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ABSTRACT
Delay dueto capacitive couplingof interconnectshasbecomean
importantreliability issuein the designof nanometercircuits. In
this paperwe presenta probabilisticapproachtowardsanalyzing
theimpactof capacitive couplingnoiseon signaldelay. Thevaria-
tion in thedelayis dueto thevariationin therelative arrival times
of theaggressorsandthevictim. Wederiveexpressionsfor themo-
mentsof thevictim voltagein thepresenceof noise.Fromthesewe
computeestimatesof the earliestandlatestpossiblearrival times
of thevictim. We comparetheanalyticalresultswith MonteCarlo
simulationsusingSPICE.Even thoughthe analyticalcalculations
are200 timesfasterthanthe Monte Carlo simulations,the differ-
encesin the estimatesof the meanandstandarddeviation of the
arrival time is nomorethan2.8%.In addition,thewidth of thetim-
ing intervalsusingtheproposedapproachis reducedby asmuchas
48%with a confidencelevel of 0.984.That is 98.4%of theMonte
Carlo simulationsresultin anarrival time that falls within thede-
rivedinterval which is 48%shorter.

1. Introduction
The reductionin spacingbetweeninterconnectsin nanometer

scalecircuitshascausedthecrosscouplingcapacitanceto become
thedominantcomponentof thetotal interconnectcapacitance[20,
22]. Similar trendsarealsoseenwith inductive couplingprimarily
due to higherclock frequencies[5, 11]. The term delaynoiseis
usedto describethesituationwhenswitchingon a net (aggressor)
resultsin achangein thetiming characteristicsof theneighbouring
net (victim). Delay noisecanresult in the victim gettingdelayed
andthusresultingin a timing violation. The timing violation can
be a hold time or setuptime violation dependingon the relative
switchingdirectionsof thevictim andaggressor.

Interconnectcouplingnoisehasbecomea majorconcernin the
designof nanometerscalecircuits.Asaresult,noisesimulators[13,
20] have becomean indispensabletool in their design. Detailed
simulationof distributedRC modelsof an industrialcircuit using
noisesimulatorsis computationallyprohibitive asthey oftenhave
hundredsof thousandsof nets.Consequently, accuracy is sacrificed
for speedby usinglinearmodelsof thegatesthatdrive thevictim
andaggressornets[13, 21], employing reducedordermodels[14,
15] in thesolutionof thenetwork equations,andusingsuperposi-
tion to processmultiple aggressors.

A key issuein noisesimulationis the alignmentof aggressor
waveforms[3, 6, 13, 20, 21]. Associatedwith eachnet is an in-
terval specifyingtheearliest(EAT) andlatestarrival time(LAT) of
that signal. Thevariationsin gateandinterconnectdelaysaswell
asthevariationin lengthsof differentpathsall contributeto theun-
certaintyof thearrival time within this interval. Noisesimulators
assumetheworstcasescenarioby fixing thearrival timesof theag-

gressorssothatthepeaksof thenoisewaveformsarealigned[3, 13,
20,21]. Theworstcasealignmentresultsin themaximumdelayin
the arrival time of the victim [6]. Even thoughthe likelihoodof
realizinga worst-casecompositenoiseis relatively small,this pes-
simisticapproachcanresultin a significantreductionin theclock
frequency.

Much work hasbeendonetowardanalyzingsignaldelayin the
presenceof coupling. Themainobjective is to determinethenew
timing interval (earliestandlatestsignalarrival times)in thepres-
enceof couplingnoisefor usein statictiming analysis(STA). The
problem is complicatedbecausethe coupling capacitanceis not
constantasthevictim andaggressorswitch[8, 17], andbecauseof
theinterdependenceof theaggressorandvictim arrival times[17].
An iterative approachis neededto computethe timing interval.
This is doneby startingwith an initial window andthenexpand-
ing or contractingit until the solution converges[2, 4, 24]. The
windows thusobtainedcanbeusedfor STA [18].

Logic and timing correlations[7, 12] can also be usedto re-
ducethe pessimismin noiseanalysis. The set of aggressorsfor
a given victim canbereducedbasedon functionalanalysisof the
signals[10]. However thecomputationalcomplexity of determin-
ing logic andtiming correlationsis very high, andof limited ben-
efit sincephysicalproximity of signalsandfunctionaldependence
amongthemmightbeunrelated.

Even after pruningthe nets,the worst caseassumptionsincor-
poratedinto noisesimulatorsoften result in a very large number
of timing violationsbeingreported. Oneway to reducethis pes-
simismis to performa sufficiently large numberof Monte Carlo
simulations,varying the arrival timesof the victim andaggressor
signalsover their respective timing windows. Suchan approach
will yield afairly accurateestimatesof thearrival timesin thepres-
enceof noise,but requiresan enormousamountof computation
time. What is neededis an analyticalmethodthat will yield esti-
matesof thearrival time of a signalin thepresenceof noise,while
takinginto accountthevariationsin thearrival timesof theaggres-
sor signals. This requiresmodelingthe victim waveform aswell
asthe noisewaveform dueto eachaggressorto constructa com-
positevictim waveform.Thenthedelayof thevictim asa function
of relative signalarrival timesof thevictim andaggressorscanbe
computed[19]. In [8] thedelayuncertaintyof a victim net result-
ing from varying the slew rateof a singleaggressoranda victim
arestudied.

In this work we presentanapproachthat reducesthepessimism
in obtainingthe earliestarrival time (EAT) andlatestarrival time
(LAT) of a signal in presenceof noiseby taking into accountthe
variability of the arrival timesin absenceof noise. The proposed
methodwill help designersto accuratelypredict the timing win-
dow of a signalwithout having to performtime consumingMonte

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
0-7803-7607-2/02/$17.00 ©2002 IEEE 



τx
τs

ri

τi

τri

Vdd

Vdd/2

Vp

Figure 1: Victim and Noise waveforms.

Carlo simulations. Similar work hasbeendonein [23] for func-
tional noise. Our methodpermitsmakinga tradeoff betweenthe
uncertaintyin the estimateand the length of the timing window.
We compareour resultswith MonteCarlosimulationson netsex-
tractedfrom a high performanceindustrialprocessor. The results
show that the approachleadsto asmuchas50% reductionin the
width of thetiming window with only a 3% decreasein theproba-
bility associatedwith thetiming window.

The organizationof rest of the paperis as follows: Section2
containsa descriptionof the noiseandthe victim models. It also
shows a way to obtain the EAT and LAT using the momentsof
the victim in presenceof noise. A discussionof the assumptions
is given in Section3. The expressionsfor the kth momentof the
victim andaggressorwaveformsarederived in Section4. Finally,
in Section5 we presenta comparisonof thetheoreticalresultsand
Monte Carlo simulationsusing netsextractedfrom an industrial
processorcircuit.

2. The Victim and Noise Models
A victim with a setof n aggressorsis referredto asa clusterof

sizen. Sincewe areexaminingdelaynoise,we assumethat the
victim is switchingin from logic 0 to logic 1 andtheaggressoris
switchingfrom logic 1 to logic 0.

The victim andthe aggressornetsaremodeledasa RC ladder
network. Sinceall theelementsin ourcircuit arelinear, wecanuse
the principle of superpositionto model the voltageat a given net
by addingthe voltagesof the victim in absenceof noise,denoted
by X
�
t � , andthenoisewaveformresultingfrom the ith aggressoris

denotedby Zi
�
t � . Thegeneralform of thenoisewaveformseenon

thevictim dueto aggressorswitchingis a sumof weighteddecay-
ing exponentials.Wemodelthevictim andthenoisewaveformsas
givenin [19].

Thevictim is assumedto bearisingexponentialwith a risetime
of τr , maximumvoltageVdd and switching time τx. Figure (1)
shows thevictim andthenoisewaveforms.Theswitchingtimes,τi
andτx, areconsideredto be randomvariableswith triangulardis-
tributionsover [ηi � ai , ηi � ai ] and[ηx � ax, ηx � ax] respectively.
Hereηi � ai andηi � ai representtheEarliestSwitchingTime, EST
andtheLatestSwitchingTime, LSTrespectively. Also ηi andηx de-
notethemeanof theswitchingtimes. Thelengthof theswitching
time windows is givenby 2ai and2ax. Thecorrespondingdensity
functionof switchingtime for the ith aggressoris

fτi

�
τ ��� � 1

a2
i � ai �	� τ � ηi � 
 2 ηi � ai � τ � ηi � ai

0 otherwise
(1)

Sinceτi is a randomvariable,Zi
�
t � is a randomvariablefor a

fixed valueof t. Let Sn
�
t � representthe resultingwaveform on a

given victim net in a clusterof sizen. As statedearlier, usingthe
principleof superposition,wecanrepresentSn

�
t � asthesumof the

victim in absenceof noiseandthenoisedueto eachaggressor. We
assumethat therandomvariablesZi

�
t ��
 i � 1 
 2 
�������
 n 
 areindepen-

dent.Thuswe have

Sn
�
t ��� X
�
t � � Z1

�
t � � Z2

�
t � ��������� Zn

�
t ��� (2)

Thearrival timeof a signalis definedasthetimeafterwhich the
signalvalueis morethanthethresholdvoltage.In thepresenceof
noisethe resultingvictim waveform cancrossthe thresholdvolt-
agemultiple times. In sucha casewe areinterestedin finding the
last crossingof the waveform. Sn

�
t � beinga continuousandnon-

stationaryprocess,obtainingthe statisticsof the arrival time for
thisprocessis notpossibleanalytically. Thenext bestthingwecan
do is to accuratelyestimatethe arrival time window within some
confidencelimit. This is doneby first deriving the expressionfor
the kth momentof the victim in presenceof couplingnoise. Let
µv � t � andσv � t � representthemeanandthestandarddeviation of the
victim waveformin presenceof noise.Thatis, µv � t � � E �Sn

�
t ��� and

σv � t � ��� E � � Sn
�
t � � µv � t � � 2 � (seeEquation4). Similarly let µt and

σt representthemeanandthestandarddeviation of thevictim ar-
rival times. The time at which the meanof the victim waveform
crossesthe thresholdvoltageis anestimateof themeanof thear-
rival times(µt ) of thevictim in presenceof noise.To find thetiming
window wedefinethetwo voltagewaveformsasfollows:

V �k � t � � µv � t � � kσv � t �
V !k � t � � µv � t � � kσv � t � (3)

Herek is definedastheReliability Factor. Increasingthevalueof
k increasesthesizeof the timing window aswell asthereliability
of thecircuit. Thuswe definethearrival timewindow asfollows

DEFINITION 2.1. Lett �k denotethelatesttimet such thatV �k � t �"�
Vdd # 2. Similarly, let t !k denotethe latesttimet such thatV !k � t �$�
Vdd # 2. Then,t !k andt �k denotetheupperandthelower limit of the
arrival timewindowrespectively.

Both t !k andt �k areobtainedby solvingµv � t � � kσv � t � � Vdd # 2 and
µv � t � � kσv � t � � Vdd # 2, for t, respectively. We computethevoltage
waveformsfor differentvaluesof k, andfind thecorrespondingar-
rival times. Thesearrival timesform theEAT andtheLAT of the
victim in presenceof noise. Note that the intervals [EAT, LAT]
have a probability assignedto them. Therefore,it is indeedpos-
sible that a realizationof thecircuit may result in thearrival time
falling outsidethis interval. Clearly, in statisticalbaseddesign,we
mustdeterminesuchaninterval ataprescribedlevel of confidence.
Weoutlinetheentireprocedureof computingthefinal arrival times
window for a signalin Figure(2).

3. Discussion of Assumptions
Our approachis basedon thefollowing assumptions:

1. theswitchingtimesof the aggressorsandthe victim have a
triangulardistribution,

2. thenoisewaveformduring the initial part (rising or falling)
is linear, and

3. the individual aggressorandthevictim signalsareindepen-
dent
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Start

Obtain the parameters for noise and victim signals
 using SPICE simulation as shown in Table 2

Combine the moments obtained above
to get the moments of the final waveform

to obtain the final arrival time window

End

Choose a value of

Obtain the moments of the noise and victim
 waveforms using Eqns 7 and 9 respectively

Figure 2: Flowchart for computing the Timing Windows

A triangulardistribution for the signal switching time is reason-
ablesinceit is finite andunimodal. The alternative of a uniform
distribution is unrealistic. The resultspresentedin this paperare
easilymodifiedto accomodatenon-symmetrictriangulardistribu-
tions. The secondassumptionis alsonot too severea restriction
sincethe inital part of the noisewaveform dueto eachaggressor
follows thesteepfalling or rising transitionof theaggressor. It was
includedto simplify thealgebra.It hasnosignificantimpacton the
accuracy. Theassumptionthattheaggressorsareindependentis an
orthogonalissue.Underazerodelaymodel,determinationof logic
correlationsis doneseparately. Thiswouldidentify thesetof ”real”
aggressorsfor agivenvictim. Theapproachpresentedin thispaper
would still bevalid. Temporalcorrelationsarefar moredifficult to
model.At presentwe cannotaccountfor suchdependencies.

4. Moments of the Coupled Victim
In this sectionwe derive themomentsof thevictim in a cluster

of sizen. SinceSn
�
t � canbewritten asshown in (2), themoments

of thevictim in presenceof noisecanbewrittenas

E �Sk
n
�
t ���%� E � � X � t � � Z1

�
t � � Z2

�
t � ��������� Zn

�
t ��� k � (4)

Henceto obtainthemomentsof thecoupledvictim, we first need
to derive themomentsof thenoiseandthevictim. For this,wefirst
derive the momentsof the individual noisewaveforms. The kth
momentof theindividual noisewaveformis givenby [1]

E �Zk
i
�
t ���&� � � 1� k � r i � k

a2
i
�
k � 1� � k � 2�(' � t � α1 � k ! 2 ��

t � γ1 � k ! 2 � 2
�
t � β1 � k ! 2 ��

k � 2�*) 2 � β1 � ηi � � t � β1 � k ! 1 ��
α1 � ηi � ai � � t � α1 � k ! 1 ��
ηi � ai � γ1 � � t � γ1 � k ! 1 +-, �� � Vp � k � τri

a2
i k

�
t � ηi � ai � Vp # ri � �

τ2
ri

a2
i k2

�
1 � e� k � t � ηi ! ai � Vp . ri � . τri � 


(5)

theabove expressionis for t /0� ηi � ai � Vp # r i 
 ηi � Vp # r i � similar
expressionscan be derived for the rest of the casesas well. the
valuesof α1 
 β1 and γ1 for the conditionVp # r i 1 ai aregiven in

Table 2: Parameters of the victim and noise waveforms
Signal PeakVolt. (V) Risetime(ns) Fall time(ns)
Victim 1.35 26.20 NA
Agg. 1 -0.408 26.178 0.962
Agg. 2 -0.515 26.313 2.065
Agg. 3 -0.040 26.193 0.775

Table1 where

t1 � ηi � ai

t2 � ηi � ai � Vp # r i

t3 � ηi

t4 � ηi � Vp # r i

t5 � ηi � ai

t6 � ηi � ai � Vp # r i

The momentsof the total noisecan be computedfrom the in-
dividual noisemomentsusingthebinomialexpansionrecursively.
Theproducttermsin this expansionaresimply theproductsof the
previously computedmomentsof individual noisewaveforms.We
now derive the kth momentof the Victim. Herewe give the kth
momentfor t / � ηx � ax 
 ηx � , similar expressionscanbeobtained
for restof thecases.

E �Xk � t ���&� 1 � Vk
dd

�
t � ηx � ax �

a2
x

k

∑
j 2 1 3 kj 4 � � 1� j τr

j �
Vdd

a2
x

k k

∑
j 2 1 3 kj 4 � � 1� j τ2

r

j2
�
1 � e� j � t � ηx ! ax � . τr � (6)

A closedform for the above summationwasnot possible.So we
numericallycomputethemomentsof thevictim. Thekth moments
of thenoiseandthevictim canbecombinedto obtainthekth mo-
mentof thevictim in presenceof noise.

5. Experimental Results
WeusedanRCnetwork modelof aclusterextractedfrom ahigh

performanceindustrialprocessor. SPICEwasusedfor performing
theMonteCarlosimulationsby varyingtheswitchingtimesof the
victim and the aggressors.The parametersfor the noiseand the
victim waveformswereobtainedafteronesimulationfor eachnet.
The model parametersare shown in Table 2. The parametersof
the probability distribution were taken to be different for all the
nets. The logic thresholdvoltage(voltageabove which thesignal
is assumedto be at logic 1) wastaken to beVdd # 2 (0.675V).The
clustersize(numberof aggressors)was3. Thefigures(3) and(4)
show both the calculatedandsimulatedmeanandthe varianceof
thevictim voltagerespectively in thepresenceof noise.Weseethat
theerrorin theregionof interest(closeto theThresholdvoltage)is
lessthan1%for themean.

Thedistributionfunctionof thesimulatedarrival timesof thevic-
tim in presenceof noiseandin absenceof noisewereconstructed.
Figure (5) shows the two distribution functions. The distribution
of thevictim in absenceof noiseis shiftedto theright by 11� 18ns
for bettervisibility. Fromthesecurves,we seethatthemeandelay
on the victim is 11� 12ns (or closeto 30%). We alsoseethat the
shapeof thedistribution functionof thevictim in presenceof noise
is considerablydifferentfrom theonein absenceof noise.This is
becausetheeffect of noiseon thevictim is equivalentto convolv-
ing the densityfunctionsof the victim and the aggressorswhich
will resultin asimilar waveform.

Fourdifferenttestcasesweregeneratedby varyingtheswitching
windows of thenets.Thewidthsof theswitchingwindows varies
considerablyover all thecases.Figure6 shows theµv � t � � 1 � 5σv � t �
andµv � t � � 1 � 5σv � t � . This figure shows the calculationof the EAT



Table 1: Values of α1, β1 and γ1
Ranget

� � ∞ 
 t1 � � t1 
 t2 � �
t2 
 t3 � �

t3 
 t4 � �
t4 
 t5 � �

t5 
 t6 � �
t6 
 ∞ �

α1 t t1 t � Vp # r i t � Vp # r i t � Vp # r i t � Vp # r i t � Vp # r i
β1 t t t ηi t � Vp # r i t � Vp # r i t � Vp # r i
γ1 t t t t t ηi � ai t � Vp # r i
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Figure 3: Means of the Victim waveform.

Table 3: Comparison of the Theo. and Sim. Arrival Times
Case Sim. Theoretical

EAT/LAT EAT/LAT Prob. Win. sizered.
I 36.92/40.47 38.18/40.02 0.962 48.2%
II 37.3/41.66 38.26/40.94 0.956 38.6%
III 48.21/58.65 50.02/56.45 0.97 38.5%
IV 45.12/56.08 47.07/52.67 0.984 48.91%

andtheLAT of thevictim waveformin presenceof noise.TheEAT
andthelatestarrival timesfor therestof thecasesis listedin Table
(3). This tablealsoshows the percentageof the simulatedarrival
timesthatfall in this window. Thepercentagereductionin thesize
of thewindow is alsoshown. We seethateven after reducingthe
sizeof thewindow by asmuchas48%,theprobabilityof thearrival
times falling within this window reducesby only 1.6%. That is
98.4%of thetotal arrival timesfall within thiswindow. This result
alsoreflectson theamountof pessimismassociatedwith theworst
caseanalysisandhow to reduceit.

Figure(7) shows thepercentageof signalarrival timesfalling in
the timing window with respectto k. We seefrom the figure that
as k is increased,the percentageof eventsthat fall in the arrival
time window increases.For k greaterthan1.5, thepercentagefor
all thecasesis greaterthan95.6%.Thuschoosinga k greaterthan
1.5 givesa very goodestimateof thearrival time window without
sacrificingtheaccuracy.

Sincethe convolution of a large numberof triangulardistribu-
tions tendsto Gaussian,we estimatetheempericallyobtaineddis-
tribution with a Gaussianandcomparethemeanandstandardde-
viation of this with the theoreticallyobtainedmeanandstandard
deviation. Table( 4) shows the theoreticalvaluesandaswell as
thoseobtainedby MonteCarlosimulation.We seethat thevalues
matchwithin a maximumerror of 2.8%. Thuswe canusethese
valuesto give accurateconfidencelimit on thearrival times.
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Figure 4: Second Central Moments of the Victim waveform.

Table 4: Simulated vs. Theoretical Mean and Std. dev.
Case Simulated Theoretical Error

µ (ns) σ (ns) µ (ns) σ (ns) µ (ns) σ (ns)
I 38.7 0.606 39.1 0.614 1% 1.3%
II 39.41 0.896 39.62 0.887 2% 1%
III 53.15 2.09 53.46 2.14 0.6% 2.8%
IV 49.83 1.83 50.00 1.87 2% 2.2%

6. Conclusions
In thispaperwepresentedanew approachtoanalyzedelaynoise.

The objective wasto getan estimateof the arrival timesof a vic-
tim in presenceof cross-couplingof adjacentnetswithoutperform-
ing thetime consumingMonteCarlosimulations.Thetheorywas
appliedon a clusterextractedfrom a high performancemicropro-
cessorand the resultswere verified by performingMonte Carlo
simulationsusingSPICE.Theresultsshow a very goodagreement
betweenthe theoreticaland simulatedvalueswith the maximum
errorbeing2.8%.Theapproachreducesthepessimisminherentin
theworstcaseanalysisby asmuchas48%.
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