-
ing problemto eliminationin FBDD: a BDD basedsynthesis
enginethathasbeenshown to produceanorderof magnitude
speedupover SIS [4] with little impact to area. As a conse-
quenceof replacingeliminationin FBDD with ourcover-based
eliminationalgorithm,we get an average6x speedupin total
runtimewith no penaltyto areawhentechnologymappedto
standardcellsor 4-LUTs.

The rest of the paperis organizedas follows: sectionII
discussesthe cut generationin more detail alongwith previ-
ous work; sectionIII describesour symbolic cut generation
method;sectionIV describesourcover-basedelimination;sec-
tion V shows theresultsof our approach;andsectionVI con-
cludeswith abrief summaryof ourwork andfuturedirections.

I I . BACKGROUND AND PREVIOUS WORK

A. Terminology

A circuit, asa DAG G = (V; E), representsfunctions,pri-
maryinputsandoutputs(PIs,POs)asnodes,u 2 G(V ). Each
directededge,e 2 G(E), with head,u = head(e), and tail
v = tail (e), representsa signaloutputfrom nodev andenter-
ing nodeu. A cone, Cv , rootedat nodev is a subgraphin a
circuit whereall nodes,u, in Cv haveapathfrom u to v. Addi-
tionally, if Cv is foundin the�nal coverof amappingsolution,
therootnodev is known to bevisible. For example,in Fig. 1b,
thebottomright cover formsaconeandtheOR-gateis thevis-
ible root nodeof the cone. The faninsof a cone(node)are
thesetof nodesfeedingthecone(node)andfanoutsof a cone
(node)are the nodesfed by the cone(node). PIs are nodes
with no faninsandPOsarenodeswith no fanouts. A fanout
freecone(FFC),Cv , is aconethathasa fanoutonly at theroot
nodev, suchastheconesin Fig.1b. A maximumFFC(MFFC)
of nodev is the largestpossibleFFCrootedat v. Thecut of a
coneCv is the setof conefanin nodes,u 2 f anin (Cv ), and
thecut size,kf anin (Cv )k, of a coneis known asthenumber
of distinctnodesfeedingthecone.For example,looking at the
bottomright conein Fig. 1b, the nodesfeedingthe NOT-gate
andAND-gatearetheconefaninsandalsoform thecut for the
conewith a cut sizeof 2. A coneis derivedfrom a cut by tak-
ing thesubgraphrootedatasinglenodewhosefaninnodesare
identicalto thecutnodes.A cone(cut) is thoughtasK -feasible
if it hasK or lessdistinct faninnodes(cut nodes).Traversing
a graphin topological order implies a node's faninswill be
visitedbeforeitself.
B. Cut Generation

Oneof the �rst works to usecut generationwaspresented
in [5]. Here,theauthorsde�ne thesetrelationto generateall
K -feasiblecutsshown in Equation1. For a detailedexplana-
tion of Equation1, pleaserefer to [5]. This contrastswith in-
crementalcutgenerationmethodsbasedonnetwork �o w [6, 7]
andhasprovento bemuchfaster.

�( v) = f cu � cw j cu 2 ff ug [ �( u)ju 2 f anin (v)g; (1)

cw 2 ff wg [ �( w)jw 2 f anin (v)g; u 6= w; kcu � cw k � K g

In Equation1, �( v) representsthe cut set for nodev; f ug
representthe trivial cut (containsu only); cu representsa cut

from thecutsetff ug [ �( u)g; and�( u) representsthecutset
for faninnodeu. Traditionalmethodsgeneratecutsby visiting
eachnodein topologicalorder from PIs to POsandmerging
cut setsasde�ned by Equation1. Two cut setsaremergedby
performinga concatenation(cu � cw ) of all cutsfoundin each
fanincut set,andremoving any newly formedcutsthatareno
longerK -feasible(kcu � cw k � K ). Generatingcutsthis way
is not scalableto largecut sizes(K � 6) andfor circuitscon-
taining a large degreeof reconvergentpaths.For example,in
IMap [2], whichutilizesa populartechnologymappingframe-
work, cut generationtakesmorethan99% of the runtimefor
K = 7. In [8], theauthorsaddressthis problemby selectively
pruningcutsthatthey deemto bewasteful.However, for large
cut sizes,pruningtendsto remove too many cutsthatmaybe
valuablein the�nal mappingsolution.
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Fig. 2. Exampleof two cutsin a netlistwherec2 dominatesc1 .

A side effect of Equation1 is the generationof redundant
cuts. A cut, c2, is redundantif it completelycontainsall the
input nodesof anothercut, c1, in which casec2 is known asa
dominatorcut. Fig. 2 illustratesthis relation. Thesecutscan
be removedbecausethey will not affect the �nal quality of a
mappingsolution. In ABC [9], theauthorsaddressthis 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 currentlythefastestLUT technologymapperavailable
with competitive depthandarearesults. However, even with
its clever heuristics,ABC cut generationtime slows down sig-
ni�cantly for cutssizesof 8 or larger. Although this is not a
problemfor commercialFPGAsthatrestricttheir LUT sizeto
6 or less[10], migratingthe covering problemto elimination
requiresa morescalablecut generationsolution.

C. FBDD

As statedpreviously, theprimarymotivationof solvingelim-
inationasacoveringproblemis to removetheeliminationbot-
tleneckexperiencedby FBDD [4]. FBDD is BDD basedsyn-
thesisengine[11] which hasproven to be an order of mag-
nitudefasterthanSIS with competitive arearesults. Remov-
ing theeliminationbottleneckwill furtherincreasethespeedup
experiencedby FBDD. FBDD currentlyadoptsanelimination
schemesimilarto SIS.In FBDD elimination,regionsaregrown
from a given seednodewhereits faninsaresuccessively col-
lapsedinto thenodein a greedyfashion.If thenew logic rep-
resentationsimpli�es after thecollapseoperation,thecollapse
is committedinto thenetlist,otherwisethecollapseis undone.
Thisgreedyapproachto eliminationin FBDD is veryslow and
asaresult,eliminationin FBDD takesupmorethan70%of the



runtime. As we show later, we solve this problemby treating
eliminationasacoveringproblemwhichresultsin asigni�cant
speedupin FBDD with nosacri�ce to area.

I I I . SCALABLE SYMBOLIC CUT GENERATION

Beforewecantreateliminationin FBDD asacoveringprob-
lem,ascalablecutgenerationapproachis required.Traditional
methodsfor cut generationcannotbeusedasthey donot scale
to cutsizesof 6 or morewithoutpruning[8]. Wewantto avoid
pruningsincethismayremovevaluablecuts,particularlywhen
K becomeslarge (8 to 10). As describedin Equation1, cuts
aregeneratedby concatenatingsubcutsin every possibleway.
This is extremelyinef�cient sincesubcutsareduplicatedevery
time they areusedto generatea new cut. Our symbolic ap-
proachsolvesthis problemby sharingsubcutsbetweenlarger
cuts. Referringback to our original cut expressionin Equa-
tion 1, we canrewrite ourequationin symbolicform.

f v = � u2 f anin (v) (u + f u ) (2)

Equation2 is very similar to the set relationshown in Equa-
tion 1; however, in contrastwith previous approaches,we
maintaincut setrepresentationsasa Booleanfunction, f v . In
our approach,we mapa uniqueBooleanvariableto eachnode
v foundin our netlistandrepresentcutsby theconjunctionof
thefaninnodevariables.Thus,ourcutsetf v will beaBoolean
expressionin SOPform whereeachcubewill representa cut.
To join cut sets,we usethe � operationthat canbe thought
as the logical AND of all clauses(u + f u ). Here, f u is the
Booleanfunction cut set representationfor fanin nodeu, and
u is the trivial cut. For example,considerFig. 3a. Here,each
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(a)Booleanexpressions (b) BDD representation

Fig. 3. Symbolicrepresentationof cutsets.

nodeis representedby aBooleanvariable.Also,noticethatthe
cut setf a is theconjunctionbetweentheclauses(c + f c) and
(b+ f b).

A problemwith usingcubesto representourcutsetis thatit
suffersfrom similarscalabilityproblemsastraditionalcutgen-
erationmethodssinceeachcut needsto be storedseparately
asa cubeandno subcutsharingoccurs. A solutionto this is
to representour cut setasa reducedorderbinarydecisiondi-
agram,which we will simply referasa BDD for convenience
(for adetaileddescriptionof theBDD datastructure,pleasere-
fer to [12, 13]). BDDs areDAGs which representa Boolean
functionwhereeachnodein theDAG representsonevariable.
Nodeedgesrepresentpositive (1) or negative (0) assignments
to the variablewhereeachedgepoints to the associatedco-
factor. For example,referringbackto Fig. 3a, the BDD used

to representthe cut setf a is shown in Fig. 3b. Here,positive
edgesare representedby a solid line and negative edgesare
representedby a dottedline.

NoticethatrepresentingcutsetsasaBDD allowssubcutsto
besharedascofactors.Thus,subcutscanbereusedin express-
ing largercuts.For example,considerFig. 4. Noticethatin the
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Fig. 4. BDD representationof cutsc1 , c2 , andc3 .

BDD representation,thesubcutc1 = de is a positive cofactor
for variablec andg, andis sharedby two largercutsc3 = cde
andc2 = deg. Thus,insteadof requiring8 BDD nodesto store
cutsc1 to c3, only 4 BDD nodesarerequired.

Anotherbene�t of usingBDDs is that redundantcuts,such
asdominatorcuts,areautomaticallyremoved. For example,
considerFig.5acontainingthecutc1 andthedominatorcutc2.
As aBDD, c1 andc2 areshown in Fig.5b. SinceBDD nodec is
now redundant,it canberemovedasin Fig. 5cwhich removes
thedominatorcut c2. This exampleillustrateshow redundant
cutsareautomaticallyremovedin BDD representations.This,
alongwith thesubcutsharing,substantiallyreducestheruntime
andstoragerequirementsof cut generation.
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Fig. 5. BDD representationof cutsc1 andc3 .

A. SymbolicCutGenerationAlgorithm

Fig. 6 illustratesour cut generationalgorithm. First, the
netlist is sortedin topologicalorder(line 1). Next, thecut set
function,f v , for eachnodein thegraphis initialized to a con-
stant1 (emptiesthecut set)andis assigneda uniquevariable
for cut representation(line 2-5). Finally, for eachnode,v, its
cutsetis formedfollowing Equation2 (line 7-10).Whenform-
ing thecut setfor nodev, eachfaninnode,u = f anin (v), is
visited(line 7) anda temporarycutsetis formedby thelogical
ORof thetrivial cutu andits cutsetf u , ( f x = (u+ f u ), where
f x , u, andf u arerepresentedasBDDs ). Next, thetemporary
cutsetis conjoinedto thecutsetof v usingthelogicalAND op-
eration(line 9, f v = f v � f x .). Thismergesthecutsetsof all the



faninnodesto form new cuts. Whenforming largercutswith
the logical AND operation,it is possibleto form cuts larger
thanK , thusBDDANDPRUNE is alsoresponsiblefor pruning
cutsthatarenotK -feasible.

CutGeneration()
1 G  SORTt ()
2 foreachv 2 G
3 fv  1
4 bv  CREATENEWBDDVARIABLE()
5 end foreach
6 foreachv 2 G
7 foreachu 2 f anin (v)
8 fx  BDDOR(bu ; fu )
9 fv  BDDANDPRUNE(fv ; fx ; K )
10 end foreach
11 end foreach

Fig. 6. High-level overview of symboliccut generationalgorithm.

B. EnsuringK -FeasibilityandFindingMinimum CostCut

When conjoining two cut sets togetherusing the logical
AND operation,we mustensurethatall cutsremainingin the
new cut setareK -feasible.We achieve this by modifying the
BDD AND operationto removecubeswith morethanK liter-
als.This recursivealgorithmis illustratedin Fig. 7. Noticethat

hf z i BDDANDPRUNE(fx ; fy ; K ; n )
1 if ISCONSTANT(fx ) AND ISCONSTANT(fy )
2 return hfx ANDfy i
3 b  GETTOPVAR(fx ; fy )
4 fn b  BDDANDPRUNE(fx (b = 0); fy (b = 0); K ; n )
5 if n � K
6 fpb  BDDANDPRUNE(fx (b = 1); fy (b = 1); K ; n + 1)
7 else
8 fpb  0
9 return hCREATEBDD(b; fn b; fpb)i

Fig. 7. High-level overview of BDD AND operationwith pruningfor K .

theonly differencein this algorithmcomparedto therecursive
de�nition of aBDD AND operationis thecheckin line 5. It is
recommendedthatthosenotexperiencedwith BDD operations
pleaserefer to [12, 13]. The algorithmstartsoff by checking
thetrivial casewherebothBDD cutsetsareconstantfunctions
(line 1). If not thetrivial case,thetopmostvariableof bothcut
setsis retrieved(line 3). This is followedby recursive calls to
�nd the negative andpositive cofactorsof the new cut set f z

(line 4-6). Whenconstructingthe positive cofactor, we make
surethatthenumberof positiveedgesseenis lessthanor equal
to K (line 5-8). If not,we pruneoutall cubesthatform dueto
thatbranchin theBDD. This workssinceour cut sets,f x and
f y , only containpositive literalsandn is initialized to zeroin
the �rst call to BDDANDPRUNE. Thus,we canassumen is
equivalentto the sizeof the cubein the currentbranchof the
BDD. Finally, we join thecofactorsandform anew cutsetand
return(line 9).

Fig. 8 is asimpli�ed algorithmto �nd theminimumcostcut
from ourBDD cutset.In M INCUTCOSTRECUR, theminimum
costcut,cmin , andits cost,cost, from thecutsetf v is returned.
Noticethatcmin is returnedasa cubewhereeachpositive lit-
eralin thecuberepresentsafaninnodeto thecut. Lines1-4are
thetrivial caseswhenatrivial cut (line 1) or invalid cut (line 3)
is encountered.If thecut setis notanemptyset,thealgorithm

< cmin ; cost > MinCutCostRecur(f v )
1 if f v � 1
2 return < 1; 0 >
3 elseif f v � 0
4 return < �; � >
5 if V ISITED(f v )
6 return < f x ; cost >
7 b  TOPVAR(f v )
8 < cnmin ; costn >  M INCUTCOSTRECUR(f v (b = 0))
9 < cpmin ; costp >  M INCUTCOSTRECUR(f v (b = 1))
10 costp  costp + GETNODECOST(b)
11 if costn < costp
12 return < cnmin ; costn >
13 else
14 f x  BDDAND(cpmin ; b)
15 return < f x ; costp >

Fig. 8. Find theminimumcostcut in agivencut set.

checksif this cut set hasbeenvisited already, and if so, re-
turnsthecachedinformation(line 6-7). This steppreventsthe
needto explicitly enumerateall cutsanddramaticallyreduces
the runtime. If not visited, thealgorithmrecursively �nds the
minimumcostcut for thepositive andnegative cofactors(line
8-10)andreturnsthecuberepresentingtheminimumcostcut
(althoughnotshown, thealgorithmshouldalsocheckif thecut
is a valid cut).

IV. COVERING PROBLEM APPLIED TO ELIMINATION

Applying the coveringproblemto eliminationallows us to
treateliminationasaglobaloptimizationproblemandcandra-
maticallyreducetheruntimeof eliminationin BDD basedsyn-
thesisengines.As illustratedin Fig. 1, the coveringproblem
attemptsto cover a given graphwith a setof conessuchthat
the coveringminimizesa costmetric. A commonframework
to solve the covering problemis describedin [2] and is not
describedhere.Whenappliedto elimination,eachcoveris col-
lapsedinto a singlenodeto remove any redundancies.Since
eachcover is fairly large (up to 10 inputs),without our scal-
ablecut generationapproach,applying the covering problem
to eliminationwould notbepractical.

V. RESULTS

TABLE I
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 2.5 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
s15850.1 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 5.9 32.6 31.6 295.4
Ratio
Geomean 2.5x 4.9x 10x

We evaluatetheproposedmethodin two aspects.SinceBd-



dCut canbe pluggedinto any iterative technologymapperto
generatecutsandachieveexactlythesameareaanddelay, our
�rst evaluationfocuseson its scalabilityagainsttwo represen-
tative,state-of-the-artmappers:IMap, oneof theearliestmap-
persto usean iterative strategy; andABC, the most recently
reportediterative mapperthat employs a scalablecut genera-
tion algorithm.Our secondevaluationattemptsto measurethe
bene�ts of the proposedmethodunderthe context of a com-
pletelogic synthesis�o w. To this end,we embedBddCutasa
replacementof theeliminationprocedurein FBDD, andeval-
uateits impacton runtimeandarea. All of our experiments
wererunonaPentiumD 3.2GHzmachinewith 2GBof RAM.
We usedtheSomenzi'sCUDD BDD package[15] andapplied
our algorithmsto theMCNC [16] andIWLS [17] benchmark
(includesISCAS89,ITC, andseverallargecircuits)suite.

A. CutGeneration

To investigateour symbolicapproachto cut generation,we
comparethecut generationtime of BddCutagainstIMap's [2]
andABC's [9] cut generationtime. Note that all technology
mapperswereset to generateall possiblecuts (i.e. no prun-
ing) andtherewasno sacri�ce to solutionquality, hence�nal
mappingresultsareomitted.TableI showsdetailedresultsfor
selectcircuits, followed by TableII andIII with summarized
resultsfor the entire ITC andISCAS89benchmarksuite. In
casesthat the technologymapperran out of memory, the cir-
cuit time is markedasn/a.

TABLE II
AVERAGE RATIO OF

I M ap
B ddC ut CUT GENERATION TIMES. IMAP COULD NOT

BE RUN FOR K � 8.

Benchmark K =6 K =7
ITC 27.8x 46.5x
ISCAS89 12.2x 26.5x

TABLE III
AVERAGE RATIO OF AB C

B ddC ut CUT GENERATION TIMES.

Benchmark 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 theprevioustableclearly indicatethatdueto
subcutsharingand redundantcut removal, our symbolic ap-
proachscalesbetter than traditional techniqueswhere IMap
is morethanan orderof magnitudeslower. Whencompared
againstABC, our techniquescalesmuchbetterwhereour av-
eragespeedupimprovesasK getslarger. Also, for K =10,be-
causeABC doesnot shareany subcuts,it runsout of memory
for a few of the larger benchmarkcircuits. Fortunately, ABC
supportscutdroppingwhichhasprovento reducethememory
usageby several fold, but, from our experience,cut dropping
increasesthe cut computationtime so we did not turn on this
feature. For example,with cut droppingenabled,ABC took
morethan12 hoursto generate10-inputcutsfor circuit b20 ,
whereasBddCuttakeslessthan15minutes.

AlthoughABC outperformsBddCutfor smallcut sizes,the
longest6-input cut generationtime in BddCut was 2.8 sec-
onds. For small cut sizes,the overheadin storingandgener-
atingBDDs is notamortizedwhengeneratingcutsetssymbol-

ically, thusABC is still thebetterapproachfor smallervalues
of K . Theexceptionto thistrendoccursfor circuitswith ahigh
degreeof reconvergencesuchasfor circuit C6288 (C6288 is
a multiplier). For thesecircuits, our relative speedupis much
larger for all valuesof K becausereconvergentpathsdramat-
ically increasethenumberof cut duplicationsin conventional
cutgenerationmethods.

Oneconcernonecouldraisewith our symbolicapproachis
the effect of BDD representationof cutson the cache.Since
the CUDD packagerepresentsBDDs asa setof pointers,the
nodesin eachBDD may potentially be scatteredthroughout
memory. Thus,any BDD traversalwould leadto cachethrash-
ing, which would dramaticallyhurt theperformanceof our al-
gorithm. However, CUDD allocatesBDD nodesfrom a con-
tinuousmemorypool leadingto BDDsthatexhibit goodspatial
locality. Ourcompetitiveresultssupportthisclaimandindicate
thatgoodcachebehaviour is maintainedwith CUDD.

B. Elimination

B.1 Ar eaand Runtime Impact

After ensuringoursymboliccutgenerationapproachsuitedour
needsfor elimination, we evaluatedour elimination scheme
againstgreedybasedeliminationschemes.To comparethetwo
approaches,we replacedthe foldedeliminationstepin FBDD
with our covering-basedeliminationalgorithmandcompared
both the areaandruntimeof the original FBDD �o w against
our new �o w. As mentionedin sectionC, logic folding has
a huge impact on runtime where it has beenshown to re-
ducethe numberof elimination operationsby 60% on aver-
age. Thus,comparingagainstthe folded versionof elimina-
tion hasmuchmorevalue. We alsocompareagainstSIS for
a commonreferencepoint. For easeof readability, we will
refer to our �o w which usescovering-basedelimination as
F B DDnew . Startingwith unoptimizedbenchmarkcircuits,
we optimizedthe circuits with F B DD new , FBDD, andSIS.
To comparetheir arearesults,we technologymappedouropti-
mizedcircuitsto two technologies:theSISstandardcell library
(map) [3] and4-LUTsusingthetechnologymappingalgorithm
describedin [2]. Whenoptimizingthecircuitsin SIS,we used
script:r ugged [3]. Table IV illustratesdetailedresultsfor a
few benchmarkcircuits.ColumnCircuit lists thecircuit name,
columnTimelists thetotal runtimein seconds,columnStdCell
lists thestandardcell areawhenmappedto 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
marked asn/a. The �nal row lists the geometricmeanof the
ratiowhencomparedagainstF B DD new .

For thecircuits shown in TableIV, our new �o w is signi�-
cantly fasterthantheoriginal FBDD with anaveragespeedup
of over 5x andan orderof magnitudespeedupover SIS.The
resultsalsoshow thatthisspeedupcomeswith noareapenalty.

Wealsoexploredtheeffectof themaximumcutsizeusedin
oureliminationalgorithmonruntimeandareawherewevaried
thecut sizefrom 4 to 10. This is shown in TableV wherewe
appliedour new �o w to the entire ITC benchmarksand take
thegeometricmeanratioof theFBDD resultoverF B DD new .
ColumnK lists the cut sizeusedin F B DD new whengener-
ating resynthesisregions,columnTime is the time ratio, col-
umnStdCell is the�nal standardcell arearatio,andcolumn4-



TABLE IV
DETAILED COMPARISON OF AREA AND RUNTIME OF F B D D new AGAINST FBDD AND SIS FOR K = 8.

Time(sec) StdCell Area 4-LUT Area
Circuit F B D D new FBDD SIS F B D D new FBDD SIS F B D 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
s35932 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 38.4 202.4 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 lcd 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
a benchmarkheadingindicatingthebenchmarksuiteused.As

TABLE V
COMPARISON OF AREA AND RUNTIME OF FBDD AGAINST F B D D new

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 shows, it appearsthat usinga cut sizeof 4 or 6 has
a substantialspeedupof morethan10x in many cases;how-
ever, this comeswith anareapenalty, particularlyin theIWLS
benchmarks.This implies that theeliminationregionscreated
with thesecut sizesare too small anddoesnot capturelarge
enoughresynthesisregionsin a singlecone. In contrast,a cut
sizeof 8 still maintainsa signi�cant averagespeedupof more
than6x for all benchmarkswith negligible impacton the�nal
areawhencomparedto theoriginalFBDD.

VI . CONCLUSION AND FUTURE WORK

In this paper, we have introduceda scalablesymbolic ap-
proachto cut generationusing BDDs. We have shown that
using BDDs to generateand storecut setsfor K -LUT tech-
nologymappershasa signi�cant speedupin termsof runtime
whencomparedagainstcurrentmethodsand thus is scalable
to largecut sizes.As a result,we have beenableto apply the
covering problemto eliminationandwe have shown that our
approachis competitive with currentsynthesistools in terms
of bothareaandruntimewherewegetamorethan6x speedup
with no areapenaltywhenappliedto FBDD andan orderof
magnitudespeedupoverSIS.

As an additionalstep,we would like to explore resynthe-
sis region identi�cation for timing driven synthesisusingour
cover-basedelimination. The hopeis thatwe could adaptthe
eliminationalgorithmto optimizefor circuit delay, ratherthan
solelyoptimizefor area.In conclusion,we have founda scal-
ableapproachto cut generationandasa resulthave found an
interestingandusefulapplicationof the covering problemto
synthesiselimination.
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