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ABSTRACT

We proposea new statisticaltiming analysisalgorithm, which
producesarrival-time randomvariablesfor all internalsignalsand
primaryoutputsfor cell-basedlesignswith all cell delaysmodeled
asrandomvariables. Our algorithmpropagaterobabilistictim-
ing eventsthroughthe circuit andobtainsfinal probabilisticevents
(distributions)atall nodes.Thenew algorithmis deterministicand
flexible in controlling run time andaccurag. However, the algo-
rithm hasexponentialtime compleity for circuits with recover
gentfanouts.In orderto solwe this problem,we further proposea
fastapproximatealgorithm. Experimentsshaw that this approxi-
matealgorithmspeedsaup the statisticaltiming analysisby at least
anorderof magnitudeandproducesesultswith smallerrorswhen
comparedvith Monte Carlomethods.

1. INTRODUCTION

Processvariations,manufcturing defectsand noise are major
factorsn determininghetiming characteristicef deepsub-micron
designs Proceswariationsoftenresultin awide rangeof possible
device parametersmmaking circuit performancehardto estimate.
Delay faultscausedy interconnectefectsandnoisesourcesare
also unpredictablen termsof size of induceddelay All these
factorsare statisticalin natureand are bestmodeledusing statis-
tical models. Therefore the useof statisticalmethodsfor timing
analysigo incorporatestatisticatiming deviationscausedy these
sourceseemso beinevitable.

For statisticaltiming analysis,the delaysof cells/interconnects
aremodeledascorrelatedandomvariableswith known probability
densityfunctions(pdf's). Giventhesecell/interconnectlelays the
celllevel netlistandtheclock period,statisticatiming analysiscan
derive theprobabilitydensityfunctionsof thesignalarrival timesat
internalsignalsandprimaryoutputs.For largedesignswith alarge
numberof delay randomvariables,determiningclosedforms for
the probability densityfunctionsof the arrival timesat the primary
outputsis computationallyexpensve andimpractical. Therefore,
the popularMonte Carlobasedechniquds often usedto approxi-
matethe probability densityfunctionsof the signalarrival timesat
theinternalsignalsandprimary outputs.Eachrun of Monte Carlo
simulationconsistsof two steps: samplingand analysis. In the
samplingstep,a singlevalueis choserfrom eachrandomvariable
accordingo thelaw of probability Theanalysissteputilizesthese
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sampledraluesto derive thearrival timesatall signalsfor thegiven
circuitinstance.The stop(corvergence)criteriaaredecidedbased
on the desiredaccurag of resultsor the confidencdevel. Once
themeanor variancecorvergeswithin thedesiredprecisionrange,
the procedurderminates.The main dravbackof the Monte Carlo
basedmethodis thata large numberof runsis requiredto achiere
a high confidencdevel. Also, a large numberof theserunscon-
centrate®n valuesnearthe nominalvalue. Statisticalmethodsor
timing analysishave beenproposedn [1, 2, 3]. However, dueto
theirhighcomputationatompleity, thesemethodsarerarelyused
in practice.A morepracticalMonte Carlo-basedtatisticaltiming
analysisramevork applicableto largerdesignshasbeenproposed
in [4]. This paperalsoconsiderghe effectsof outputcapacitance
loadsandinputtransitiontimesto improve theaccurag.

In this paper we proposea new, faststatisticaltiming analysis
algorithm.Thealgorithmtargetscell-basedlesignsandall cell de-
lays are modeledusingrandomvariables. The goalis to produce
arrival-time randomvariablesfor all internal signalsand primary
outputs.Thealgorithmcanbe appliedfor vectorlesstaticanalysis
aswell asfor dynamicsimulationwith given input vectors. The
flow of the algorithmis similar to the compiled-codesimulation,
whereeachcell is evaluatedafter all the valuesat its faninshave
becomeavailable. At thebeginning,the simulationqueuecontains
only theinitial eventsat primary inputs. After that, the algorithm
entersaloopin whichcellsareprocesseth alevelizedorderto pro-
ducethearrival-timerandomvariablesattheiroutputs.Theprocess
continueauntil all thecellshave beenevaluated.

Themostimportantcharacteristiof the new algorithmis thatit
is deterministic.Thefinal resultsproduceddy thealgorithmcanbe
determineatompletelyby inputs, i.e.,thesamenputswill produce
the sameresults,asopposedo therandomprocessusedby Monte
Carlo methods.Anotherspecialfeatureof the algorithmis thatit
usesdiscretedelayrandomvariablesto modelcell delays. There-
fore, it is possibleto controlthe behaior of the algorithmby con-
trolling thediscretizatiorof pdf's of randomvariables.Thesmaller
thenumberof sampleof discreterandomvariabless, thelessac-
curatethe resultsare and the fasterthe algorithmruns. We will
describeeachof thesefeaturesin detail in later sections. Apply-
ing the algorithmto circuitswith recowergentfanoutscouldresult
in exponentialtime complity. Therefore we proposea fastap-
proximatealgorithmfor thesecircuits. Experimentshaw thatthis
approximatelgorithmspeedsip theprocesdy atleastanorderof
magnitudeandproducegesultswith smallerrorswhencompared
with Monte Carlomethods.

2. SIGNAL ARRIVAL TIME EVALUATION
FOR A CELL USING PROBABILISTIC
EVENTS

The new algorithmtakes a cell-level netlist and the pin-to-pin
andwire cell delays(asrandomvariables)asinputsandproduces
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Figure 1: Probabilistic events.

signalarrival timesfor every nodeandwire. Thebasicoperationis
processingf anindividual cell. This requiresevaluatingthe prob-
abilistic eventsat the outputof thecell giventhe eventsatthecell’'s
inputs. Startingfrom a descriptionof the probabilisticevents,the
following sectionswill explainhow to obtainsignalarrival timesat
theoutputof acell.

2.1 Probabilistic events

A probabilistic event, whichis describedy atriple (s;t, p), isa
signals scheduledvith anarrival timet andthe probability p that
the signalwill arrive at this time. Figure1 illustratesthe concept
of the probabilisticevents.Figurel(a) shavs a singleprobabilistic
eventfor asignalwhichis scheduleattime 1 andhasaprobability
of 1, i.e., this is a deterministicevent. A signal could have more
thanoneeventassociatedavith it. All the eventsatthe samesignal
togetherform an event group. Figure 1(b) shavs an event group
with four events. The signal’s arrival time has20% of probability
to be 2, 30% probabilityto be 3, etc. The sumof the probabilities
in aneventgrouphasto be 1. In therestof the paperfor simplicity,
the eventswill beindicatedby the numeratorf their probability
fractions(which areintegers)ratherthantherealprobabilityvalues
(Figurel(c)). We denotesuchintegersasprobability ratios.

In statisticaltiming analysis,the cell delaysare randomvari-
ables. We apply the "fix ed time unit” conceptto discretizethe
delay randomvariableswhich cantremendouslyeducethe com-
plexity of statisticaltiming analysis.Basedon a chosertime unit,
all pdf's of randomvariablesarediscretizedandrepresentedh dis-
creteforms,in which ary two adjacentlelaydatapointsarespaced
by the chosertime unit. This discretizatiorprocesss describedn
thenext section.

2.2 Discretization of delay random variables

A
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Figure2: Discretization of random variable.

Thediscretizatiorof delayrandomvariablesis usedto generate
discreteprobability distributionsbasedon a time unit (alsocalled
a samplingstep). The samplingstepis a userspecifiedfixed time
unit to be usedfor discretizingall randomvariables.Thesampling
stepis alsousedasthe time unit for the signalarrival time evalua-
tions during simulationor timing analysis.Figure2 illustratesthe
discretizatiorproceswith asamplingstepA for arandomvariable
having atriangle-shapedistribution. A smallersamplingstepwill
resultin moredatapointsin the discretedistribution. Therefore,
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Figure 3: Propagatinga singleevent.

the samplingstepcontrolsthe resolutionand the run time of the
algorithm.

2.3 SignalArri val Time Evaluation for A Cell

In this sectionwe describethe propagatiorprocesgor theprob-
abilistic eventsandthesignalarrival time evaluationfor a cell. We
startby describingpropagationof a single event. Then, we de-
scribethepropagatiorof aneventgroupandfinally, propagatiorof
multiple eventgroups.

Propagatinga singleevent. Propagatiorof probabilisticevents
throughthe circuit can bestbe illustratedby examples. Figure 3
shavs thecaseof propagating singleeventthroughan AND gate.
In this example, the eventis a falling transitionarriving at time
t = 1 to the input of the gate. The discreterandomvariable of
the delay for the AND gateis also shavn abore the gatein the
figure. Thefinal eventsat the outputof the AND gateareobtained
by shifting the cell delayby onetime unit sincethe deterministic
inputeventarrivesattimet = 1. Sincethisis a deterministicevent
propagatior{theprobabilityis 1), thefour eventsin theeventgroup
attheoutputof the AND gatewill have thesameprobabilityvalues
asthe correspondingventsin the discretedistribution of the cell
delay

Propagatinganeventgroup. Propagatingneventgroupthrough
a cell requirestwo operations:shift with scalingandgroup. Shift
with scaling shiftsthe cell delayaccordingio eachinputeventand
scaleghe cell delayprobability distribution by multiplying it with
the probability ratio assignedo this event. The shift with scaling
operationis illustratedin Figure4. It resultsin 16 eventsat the
outputof the AND gate.Group operationaddsthe probabilitiesof
eventsat the samearrival time andforms a single event for each
arrival time. We use”+” signto denotea group operationin the
following discussionAfter groupingthe eventsatthe outputof the
AND gatein Figure4, the numberof eventsin the event groupis
reducedrom 16 to 7. Notethatwe canusethesetwo propagation
rulesto propagatearrival time eventsthroughwires/interconnects
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Figure 4: Propagatingone event group.
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Figure5: Propagatingtwo groups.

whosedelaysarealsogivenasrandomvariables.

Propagating multiple event groups. Whentwo or more event
groupsappearat the inputs of a cell, we first generatehe output
eventsfor eachfanin signalusingshift with scalingandgroupop-
erations. Then,we combinethe outputeventsinto a single event
groupat the output. To combinethe outputeventsfrom different
inputs,we useeithera minimum(min) or maximum(max) operation
dependingnthetransitiontype(rising or falling) andthecell type.
Figure5 illustratesthe procesof combiningthe eventsat the out-
put of an AND gate. In this case ,we usethe minimum operation
sincetheoutputof the AND gatehasafalling transitionandtheear
liesteventshoulddominatetheresult(thedominatingeventsdefine
thefinal transitionof the signalat the outputif thereare multiple
transitiontypesattheinputs). Theminimumoperatiorcomparesill
possiblepairsof eventsattheoutputandproducesheearliestarriv-
ing events. Theprobability of theeventatthe outputis the product
of thetwo probabilitiesassociatedvith the pair of eventswhichare
comparedo form thefinal event. For example,the eventarriving
attimet = 1 in the lower groupshavn at the outputof the AND
gatein Figure5 is comparedvith all the eventsin theuppergroup.
Sincethiseventdominatesll otherevents(its arrival timeis earlier
thanall eventsin theuppergroup),thefinal eventattimet = 1 will
have aprobabilityratio 16=1+2+3+4+3+2+1Next, thetwo events
arriving attimet = 2 arecombinedogethemwith a probabilityratio
45=1x(34+4+3+24+1)+2x(24+3+4+3+2+1)+1x2.The
term1x (3+4+ 3+ 2+ 1) representshe probability ratio of the
outputwhentheeventattime 2 in theuppergroup(with a probabil-
ity ratio 1) dominateqi.e., its arrival time is earlierthaneventsat
thelowerinput). Thenumberin parenthesi$3+4+3+2+1) re-
flectsthe probability of thisassumptiobeingtrue (by countingthe
probabilitiesof the eventsin the lower groupwhosearrival times
arelaterthan2). Theterm2x (2434 443+ 2+ 1) is obtained
by assuminghe eventattime 2 in thelower groupdominatesThe
lastitem 1 x 2 representtheoutputeventobtainedoy assuminghe
eventsat bothgroupsarrive atthe sametime (time 2). Theprocess
continueauntil all the eventshave beenprocessedThe maximum
operationin donein asimilarway.

3. STATISTICAL TIMING ANALYSIS AL-
GORITHM

Thepreviously discusse@valuationprocesdor asinglecell can
be extendedto handlecircuits of tree-like structureby levelized
simulation whereeachcell is evaluatedafterall its fanincellshave
beenevaluated. However, for circuits with recowvergentfanouts,
eventspropagatedrom the samefanoutstemwill corverge atthe
samecell. Whencorvemging, the eventsat differentinputsof the
cellarenotindependentThereforethey requirea speciahandling
duringthecombiningprocesgdifferentfrom the minimum or max-
imum operation).In the following sectionswe will give detailsof

thesignalrecovergeny problemandthe solutionby circuit parti-
tioning.

3.1 SignalRecorvergencyand Supermates

If acircuit hasrecorvergentfanoutsthenpropagatinghe event
groupat the stemforwardsto its fanoutconeusinga minimum or
maximum operationat eachcell would resultin mixing unrelated
events. To illustrate, considerthe circuit in Figure 6. Consider
gateSG1 with inputsa andb andassumeherearetwo events(el
ande?2) at stemSl. Let el produceaneventgroupEl, ata and
eventgroupEly, atb. Similarly, €2 producesE2; andE2,. The
correcteventsat SG1 shouldbe max E1l,, Ely) + max(E2a, E2p).
However, simply propagatingel + €2 would leadto an incorrect
result, max Ela + E24,E1ly + E2p). In the latter equation,E1,
shouldnot be comparedwith E2,, becausehey are producedby
two eventsel ande2 which do not happerat the sametime.

To solvetheproblemwe proposeacircuit partitioningalgorithm
with asamplingtechniquédor eventsat fanoutstems We first sim-
plify the problemby partitioning the circuit into a setof super
gateg5]. A supergate is a single-outpusub-circuitwith all inputs
beingindependenfrom eachother Thereforeto obtainthearrival
time for the outputcell of a supegate,it is suficient to solve the
problemonthe subcircuitdefinedby thesupegate.In otherwords,
to obtainthe signalarrival timesfor a cell, we have to first detect
if the currentcell is a recorvergentgate(i.e., the outputcell of a
supegate)andthenderive the arrival time for the supegateusing
thealgorithmdescribedn thenext section.For the examplecircuit
in Figure6, therearetwo supegates,SG1 andSG2, in thecircuit.
SG1 is definedastheintersectiorof faninconeof SG1 andfanout
conef Sl and<2. Insidetheregiondefinedby thesupegateSG1,
therearetwo otherstems:S3 and$4. Therefore four fanoutstems
S1, 2, S3andSA arecontainednsidethesupegateSG1. Likewise,
supegateSG2 containghreestemsS2, S3 and$4. Pleasenotethat
supegatescould overlapwith eachother(e.g.,SG1 overlapswith
SG2).

3.2 The Exact Algorithm

To derive the eventsat the outputof a supegate,several tech-
niquesareneededNext, weillustratethesetechniquesisingfirsta
supegatewith only onestem,two stemsandfinally ageneraktase
of multiple stems.

Sampling-evaluation processfor a stem. For a supegatewith
only onestem,we procesghe eventsatthe stemone-by-oneEach
time we take only oneeventfrom the groupof eventsat the stem
(sampling) andpropagatet forwardto the outputof thesupegate.
Next, sincethereis no recorvergentproblem,eventsproducedby
this singleeventatfaninsof therecowvergentgatearecombinedoy
applyinga minimum or maximum operation.Finally, the probabil-
ities of the combinedevent group are scaledwith the probability
of thesampledstemevent. This sampling-eval uation processs re-
peatedfor eachevent at the stemandthe resultingevent groupis
continuouslyaccumulatedby applyingthe group operation.When
all eventsat the stemhave beenprocessedthe accumulateavent
grouprepresentthe signalarrival time of the supegate.
Sampling-evaluation procesdor two stems. In this case there
aretwo possibleconfigurations:(1) no stemis in the fanoutcone
of theotherstem(S1 andS2 in Figure6 for SG1), and(2) onestem
is in the fanoutconeof the otherstem(S2 and S3 in Figure 6 for
SG1).

For thefirst case the sampling-galuationprocesss similar to
the singlestemcase.The only differenceis thatthe processstarts
with a sampledevent pair. The sampledevent pair is formed by
takingoneeventfrom eacheventgroup. For acompletesampling-



Figure 6: Multiple stemsin supermates.

evaluation process.all possiblepairs of eventsat the two stems
shouldbe considered.For example,assumeahereare two initial
eventsat Sl (elg,€25) and alsotwo eventsat 2 (elg, 2<).
Therefore therearefour possiblepairs: (elg, €ls), (elg, 2),
(e2g1,€ele) and (e2g1,€2s) andthe sampling-galuationprocess
will be donefor eachpair. At the endof eachprocessthe prob-
abilities of the resultingevent groupare scaledwith the probabil-
ity of the sampledevent pair, whichis the productof probabilities
of two sampledevents. We usethe term cross-product sampling-
evaluation to namethis process.

For the secondcase whenonestemis in the fanoutconeof the
otherstem(S3isin thefanoutconeof 2 in Figure6), thesampling-
evaluationprocessstartsfrom the stemcloserto the primaryinputs
(i.e., stemS2). First, oneeventat X is sampled,evaluatedand
propagatedintil S3 is reachedThen,theeventgroupof S3 is also
sampledand propagatedo the outputof the supegaterepeatedly
until all eventsat S3 areprocessedAfter the simulationof events
at S3 is done,theremainingeventsat 2 arere-visitedfor another
roundof sampling-galuationphase.This processcontinuesuntil
thereis no eventleft un-processedt 2. Eachtime eventsreach
SG1, the probabilitiesof theseeventsarescaledwith probabilities
of thetwo sampledeventsof 2 and S3, andaccumulatedt tem-
porarystorageat SG1. At the endof the processfinal resultsare
obtainedat SG1. This recursion-lile processs namedasrecursive
sampling-eval uation.

Sampling-evaluation processfor a generalcase. For a super
gatewith morethantwo stemsthe sampling-galuationshouldbe
furthergeneralizedThe evaluationsequencés the combinationof
two processescross-producandrecursve sampling-galuations.
All stemsof asupegatearefirst levelizedaccordingo their evalu-
ationdependenyg i.e.,we checkif onestemis in thefanoutconeof
theotherstem.Stemsareputin thesamdevel if they donotdepend
on eachotherin the sampling-galuationprocessA cross-product
sampling-galuationis appliedto thesestemswith a sampledavent
tuple formed by taking one event from eachevent group. When-
ever anotherlevel of stemsarereachedby a previous sampling-
evaluationprocessanew cross-producsampling-galuationphase
startsfor the new level. The processcontinuesuntil all possi-
ble pairs of eventsare evaluatedfor the currentlevel. Then,the

sampling-galuationreturnsto thepreviouslevel (recursve sampling-

evaluation). For example,for the four stemsSl, 2, S3 and 4 of
supegateSG1 in Figure6, two stemsS1 andS2 arein thefirst level
andtheothertwo stemsarein thenext level. Assumehereis atotal
of threeinitial events:oneat Sl (elg) andtwo at 2 (elg, 2<).
Also assumeghatels produceswo events,elsz g1, ande2s3 e,
atS3 andsimilarly anothetwo events elg g1, ande2s g1, , atSA.

The completesequencef computationgo obtainthe eventgroup
representinghe signalarrival timesat SG1 is:

1. cross-productampling-galuatefor S1 andS2 with (elg, els)

2. cross-producsampling-galuatefor S3 and$4 with
(els3e1s, €lst e1,); @CCuMulatehe eventgroupat SG1

3. cross-producsampling-galuatefor S3 and$4 with
(els3 el 254 £1,); @CCUMulatehe eventgroupat SG1

4. cross-producsampling-galuatefor S3 and$4 with
(€253 e15, €lss e15,); ACCUMUlatehe eventgroupat SG1

5. cross-producsampling-galuatefor S3 and$4 with
(€253 e15, €254 015, ); ACCUMUlatehe eventgroupat SG1

6. repeatstepsl-5with replacingels by 2

As it canbe seen,the time compleity increasesapidly with
increasingiumberof stems.Theestimateduntimeis proportional
to O(Ne®) (Ne is the numberof eventsand Ns is the numberof
stems) which is apparentlynot feasiblefor practicalapplications.
In orderto reducethetime compleity, we proposeanapproximate
algorithmin the next section.

3.3 An Approximate Algorithm
Theapproximatalgorithmcombineseveraltechniqueso jointly
improve therun time. They aredescribedn the following several
paragraphs.
Dropping low probability events. In the procesf eventpropa-
gation,it is possibleto produceeventswith very low probabilities.
Theseeventswill only produceeventswith even lower probabil-
ities. Therefore,it is desirableto seta minimum probability to
screemut theseeventsasearly aspossible.The eventswith prob-
abilitieslower thanthe setminimum probability aredroppedfrom
the event groupwheneer they are propagatedo the outputof a
cell.
Filtering out unnecessarystems. Althoughsomestemsproduce
recoivergentevents,thearrival timesof the eventscausedy them
areso early thatthey will never affect the arrival time at the out-
put of the supegate. By somesimple analysis,we can identify
suchstemsandeliminatethemfrom the sampling-galuationpro-
cessandthusspeedup the algorithm. Our methodfor identifying
suchstemss throughthe useof thesimpleeventgrouppropagation
(Section2.3) for eachstemwhile assuminghereis no eventgroup
at other stems. In this way, the rangeof arrival times of events
(generatedby the stemunderconsiderationatthe outputof thesu-
pemgatecan be estimatedwith low computingresources.A stem
is removed from consideratiorin the sampling-galuationprocess
if the estimatedrangeof the arrival time at the supegate output
causedoy eventson this stemdoesnot overlapwith the rangeof
the arrival timesat the supegatecausedy the eventsfrom other
stems.
Choosingeffective stems. Stemsdo not produceequallysignif-
icantrecorvergentevents. Therefore we canfind the moreimpor
tant stemsusingthe resultsobtainedby sampling-galuatingeach
stem.Themethodcomparesheresultsof the sampling-galuation
processor eachstemwith thosewithout consideringary stems.
Thuswe canestimatenow sensitve the signalrecorvemgeny is to
aneventgroupproduceddy a stem. We proposeo chooseoneor
two mostsensitve stemsfor eachsupegateto estimatethe final
eventgroupat theoutputof the supegate(single-stenor two-stem
estimation). This single-stemor two-stemtechniqueis the most
effective methodto improve the efficiengy of the algorithmwith
minimumlossof accurag.
Limiting the circuit depth of supemates. Thessizeof a super
gateis animportantfactorin theruntime of thealgorithm. Thisis



becausghereis generallyfewer stemsn asupegatewith asmaller
nuniberof gatesandit takeslesstime to applysampling-galuation
for eachstem. This obseration motivatesthe conceptof limiting
the circuit depthof supegates,i.e., limiting the numberof logic
levels betweenstemsandthe outputof the supegatewhenbuild-
ing the supegatestructure.In this way, the sizeof supegatescan
be reduced. However, if we limit the logic level of a supegate,
theinputsof thelimited-level supegatewill nolongerbeindepen-
dent. Thus, the resultswill no longerbe accurate.However, the
effectscausedy signalcorrelationsarewealerif therecowvergent
gateis fartherfrom the stemsource(the distanceis measuredy
thenumberof logic levelsbetweerthe sourceandtherecomvergent
gate)[6]. Thereforetheerrorcausedy this heuristiccanbe min-
imizedif thelimit of supegatedepthis not too small (say larger
than10). In thenext sectionwe will presentesultsof experiments
conductedn orderto obsere how accurag change®y varyingthe
depthof supegates.

4. EXPERIMENTAL RESULTS

In the following, we demonstrat¢hatby usingthe approximate
techniquediscussedabore it is possibleto speedup the arrival
time estimationprocessby at leastan order of magnitudeand at
thesametime maintainsmallerrorpercentageascomparedvith a
Monte Carlo-basedtatictiming analyzer All experimentsutilize
the techniquedor "filtering unnecessargtems”and”single-stem
estimation”.

First,wedemonstratéheeffectivenesof the”droppinglow prob-
ability events”heuristic.Next, we shaw thatby varyingthenumber
of datasampleof eachrandomvariable, it is possibleto selectan
optimal parametefor discretizingrandomvariablesto balancebe-
tweenrun time andaccurag. Similarly, it is alsopossibleto find
theoptimallogic depthlimit for constructinghe supegates.Since
all thesetechniquesreorthogonalo eachother we canapplyall
of themfor afaststatisticatiming analysis.

We usethe combinationapartsof ISCAS89benchmarlcircuits
for our experiments. Thesecircuits werefirst optimizedfor per
formanceby SynopsydDesignCompiler[7]. Themeansof all cell
delaysareassumedo beafunctionof thenumberof inputs/outputs
of thecells. Thestandardleviation (o) is in therangeof (4%,10%)
of themean(thevalueof ¢ is fixedfor eachcell).

In the following experimentsa Monte Carlo procesgor tradi-
tional static timing analysiswith 1P runsis usedasa compari-
sontamet. The numberof runs, 10°, is selectedto balancethe
accurag andthe run time of the Monte Carlo method. The er
ror percentagef the samplemeanobtainedoy Monte Carlometh-
odsis boundedby cx* s/(y/n* m) [8], wherec is the solution of
the equation,T(c) = (1+Y)/2 (T(c) is the Student t distribution
with a parametec andy is the confidencdevel), s is the sample
variance,m is the samplemeanandn is the numberof samples
(runs). Therefore we canestimatethe error percentagavith 10P
runsasboundedby ¢ s/(y/n*m) = 3.0%0.10/v/10F = 0.095%
with c=3.0,y=0.99ands/m=0.10.

Beforecomparinghenew algorithmwith theMonteCarlomethod,

we needto selectthreeparameterfor the approximateaechniques:
theminimumprobabilityof events(Py) for filtering, the numberof

datasampledor discretizingcell delayrandomvariables(Ns) and
the depthlimit of supegates(D). Notethatonly D is treatedas
a circuit-dependenparameterwhile the othertwo parameterare
keptthesamefor all circuits.

Figure7 shavs theeffectsof droppinglow probabilityeventson
the error percentagefor arrival time meanand varianceandrun
timefor circuit s15850whichis choserfor demonstratiolecause
thesizeof thecircuit is appropriatdor experimentingvariouscon-
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figurationsand it actually hasthe worst performanceamongthe
testedbenchmarkgTable 1). The error percentagesare obtained
by comparingthe resultsof usingdifferentPy, for filtering against
the resultsobtainedwithout droppinglow probability events. As

it canbe seenwith theincreasingPy, the errorsfor the meanand
varianceincreaseand the run time decreases.Using the plot in

Figure7, we choosePy = 10-° which givesreasonablyow errors
(0.114%for meanand 3.24%for variance)while it hasa fastrun

time (174). Note thatall error percentagessedin this paperare
|[Mg| + 3% O, WhereMe and 0e? arethe meanandthe varianceof

error percentagesf signalarrival timesof all signalnodesin the
circuit. This error percentagéoundcancover morethan99% of

all casedy its 3o range.

Figure8 shaws theeffectsof the numberof datasampleof ran-
domyvariables(Ns) on the error percentagefor arrival time mean,
varianceandruntimefor circuit s15850with Py, = 10-5. Thecom-
parisontargetin this experimentis the Monte Carlo process.This
plot demonstratean interestingpropertyof varyingNs: a bathtub
shapeof errorgraphs.A largernumberof sampledor discretizing
cell delayrandomvariablesdoesnot necessarilygive lower errors.
Thereasons becausavith a fixed Py, moreeventsarefiltered out
dueto thelargernumberof sampleswhereeventshave lower aver-
ageprobabilitiesthanthosewith a smallermumberof samplesUs-
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Figure9: The error percentagesand the run time v.s. the depth
of supergatesfor s15850.

ing this plot, we derive thatNs = 20 matchedestwith Py, = 107°.
The effectsof the supegatedepthlimit ontheerrorpercentage,
varianceandrun time areshawn in Figure9 with Py = 102 and
Ns = 20. The experimentshavs that with a lower limit of logic
level for supegatestheruntimewill belower, but theerrorwill be
larger For s15850D = 22 seemgo bethebestchoice. The best
valuesof D for differentcircuitsdepend®ntheir circuit structure.
Similar resultsandgraphsareobtainedor otherbenchmarlcir-
cuits. Theresultsfor several circuits are plottedin Figure10 (the
compareccputime for the new algorithmincludethetime for the
initialization, the circuit partition,andthe heuristics.)The approx-
imate algorithm hasachieved more than one order of magnitude
speedupover the Monte Carlo processwith the errorsof means
boundedwithin 0.095%ascomparedwith the resultsproducedy
the Monte Carlo processexceptfor the circuit s38584.Thevalue
0.095%is the error boundof Monte Carlo process By tracingthe
sourceof larger errorsin s38584,we have found that the larger
errorsare actually causedoy the "single-stemestimation”heuris-
tic. To furtherincreasethe accuray level, we proposeto selecta
few supegateswhichrequiremoreelaboratanethodghan”single-
stemestimation”. To handlesupegateswith multiple stemsiit is
possibleto usea specialMonte Carlo processwhich candirectly
take sampledrom the probabilisticevents.By applyingthe Monte
Carlomethodinsidea supegatewith the samenumberof runsfor
a completecircuit, we can have smallererrorsfor the supegate
sincethereis asmallers/mratio insidea supegate.Thisleadsto a
somavhathybrid approactthatcombineshe nev methodwith the
Monte Carlomethod.Pleasenotethatthenew algorithmconsumes
abouttentimesthememaoryrequiredby theMonte Carloapproach,
sinceit hasto storethe probabilisticeventsfor eachsignal. How-
ever, theseprobabilisticeventsactuallycanbeusedto constructhe
waveformof thearrival time distribution, which is a moreaccurate
descriptionof thedistribution thanjust with the meanandvariance
of the Monte Carloapproachlf the Monte Carloapproachs used
to collectthe arrival time samplesfor eachsignal (for a complete

Ckt s5378| s9234| s13207| s15850| s35932| s38584
Ny | 6.58 6.97 8.16 9.55 3.59 4.42
Ns | 1.33 1.20 1.02 1.43 1.27 0.87
Ng: averagenumberof gatespersupegate
Ns: averagenumberof fanoutstemspersupegate

Table 1: The averagenumber of gatesand fanout stemsof su-
pergates
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Figure 10: The speedupand the error percentagesfor bench-
mark circuits.

waveform),thememoryrequirementvill bein thesamdevel asthe
new algorithm.And the unusedprobabilisticeventscanbe deleted
to save theresourcavhenthereis nofurtherreferenceo them.

Thereis anotheranomalougircuit (s15850)which hasthe low-
estspeedugactor This circuit hasvery comple structuresof su-
pemates.Both the averagenumbersof gatesandstemsin a super
gatearethe largestamongall circuits (Table 1). Thesetwo num-
bersindicatethattheaveragdime spentonhandlingeachsupegate
within s15850shouldbethe highestamongall circuits.

5. CONCLUSIONS

We proposea novel deterministicstatisticaltiming analysisal-
gorithm basedon the conceptof probabilisticevent propagation.
Experimentsshav that this algorithmis significantly fasterthan
Monte Carlo methodsand producesresultswith high accurag.
Therefore,it canbe appliedto larger circuits. The nev method
canalsobe usedasa coreenginein mary applicationsfor which
it is importantto considerstatisticaldelay modelssuchas: yield
estimationandoptimization,power/glitchestimationperformance
sensitvity analysisandtargetselectiorfor delayfaulttesting.
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