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ABSTRACT

We apply recentlyintroducedconstructve multi-level synthesisn

the resynthesidoop tamgeting corvergenceof industrial designs.
The incrementalability of the resynthesisapproachallows more
predictablecircuit implementationswhile allowing their aggres-
sive optimization. The approachs basedon a very generalsym-
bolic decomposition template for logic synthesis that uses
information-theoreticapropertiesof a functionto infer its decom-
positionpatterngratherthanmore corventionalmeasuresuchas
literal counts).Using this templatethe decompositioris donein a
Booleandomainunrestrictedby the representatiomf a function,
enabling superior implementationchoicesdriven by additional
technologicakonstraintsThe symbolicoptimizationis appliedin

resynthesisof industrial circuits which have tight timing con-
straints yielding their much impved timing properties.

1 INTRODUCTION AND MOTIVATION

It is widely acknavledgedthat currentelectronicdesignautoma-
tion methodologiesnustbe evolved to handlethe challengesand
opportunitiesof finer-featuredfabricationprocessesThesemeth-
odologiesare fundamentallypremisedon the principle of sepaa-

tion of concerngn whichacomplex designflow is serializednto a

sequencef manageablstepsthatarelooselycoupled.in this sce-
nario, decisionsmadein the early stagesof designflow become
binding constraintson later stages.Such serializationpotentially
yields less optimal designsthan a methodologythat simulta-
neouslyconsidersll designaspectsThisis unavoidable however,

dueto the practicalinfeasibility of concurrentoptimizationof all

designparametersandis deemedacceptableaslong asthe con-
straintsthat are fed forward canbe met. The methodologybreaks
down, however, whentheseconstraintsbecomeunsatisfiablethe
typical action in such casesis an iteration that revisits earlier
design stages to change suspected problematic decisions.

Suchiteration hasbecomeparticularly necessanpetweenthe
logical and physical synthesisstepsdue to the inability of layout
synthesisto satisfy timing requirementsj.e. achieze timing clo-
sure. Several solutionsthat addresstheseissueswere proposed
recently In [2, 13], variousre-mappingechniquesreappliedasa
post-processingtepto reducethe power anddelayof critical cir-
cuit sectionslin [15] algebraiddivision is cleverly interleaved with
technologymappingto permit a wider, albeit still local, explora-
tion of the implementationspace.Approachesbasedon SPFDs
[23], which target the simplification of individual nodesbasedon
the flexibility thatarisesin their neighborhoodwere also studied
to improve the topology of optimized circuits.

In this paperwe adwcatean alternatve that lies betweenthe
two extremesof serializationand simultaneousoptimization of
thesetwo steps.Specifically we proposean aggressie optimiza-
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tion approachthat interleaves the technology-independerand

library binding stagesof logic synthesisto produceimplementa-
tionswith morepredictabldgiming propertieghatareeasierto sat-
isfy by the subsequentayout synthesisstep. To relatethesetwo

stagesmoreclosely we take a freshlook at functionaldecomposi-
tion andshav how it canbeusedto advantageousljink functional

and implementation structures in logic synthesis.

Functionaldecompositiorhasbeenstudiedby mary authors.
The original conceptawveredueto Ashenhurs{1], Curtis[9], and
Roth andKarp [17]. Theseearly investigationswere mostly con-
cernedwith the existenceof certaintypesof decompositiomather
thanwith the developmentof scalablesynthesisalgorithms.More
recently several authorshave re-visitedthis early work for appli-
cationin thedomainof FPGAsynthesi414, 16,19, 20, 26]. Prac-
tical general-purpossynthesisapproachedasedn fastalgebraic
division algorithms ,emepgedin the early eighties[5]. Theprimary
motivation for theseapproachesvas efficient decompositiorand
realizationof largerandomlogic functionsby a two-stageprocess:
technology-independentestructuringfollowed by binding to a
specifiedlibrary of primitive gates.This methodologyenjoyed a
greatdealof successndis incorporatedn mostcommercialsyn-
thesis tools in use today

Ourcontritutionis avery generasymbolicmodelof functional
decompositionwhich can be “solved” to determine feasible
decompositionsThis computationamodel extendsto accommo-
datethe practicalconstraintsof scalablesynthesisvithout encum-
bered derivations. We use this model to decomposefunctions
directly in termsof a small setof decompositiorprimitives that
correspondo thefunctionalcontentof cellsfrom atypical library
of semiconductotechnology Thetechnology-specifidecomposi-
tion stepsenableoptimizationchoicesto be madein the context of
accurate timing information while accounting for circuit area.

The predictable effects of such transformationsopen nen
improvement opportunitiesfor designsthat fail to meet their
requiredtiming or areaconstraintsallowing for aggressie correc-
tion of critical paths,or arearecovery of acircuit withoutintroduc-
ing new violations. The proposedsymbolicdecompositiormodel
hasbeendevelopedspecificallyfor this purpose andwe therefore
evaluateit in the resynthesis-baseaptimizationof industrial cir-
cuits. During the optimization, circuit regions are selecteditera-
tively andtheir functional representationis decomposedvith the
imposed constraintsand objectives targeting improved circuit
properties (either area or timing). We implement functional
decompositioriollowing thegenerahotionsintroducedn [11, 12]
but—usingthe theoreticalfoundationpresentedhere—areable to
significantly extend its optimization capability to handle real-
world designs.



Figure 1: Generic decomposition step

The paperis organizedasfollows. Section2 formally describes
the symbolic model for functional decomposition.To insureits
scalability the modelis modifiedin Section3 to accountfor typi-
cal technologicalconstraintsthat reflect existing semiconductor
technologies.The overall synthesisflow that usesthis model is
describedn Sectiond4. The approachis evaluatedexperimentally
in Section5 on publicly-available aswell asproprietaryindustrial
benchmarksSection6 concludesthe paperwith suggestionn
further extensions of this methodology

2 SYMBOLIC FORMULATION OF
DECOMPOSITION

In this sectionwe proposea symbolicmodelfor functionaldecom-
positionthat allows us to poseand answerseveral key questions
relatedto scalablesynthesisincludingthe existenceof adecompo-
sition, and the existenceof universal primitives that allow the
decomposition of certain classes of functions.

2.1 Generic Decomposition Template

Givenann-variableBooleanfunction /' (x), andk n-variableBool-
eanfunctionsg,(x), ..., g,(x) , we saythatf hasann-to-k decom-
positionwith respecto g,(x), ..., g,(x) if andonly if thereexists
ak-variable functiom: such that

F(x) = h(g1(x), ..., gx(x)) 1)

A pictorial representationf this decompositioriemplateis shavn

in Figurel; i will be referredto as the compositionfunction

whereasgy, ..., g; Will be called the decompositionfunctions.
Thesefunctionsintroduceintermediatevariables y,, ..., y, into

the network that sene asthe supportof the compositionfunction.
The decompositioris support-educingif k£ <. The k decompo-
sition functionscanbeviewedasa singlemulti-outputdecomposi-
tion function g(x) = (g4(x), ..., g4(x)), and the intermediate
variables can be represented by\ectory = (yy, ..., ;) .

The decompositiontemplatein (1) is sufiiciently generalto
encompassll typesof functionaldecompositiordescribedn the
literature,including simple and comple disjunctive and non-dis-
junctive decompositiong9]. As we shaw later, support-reducing
decompositionsn termsof fan-in boundeddecompositiorfunc-
tionsareparticularlyattractve from a practicalperspectie. Before
suchrestrictionsareimposedthough,we shav in theremaindeiof
this sectionthe relationsthat mustexist betweenthe composition
and decomposition functions for equation (1) to hold.

2.2 Computation of Composition Function
To determindf the decompositiorin (1) exists,we cansolve for £

in termsof g and/. The solution,in general,js not uniqgueandcan
be pressed as the follang function interal [6]:

H = [x(c(x, y) O (x)), Ox(c(x, y) + £ (x))] )

where ¢(x,y) = (y;=g,(x))... (¥, = g,(x)) is a function that
modelsthe constraintsntroducedby the decompositiorfunctions
andrepresenta care set Originally introducedby Cerry [8] asan
output characteristic function, it evaluatesto true for the set of
input-outputassignmentghat are consistentwith the functional
behaior of the circuit andto falseotherwise.In recentyearsout-
put characteristi¢dunctionshave beenusedto describehe flexibil-

ity thatarisesn designoptimization.ViewedasBooleanrelations,
Braytonand Somenzi 3] describechow they canbe usedto com-
pute the flexibility in optimizing hierarchicaldesigns.Savoj [18]

alsousedthe outputcharacteristidunction to describethe maxi-
mum fleibility in the optimization of Boolean netwks.

Note that when ¢(x,y) = 1, equation(2) simply reducesto
f(x); when ¢(x,y) = 0, on the other hand, the equation
becomesthe internval [0, 1] denotingan arbitrary function. The
existential and universal quantificationof x from the lower and
upperintenval boundseffectively “shrinks” theinterval, andcorre-
spondsto the removal of thesevariablesfrom the supportof h
making it a function of just the intermediatevariablesy (thus
reflecting the structure stvo in Figurel).

In generalwhenk = n it is alwayspossibleto find decomposi-
tion functionsthatwill make theinterval in (2) non-empty Suchis
not the casein the presenceof a fan-in boundon decomposition
functionsfor & < n ; it maynotbepossibleto find a support-reduc-
ing decompositiorin termsof fan-inboundeddecompositiorfiunc-
tions. In the examplesbelonv we illustrate how choicesof the
decompositionfunctions can effect the existenceof decomposi-
tion.

Example 1 Let f =x;0x,, g4 = x;, g = ¥;+X,, and
g3 = x,. Theinput-outputcharacteristi¢unctionof thesedecom-
position functions is:

c(xq, X, X3, y1, ¥2) = (1= x) Ly, =X+ %) Uy =)
Substituting in (2) we obtain the intalv
H = [y13203+ 1YoV P1V2 + Y1V + Fo¥s + ¥ovsl

which representssixteen possible decompositionsolutions. For
instancei; = y,y3+ vy, andh, = y,y,+ y,y5 aretwo func-
tions from this interval that satisfy the decompositiortemplatein
(1) as can be readilyevified by direct substitution. L]

Example 2 Letf = x;0x,0x3,8, =%, +%,,andg, = x3.
TheH intenal in this case is:

H = [y +y2 3155]

which is emptysinceits upperboundis lessthanits lower bound.
Thus,f'cannotbedecomposeth termsof the givendecomposition
functions.If, however, thefirst decompositiorfunctionis replaced
with g; = x; O x,, then (1) yields the follwing intenal:

H = [y,Uypy, 0]
representing the unique decomposition # = y, 0y, with
vy = x,0x, andy, = x5. L]

2.3 Computation of Decomposition Functions

Equation(2) canbe usedto computesetsof decompositiorfunc-
tionsthatwill guaranteehe existenceof a decompositioraccord-
ing to the templatein (1). To solve for the decomposition



functions,we begin by notingthatanarbitraryn-variableBoolean
function can be expressedn termsof 2" binary coeficientsthat
denotethe functionvalueat eachpointin its variablespace Thus,
we can gpressg ;(x) as:

2"-1

gj(x) = z Yij Uin,(x) (3)

i=0

where m;(x) is the mintermon x whosedecimalvalueis i and
y; 0{0, 1} is the value of g; correspondingo this minterm.
Usingl = [y,] todenotethe 2" x k matrix of coeficientsrepre-
sentingthe k decompositiorfunctions,the careset¢(x, y) canbe
re-written as:

k 2'-1
C(X, Y, r) = |_| |:yj = Z yfj Dni(x)i| (4)
i=0

j=1
A decompositiorexistsif andonly if theinterval (2) is non-empty
i.e., if its laver bound is less than or equal to its upper bound:
[k (c(x, y) Of (x)) < Ox(c(x, y) + £(x))
= [x(e(x, y) 07 (x)) + Ox(e(x, y) + f(x))

Substituting (4) in (5) and wersally quantifyingy yields

(®)

G(M) =Oy(x(C(x, y, M) O (x)) + Ox(C(x, y, ) + /(x))) (6)

which is a Booleanfunction thatencodesyia the I coeficients,
all feasible decomposition functiogs

Example 3 For f = x; 0x, x5, and assuminginvariance
undercomplementatiorof the decompositiorfunctions, applica-
tion of (6) yields 99 3-to-2 non-trivial decompositionsolutions.
This numbercanbefurtherreducedy discardingsolutionswhose
decompositionfunctions have redundantsignals. Some of the
more interesting solutions are:

Solution A Solution B Solution C
g1 = x0x, g1 = XXyt x X g1 = X%,
8> = X3 8o = XXzt XX, gr = Xyxp, U xg

Equation (6) expressesall the decompositionsolutionsfor a
given function /. To find the decompositiorsolutionsfor an arbi-
trary n-variablefunction £, we introducea vectorof 2" encoding
coeficients ® =[¢,] to expressthe universeof n-variablefunc-
tions as:

2"-1
F(x,®) = 3 ¢, 0n,(x) Y]

i=0
Notethatacompleteassignmento @ representaparticularcom-

pletely specifiedfunctionf; partialassignments ® denotefami-
lies of functions. Re-writing (6) in terms &f(x, ®) we obtain:

G(®,T) = Oy(x(C(x,y, ) F(x, D)) + )
Ox(C(x,y, )+ F(x, ®)))

which is a Booleanfunction thatencodesll feasibledecomposi-
tion functionsg for ary given functionf. We shav next how this

encodingunctioncanbe usedto derive acomputationaform suit-
able for lage-scale synthesis.

3 PRACTICAL CONSTRAINTS

As stated equation(8) is not usefulfor practicaldecompositionit
requires,in the worst case the constructionof a Booleancharac-
teristic function of 2" [{k + 1) encodingvariables The comple-
ity of this function can, however, be dramatically reducedby
imposingtechnologicatonstraintonthedecompositiodunctions
g(x) aswell asstructuralconstraintson the decompositiortem-
plate. Specifically we requirethat the supportof the decomposi-
tion functionsbe boundedy s, wheres is the maximumallowable
fan-in of the underlying implementationtechnology;in current
CMOS processes is typically four. Additionally, we requirethe
decompositiorto be support-reducingi.e. £ <n . Thesetwo con-
straintscanbe viewedasa restrictionon the classof functionsthat
can be decomposednamely those that admit support-reducing
decompositions in terms of library prinvigis.

The fan-in restriction can be reflectedin the decomposition
templatein several ways.We chooseto enforceit by partitioning
the input variablesinto two sets, x, andx, , with X, | = 5. We
will referto x, and x,, respectiely, as the decompositionand
compositiorvariables Thedecompositioiemplatein (1) cannow
be expressed as:

2°-1

f(Xg’ Xh) = h(gl(xg)' Tt gl(xg)l Xl;) = Z fi(xh) D}’l,(Xg) (9)
i=0

where g(x,), ..., g,(x,) are decomposition primitives and
fi(x;) arethecofactors[4] of f(x,, x,) with respecto x,, . This
templatedefinesans-to-r decompositioppatternin whichinforma-
tion aboutf’s dependencen the compositionvariablesis now
completelycharacterizedy its 2° cofactorswith respectto the
decompositiorvariables The “structure”of the functioncan,thus,
be capturedoy a setof upto 2° independentoeficients Z; that
act as proxies for thesepotentially complex cofactor functions.
Specifically let » < 2° bethenumberof distinctcofactorfunctions
in (9),andlet Z = [{,, {3, ..., {,_4] denoteavectorof »indepen-
dentcoeficients(oneperdistinctcofactor). The s-to-t decomposi-
tion patternin (9) can nav be re-written as:

r=1

F(x,Z) = ¥ Mi(x) T, (10)
i=0

where each M,(x,) denotesa sum-of-mintermswith identical
cofactorsin (9). Theset{ M(x,). ..., M, _1(x,)} , thus,is aparti-
tion of the x, minterm spaceinducedby the equialenceof the
cofactor functions.We will referto #(x,, Z) asa patternfunc-
tion; it representsall n-variable functions whose cofactorswith
respect tax, partition thex, minterm space as indicated.

It is instructive to comparesquationg7) and(10): equation(7)
representshe universeof all n-variablefunctionsin termsof 2"
encodingcoeficients;equation(10), on the otherhand,effectively
representshe sameuniversein termsof atmost2’ encodingcoef-
ficients no matterhow large » might be! This is a direct conse-
guence of the first constraint mentioned abo/e, namely
decompositionin terms of fan-in boundeddecompositionfunc-
tions. It alsoallows usto replace(8) with the following computa-
tionally tractable alternaté:



Figure 2: BDD for G(I') which encodesall 3-to-2 decomposition
functionsfor f = abd +ae + adc + bed + bce of Example4

G(I) = 0Z0y(x,C(x,,y, ) TF(x,, Z)+

. 11)
Ox,(C(xg y, ) + F(x,, Z)))

This functionencodesll feasibles-input decompositiorfunctions

g for the setof functions/ whosestructure(pattern)is character-

ized by the given Z coeficients,andformsthe basisof the synthe-

sis algorithms used in thisonk.

Example 4 Let /' = abd + aé + adc + bed + bce . Decomposi-
tion with respect td a, b, ¢} yields:

f = (abe) 0) + (abt + abc + abc) d + &) +
(abc + abce) dde) + (abe + abc) &)
Thus,f can be represented by the pattern function:
F = abe [+ (abé + abc +abc) [T, +
(abe +abc) [T, + (abt + abc) L,

where {,, {;, {, and {5 areindependentoeficients.To find all
feasible3-to-2 decompositionsf this function, we introducesix-
teenencodingcoeficients ygy, ..., Y71 and yg,, ..., Y7, to repre-
sent the two 3-input decompositionfunctions g, and g,
respectrely. Substitutionin (11) finally yieldsthe desiredsixteen-
coeficient function G(I') thatencodesll feasibledecomposition
functions.The BDD for this function is shavn in Figure2. This
functionhasatotal of 24 on-setmintermseachcorrespondingo a
pair of possibledecompositiorfunctions.Assumingorderinvari-
anceof the decompositiorfunctions,andinvarianceof their com-
plements, the number of solutions reduces to just three:

Solution A Solution B Solution C
g, =ab+ab+bc g, = ab+ab+bc g, = a+bc

g, = ab+bc+ac g2=a+Bc g, = ab+bc+ac

These three solutions are highlighted on the BDD of Figures

The supportreductionrequiremenimpliesthat ¢ < s . This, in
turn, translatesnto arequiremenbn f(x) : for ans -to-¢ support-
reducing patternthe number of /s distinct cofactors must be

<2'. Functionsthat satisfy this support-reductiorrequirement
include the classof symmetricfunctions, namely functions that
remain invariant under certain permutationsof their inputs. For
ary s they canhave atmosts + 1 distinctcofactorsimplying the
existenceof support-reducinglecompositiorof symmetricfunc-
tion for s> 3.

conpute_pattern_function(f, x,, x,){
U<~1; /'l minterm space ofg
F0; /| pattern function
i 0; /| distinct cofactors count
while U£0 do { /| while there are minterms
select mOU,; /| pick a minterm
u; « Ox,(f,,=f); [/ computeits equivalence clas
F « F+u,T;; /'l extendr
U« Uy; /1 remove equivalence class
i —i+1; /| increment cofactors count
}
return F;
}

Figure 3: Algorithm to create pattern function F(x
given /(x,, x;)

o Z) fora

4 CIRCUIT RESYNTHESIS

This section describesa resynthesis-basedircuit optimization
approachthat was implementedin the M31 prototypetool. The
tool wasdevelopedto evaluatethe viability of theabose decompo-
sition concepts.We first describethe integration of symbolic
decompositionrmodel in a constructve decompositionflow. We
then present a resynthesisveribased on such decomposition.

4.1 Constructive decomposition

We emplgy our symbolicformulationof decompositiorin a con-

structive flow that successiely decomposeshe functions being
synthesizedlirectly in termsof appropriately-chosedecomposi-
tion primitivescorrespondingo cellsin typical CMOSlibraries.In

this flow, the decompositiorprimitives are introducedincremen-
tally causingthe implementationcircuit to expandforward from

the primary inputs towardsthe primary outputs.The decomposi-
tion procesgerminatesvhenall nodeshecomedecomposegield-

ing a “final implementation”of the function. The constructve

creation processfacilitates managemenof the structureof the

evolving implementationandmalesit possibleto accountfor sig-

nal propagtion times during the decomposition.

The M31 implementationis basedon the repeatedapplication
of the following steps:

1. Support Selectionfor DecompositionFunctions Select an
unimplemented node, and choose a suitable set of
decompositionvariablesfrom its current support. Node are
selectedn topologicalorderaccordingo acomplexityestimate
of theirfunctions—thenodewith thelargestBDD whosefan-in
nodes are all already implementedis selectedfirst. The
decompositionvariableswhich enablesupportreductionand
whose nodeshave the earliestsignal arrival times are then
chosenfrom the node’ssupport.To identify support-reducing
decompositiorvariablesthe algorithmfirst looks for groupsof
symmetric variables. In the absenceof symmetries the
algorithm relies on a heuristic to identify support-reducing
variable subsets.The heuristic requires checking whether a
selected subset yields a feasible support-reducing
decompositionThis check essentiallyamountsto building a
patternfunction. A fast algorithm for its creationis givenin
Figure3. The numberof ¢, variables(i.e. distinct cofactors)
used in its creation determines the parameter



2. Computatiorof DecompositiorFunctions Selecthedecompo-
sition primitives that yield a support-reducinglecomposition.
Feasibledecompositiorfunctionsfor the variablesidentifiedin
stepl areidentified accordingto (11). The setof solutionsis
thenfurther constrainedy the encodedunctionalcontentof a
given cell library. The M31 implementationtries to achieve
decompositionvith asfew decompositioriunctionsaspossible,
i.e.it favorssmallz. Suchanobjectivetendsto give fewercon-
nections to the forward logic. Given a set of candidate
decompositiorfunctions,M31 ranksthem basedon how they
affect signalpropagationarea,andthe numberof connections
theyintroduce(differentprioritiescanbeassignedo thesemet-
rics). The decompositiorfunctionswhich leadto the smallest
increasen thesemetricsare then selected Sincesomeof the
gatescorrespondingo decompositioriunctionsmayalreadybe
in the networkasa resultof earlieriterations the costfunction
also accounts for this sharing.

3. Logic Re-ExpressionSelecta compositionfunction from the
interval in (2). We currently selecta compositionfunction by
efficiently remappingthe interval's don't caresto the closest
care points accordingto the re-expressalgorithm [12] devel-
opedfor anearlierimplementatiorof M31. Usingthisalgorithm
M31 attemptgo re-expresshefunctionsof all unimplemented
nodesn thenetwork.Suchacompleteforwardre-expressionf
logic maximizesnode sharingin a multi-output circuit. It is
worth notingthatothercriteriaarealsopossiblefor examplea
maximally symmetric [21] composition function can be
selected.

The above threestepsareiteratedin the algorithmuntil all nodes
becomamplementedNotethatthefirst two stepsin thealgorithm
mayfail to yield a support-reducinglecompositiorfor somefunc-
tions.In our experimentaknalysisdescribedelon, we wereforc-
ing M31 to exit the decompositiorrenderingtheir nodesas non-
decomposable.

4.2 ResynthesisDriver

To handlelarge circuitswith timing constraintdM31 usesa simple
driver that iteratively (one-at-a-timeye-synthesizesegions of a
givendepth(e.qg.,four levelsof logic). For eachof theregions,the
signalarrival timesat its inputs are extracted,andits structureis
collapsedto two logic levels and re-implementedising the con-
structive timing-driven synthesisalgorithm describedabove. The
resynthesizedegion is acceptedf it improves eitherthe critical
slackof thecircuit, or its areawithout causinga reductionin slack.
Theresynthesiprocesgerminatesvhenall nodesin the network
have been processed.

Constrainingdecompositiorwith a technologylibrary allows
usto betterestimatethe effect of the resultingcircuit transforma-
tions. Operatingin a technology-specifidomainwe arealsoable
to drive decompositiorwith more accurateconstraintsand objec-
tives.In particular regionsthatarein timing-critical sectionsare
resynthesizedo minimize delay; other regions are resynthesized
to minimize area.

5 EXPERIMENTAL EVALUATION

The M31 program implements the constructve synthesis
approachedand incorporatesa resynthesisdriver as described
above. It utilizesthe CUDD BDD packag€g?24] to implementall

symbolic manipulationsWe evaluatedM31 empirically compar-
ing its synthesigquality with SI1S-1.2[22]. The evaluationis per-

Table 1: Characteristic of the M31 and SIS-1.2 circuits as
estimated by SIS-1.2 after they were mapped into ntnc library

Area Delay M3V/SIS

SIS | M31 | SIS | M31 | Area | Delay
rd53 50 56 179 | 143 | 1.12 | 0.80
rd73 98 75 356 | 174 | 0.76 | 0.49
rds4 205 107 | 26.4 | 226 | 0.52 | 0.86
9sym 310 84 358 | 189 | 0.27 | 0.53
parity 75 75 124 | 155 || 1.00 | 1.25

my_adder| 285 667 | 57.3 | 26.0 | 2.34 | 0.45
pm4 410 289 || 48.8 | 423 | 0.70 | 0.87
comp 168 240 | 240 | 253 | 143 | 101

Circuit

z4ml 50 59 253 | 145 | 1.18 | 0.57
t481 53 56 11.8 | 119 | 1.06 | 1.01
pmil 87 72 111 | 10.8 | 0.83 | 0.97
c8 175 187 | 275 | 185 | 1.07 | 0.67
x4 522 624 | 383 | 222 | 1.19 | 0.58

count 216 272 | 58.6 | 23.3 | 1.26 | 0.40
pcler8 142 235 || 235 | 169 | 1.65 | 0.72

lal 146 166 | 225 | 156 | 1.14 | 0.70
sct 113 129 | 579 | 16.2 | 1.14 | 0.28
ape 332 358 | 336 | 29.2 | 1.08 | 0.87
i2 296 205 || 21.7 | 179 | 0.99 | 0.82
Avg. 196.4| 212.9| 31.05| 19.98| 1.08 | 0.65

formed on two sets of circuits: MCNC benchmarks[27] and
macros from an industrial design.

5.1 MCNC Benchmarks

We first use the MCNC benchmarksto assesM31's ability to
decomposdunctions.To conductthe experimentwe createdthe
nenc+ library by extendingthe nenc library with 3-input exclu-
sive-or and 3-input majority cells. Theseprimitiveswereaddedto
create a “functionally complete” library that enablessupport-
reducingdecompositiorfor functionsexhibiting simplesymmetry
[12]. Usingthislibrary the programsweretestedon the samesetof
MCNC combinational benchmarks.

The benchmarkswere provided either as two-level or multi-
level specifications.M31 constructedsymbolic representations
from thesespecificationsbefore commencingthe synthesispro-
cess.SISwasrun with scri pt. rugged. The scriptwasusedto
synthesizemulti-level circuits from both the original specification
and,whenpossible from collapsedwo-level forms; the bestvari-
antwasthenreported.To provide a fairer comparisonthe netlists
producedby both SIS and M31 were technologymappedwithin
SIS to thenenc library.

In the experimentscircuits were synthesizedvith the restric-
tion of s <4 and¢< 3 onthe s -to-¢+ support-reducinglecompo-
sition patterns.Although not all of the functions can be fully
decomposedvith theserestrictions,our examinationshavs that
for mary MCNC benchmarkssuch decompositionis feasible.
Tablel lists a subsetof the benchmarkghat were fully decom-
posedwith suchrestrictions.The tablecomparegost-mappedir-
cuits in terms of area and delay as reported by SIS.

Overall, theseresultsshav that, comparedo thosegenerated
by SIS,theM31 circuitshave amuchbetterdelay while their area
is only slightly increasedWe should point out that the pari ty



Table 2: Results of optimizing circuits of an industrial design using SIS-1.2 and M31

SIS1.2
Original circuit M31

Circuit script.rugged script.delay
inp. | outp. | gates | wires | area | slack Wires| area | dack | wires | area | dack || wires | area | dack
macrol| 487 | 255 | 1448 | 2652 | 3251 | -10.19 timeout (10hrs) 3779 | 3937 | -8.57 | 2386 | 3012 | -8.14
macro2| 378 | 437 | 2353 | 4485 | 5154 | -10.67| 4081 | 4476 |-13.72| 5532 | 5620 | -9.33 | 3861 | 4574 | -7.37
macro3| 71 49 1833 | 3082 | 3116 | -16.01| 2522 | 2633 | -8.30 || 2857 | 2867 | -2.83 | 2418 | 2556 | -0.93
macrod| 52 110 | 1377 | 2403 | 2422 |-12.07 out of memory 2396 | 2422 | -7.35 | 2045 | 2093 | -6.24
macro5| 664 | 669 | 4362 | 8085 | 8191 | -11.20| 6809 | 7458 | -13.70| 8032 | 8345 | -9.36 || 7083 | 7324 | -7.89
macro6| 358 87 1182 | 2196 | 2319 | -13.30 out of memory out of memory 1687 | 1856 | -6.90
macro7| 46 9 95 186 | 203 | -6.68 | 188 | 209 |-10.65)| 261 | 268 | -7.42| 179 | 199 | -6.52
macro8| 308 | 196 | 1558 | 2806 | 2893 | -5.12 || 2190 | 2352 | -6.28 | 2876 | 3065 | -2.72 || 2380 | 2523 | -3.42
macro9| 258 | 227 | 1878 | 3404 | 3504 | -20.34| 2699 | 2972 | -29.70| 3406 | 3530 | -12.30| 2875 | 3035 | -11.5
macrold 263 | 196 | 2007 | 3476 | 3535 | -16.57| 2881 | 3042 | -30.17| 4201 | 4259 |-13.73|| 2790 | 2920 | -14.2
macroll 822 | 816 | 11013| 21079| 21856|-14.86 timeout (10hrs) timeout (10hrs) 18418| 19645| -7.48
macrol? 564 | 465 | 4991 | 9089 | 9432 | -12.57 timeout (10hrs) 9465 | 9531 | -9.63 || 7909 | 8390 | -8.44
macrold 79 76 819 | 813 | 822 |-13.38| 732 | 761 |-14.65| 777 | 776 |-10.74| 679 | 715 | -9.90
macrol4 335 | 227 | 1863 | 3290 | 3313 |-15.50 2616 | 2884 | -10.20| 3251 | 3308 | -9.58 | 2749 | 2840 | -9.96
macroly 473 | 404 | 1780 | 3057 | 3084 | -14.00| 2538 | 2692 | -12.23| 3300 | 3326 | -9.42 | 2704 | 2802 | -9.02
macrolg 138 79 360 | 588 | 588 |[-12.96| 452 | 474 | -7.62| 607 | 602 | -7.22| 486 | 509 | -8.13
macrold 157 | 103 | 928 | 2172 | 2186 | -3.82 out of memory 1892 | 1918 | -4.32 || 1611 | 1750 | -3.62
macrold 894 | 898 | 7789 | 14332| 15063| -9.36 11678| 12513|-14.58 15518| 15644| -7.76 || 12247| 13200| -7.01
macrol9 348 | 323 | 2470 | 4893 | 5009 | -3.50 out of memory out of memory 4403 | 4579 | 0.77
macro2d 294 | 102 | 659 | 1276 | 1279 | -0.99 | 1074 | 1187 | -4.56 | 1323 | 1499 | -0.56 || 1112 | 1134 | -0.39
Average ratios with respect to the original circuits: | 0.84 | 0.88 | 1.42 | 1.07 | 1.05 | 0.72 | 0.84 | 0.87 | 0.62

and conp benchmarksfor which M31 hasslightly larger delay
than SIS, were synthesizedfrom completely different starting
points using thesetools: while SIS usedthe original multi-level
form as a startingpoint, M31 synthesizedhe netlist from a flat
form. The run times of M31 were comparable to SIS.

5.2 Industrial Circuits

We shawv the applicability of the presentediecompositiormethod
to larger circuits by presentinge-synthesisesultsof a setof mac-
ros that constitutepart of an industrial design. The majority of

thesecircuits have over a thousandgatesand large numbersof

inputs and outputs.This makes useof their two-level forms asa
starting point for decompositionvirtually impossible.They also
have skewed assertionsfor signal arrival times and different
requiredtimeson their outputs.To accommodatéheseconstraints,
M31 was configuredto use its re-synthesisdriver describedin

Sectiond. In the experimentsthe resynthesizedegionswerelim-

ited to a depthof 4. Signal propagtion times were dynamically
updated using the SIS load-based delay model.

We usedscri pt . rugged and scri pt. del ay to optimize
thesecircuitsin SIS (to improve areaanddelay respectiely [18,
25]). The ful | _si npl i fy commandwas removed from these
scriptsasit wasgiving prohibitively large BDDs, forcing termina-
tion of the computationNetlistsoptimizedwith scri pt . r ugged
weretechnology-mappedsingthenmap - m 0 - AGcommandthe
map -n 1 -AFGcommandwasusedin script.del ay. We
found thesecommandsto work bestin meetingareaand delay
objectvesof the scripts.To provide adequateomparisorbetween
M31 and SIS both tools usedthe samentnc library in their opti-
mization.

Table? lists the netliststhat were usedto evaluatethe perfor-
manceof M31. Thesenetlists representindividual macrosof a
designwhoseoriginal timing constraintsvereappropriatelyscaled
accordingo thenominaldelaysof thentnc library. Theirareaand
slackwerealsocomputedaccordingto thelibrary. Columns2-7in
the table characterizethesecircuits in terms of the number of
inputsandoutputs,gatecount,numberof wires(i.e. connections),
area and slack.

The results in the table suggest the folltg obserations:

e Thereis apronouncedmprovementn areaandslackin circuits
optimizedwith M31. Theimprovedquality is observedn all of
the optimizedmacrosin contrastSIStendsto improvecircuits
only in one of the parameters per script.

¢ With the exceptionof few casesthe slack of M31-optimized
circuitsis consistentlybetterthanthe slackof thoseoptimized
with eitherscri pt. rugged or scri pt. del ay. At the same
time, the area of M31 circuits is comparableto circuits

Table 3: Further improvementsto SIS-1.2 circuitsusing M 31

SlIScircuit M31

Circuit

script area slack area | slack
macro8 rugged | 2352 -6.28 2314 | -2.03
macro9 rugged | 2972 | -29.70 | 2889 | -13.3
macrol4 || delay 3308 -9.58 3211 | -8.28
macrol5 | rugged | 2692 | -12.23 | 2631 | -9.34
macrol6 | delay 602 -7.22 528 | -6.37
macrol6 || rugged 474 -7.62 474 | -6.62
macrol8 | rugged | 12513 | -14.58 | 12323| -8.48




optimized with the area-orientadr i pt . r ugged.

e On a subsetof larger benchmarkSIS did not to completeits
optimizationeither due to excessivanemoryrequirementsor
becauseof significantrun time (more than 10 hours).On the
otherhand,M31 exhibitedmore robustbehavior:its run time
increasedyraduallywith circuit size(exceedingl houronly on
macr 0l11).

¢ Thelastexperimentllustratestheincrementahbility of M31 to
improve already-optimizedcircuits. It was performed by
runningM31 onthe SIS-optimizectircuitswhoseareaor delay
in Table2 is superiorto the circuits producedby M31. These
circuits arelisted in Table3. Column 2 of the table givesthe
nameof the scriptusedby SIS; its resultingareaandslackare
listedin columns3 and4. Theresultsof applyingM31 to these
circuitsaregivenin thelasttwo columnsof thetable.Theresults
showthatin additionto improving SIS-optimizectircuits,M31
is also able to improve its own results from T&hle

6 CONCLUSIONSAND FUTURE WORK

In this paperwe examineda resynthesispproactthatis basedon
a newv computationalmodel for symbolic decomposition.The
experimentakesultsshow thatits optimizationmechanisnenables
the creationof circuits with muchimproved propertiesTheincre-
mentalability of the approachallows betterassessmertf circuit
implementationsvhile allowing for their aggressie optimization.
More accurate physical-domain properties of deep-submicron
technologiescan be incorporatedwithin the introducedsymbolic
formulation to further eploit its decomposition patterns.

Our experimentalevaluationalsosuggestsdurther studyof bet-
ter optimization drivers which can avoid “local optima’ An
improved resynthesigenginewould utilize information-theoretical
circuit propertiesduring region selection,in additionto its struc-
ture. Application of the introducedsymbolic decompositiormay
also significantly benefitfrom utilizing decompositiorflexibility
arising from the rgion’s surrounding arironment.
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