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Abstract

In thispaper, a new methodfor analogcircuit sizingwith
respectto manufacturingand operating tolerancesis pre-
sented. Two typesof robustnessobjectivesare presented,
i.e. parameterdistancesfor thenominaldesignandworst-
casedistancesfor thedesigncentering. Moreover, thegen-
eralizedboundarycurveis presentedasa methodto deter-
minea parametercorrectionwithin aniterativetrustregion
algorithm.Resultsshowthata significantreductionin com-
putationalcostsis achievedusingthepresentedrobustness
objectivesandgeneralizedboundarycurve.

1 Intr oduction

In the eraof System-on-Chip(SoC),mixed-signalICs
gainan ever growing marketshare.For the digital part of
thosemixed-signalICs, an establisheddesignflow exists,
while for the analogdesignerthe circuit simulatoris still
themostimportantdesigntool. In orderto keepupwith the
ever growing demandson the designers’productivity and
time-to-market,algorithmsandtoolsfor theautomaticnom-
inal designanddesigncenteringof analogcellsareneeded
to designrobustanalogcellsin acceptabledesigntimes.

For thenominaldesignof analogcircuits,big improve-
ments were made in the area of symbolic [5,12] and
simulation-based[4,10,14,16] algorithms. On the other
hand, for the designcenteringstatistical[13,17] and de-
terministic methodsbasede.g. on simplicial approxima-
tion [6] or ellipsoidaltechniques[1] werepresented.

Morerecently, deterministicunifiedapproachesfor nom-
inal designanddesigncenteringwerepublished,that are
basedon multiple robustnessobjectives (MROs) for in-
dividual performancese.g. linearizedperformancepenal-
ties (LPP) [11] or worst-casedistances(WCD) [2]. But
thesealgorithmssuffer from high computationalcost that
aredeterminedby thenumberof simulations.

On the onehandthe simulationeffort is causedby the
calculationof theMROs. TheseMROsgive anestimation
of the performance-orientedyield of the circuit, but at the
beginningof anoptimization,theperformancesareusually
far away from their specificationand the primary goal is
to fulfill the specification. To reducethe simulationcost
at thatstage,robustnessobjectivesareneededthatdescribe
the robustnessof the individual performancesandcan be
calculatedwith aslittle effort aspossible.

On the otherhand,the publishedalgorithmstransform
theMROsinto ascalarcostfunctionwith asumof exponen-
tial functions.This resultsin a stronglynonlinearfunction,
while theoriginalMROsareoftenonly weaklynonlinearin
theregion of interest.This in turn leadsto increasedsimu-
lationcosts,if a standardoptimizationalgorithmis used.

In thispaper, theparameterdistancesaredefinedasnew
robustnessobjectivesfor thenominaldesign,thatcauseno
additionalsimulationeffort comparedtoasimplesensitivity
analysiswhile they canbeusedwith thesamecostfunction
astheWCDsandLPPs.Thusthey areasignificantprogress
comparedto the state-of-art,sincethey allow to apply the
samealgorithmsasfor thedesigncenteringatasignificantly
lowersimulationeffort. Additionally, they mayalsobeused
if noprocessstatisticis available.

Furthermore,the generalizedboundarycurve(GBC) is
presentedasa methodto determinea steplengthwithin an
iterative trust-regionalgorithm.Comparedto a trust-region
algorithm, that usesthe linearizedcost function to deter-
minea steplength(e.g. [16]), theGBC is basedon thefull
nonlinearcost function calculatedwith the linearizedob-
jectives.Thusthe“linearizationerror” for thestronglynon-
linear costfunction is kept small. As shown in the results
(Section4), usingthe full nonlinearcostfunctionbasedon
thelinearizedobjectivessignificantlyreducesthetotalnum-
ber of iterationsin the optimization. This is a significant
improvementcomparedto gradient-basedsizingalgorithms
like e.g. [16].

Theremainderof this paperis structuredasfollows. In



thefollowing section2, theparameterdistancesandWCDs
areintroducedasrobustnessobjectivesfor thenominalde-
sign and the designcentering. Basedon theseobjectives
theoptimizationproblemis defined.Section3 givesa brief
overview over theGBC.Section4 presentsresults,andsec-
tion 5 concludesthepaper.

2 Problemdefinition

For a fixed topology, ananalogcircuit canbedescribed
by its parametersandperformances.Thecircuit parameters
canbedividedinto threedifferentclasses:� The designparameters

�
(e.g. transistorwidths and

lengths)are tunedby the circuit designerin order to
improvethecircuit performancesandyield.� For the operating parameters� (e.g. supply-voltage
andtemperature),a toleranceregion ��� is definedby
theupperbounds�	� andlowerbounds�	
 :

� ����
 ������
��������	�	� (1)

Thecircuit mustfulfill thegivenspecificationsfor all
operatingparameterswithin this tolerance-region.� Thefluctuationsof the manufacturingprocessarede-
scribedby the statistical parameters � (e.g. oxide
thickness).Theseparameterscannotbe tunedby the
circuit designer. They arecharacterizedby their mean
values ��� , covariancematrix � , andprobability den-
sity function ��� �"!#�%$ . In the restof the paperthe sta-
tistical parametersare assumedto be normally dis-
tributed.As shown in [8], this is noseriouslimitation.

For givenparameters,thecircuit performances& canbe
calculatedby simulation. For theseperformances,specifi-
cations &(' aregivenandcangenerallybe written asupper
bounds:

&�! �*) � ) �+$*�,& ' (2)

2.1 Parameterdistances

Goalof thenominaldesignis to satisfyall specifications
with asmuchsafetymargin aspossiblefor processvaria-
tions. This posestheproblemto comparedifferentperfor-
manceswith differentunits (e.g. slew-rateandgain) with
eachother.

Eachperformance-�. is linearizedwith respectto thede-
signandoperatingparameters:/-�.0! �1) ��$ �32�4576 .98 ! �;:<� ��$�= 2�4>?6 .@8 !#� : �	�%$ ) (3)
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Figure 1. Parameter distance

Basedonthis linearizationtheinfluenceof theoperating
parameterscanbeapproximatedas:

��OQP�R � argmax> S /-�.T! � � ) �	$@���GUG� �7V (4)/- . 6 >IHKJ ! � � $ � /- . ! � � ) � OQP RW$ (5)

Thevalue
/-�. 6 � HKJ ! � �+$ is theperformancevaluefor theap-

proximatedworst-casecorner � OQP R of the operatingpa-
rameters.

The sensitivity of a performancecan be determinedas
the norm of its gradientwith respectto the designpa-
rameters. Taking this into account,the minimum devi-
ation

F%X � F
of the design parametersthat is neededto

shift theperformance
/- . in thelinearmodelfrom thevalue/-�. 6 � HKJ ! � �+$ to the specification- ' 6 . is anappropriatemea-

sureto characterizethedistanceof theperformancefrom its
specification:F�X � F �3Y[Z]\5 S F �G:^� � F � /-�._! �*) ��OQP`RW$ � - ' 6 . V (6)

Thedesignparametersareassumedto bescaled,suchthat
the different parametersare comparable. Eq. (6) can be
solvedexactly usinga Lagrangeformulation:F�X � F � � - ' 6 . : /-�. 6 > H�J ! � �a$%�F 2�5A6 . F (7)

Thevalue
F%X � F

in eq.(7) is definedastheunsignedparam-
eter distance. A signedparameterdistanceis introduced,
suchthat fulfilled specificationsgeta positive signandvi-
olatedspecificationsa negative one. Hence,thesignedpa-
rameterdistanceE . ! � � $ is definedas:

E9.T! � ��$ � -�' 6 . : /- . 6 >?HKJ ! � � $F 2�5A6 . F (8)

The calculationof the parameterdistanceis illustratedin
Figure 1. The parameterdistanceE@. considersboth, the
distanceof the performancefrom its specification,andits



sensitivity with respectto the designand operationalpa-
rameters.Consideringeq. (8) the parameterdistancecan
be interpretedas the distanceof the specificationfrom its
performancemeasuredin unitsof thereciprocalvalueof its
sensitivity.

Thus the parameterdistanceis well-suitedto measure
the“error” of oneperformanceandcomparedifferentper-
formanceswith eachother. Comparedto othernormswith
the samepurpose(e.g. generalizedb c -norm [3]) it hasthe
advantageof beingdifferentiable,if theperformanceis dif-
ferentiable.This is a prerequisitefor many optimizational-
gorithms.Thegoalof thenominaldesignis to tunethede-
signparameters,suchthatthesmallestparameterdistances
areimprovedandall parameterdistancesareasgreataspos-
sible.Thisyieldsa goodstartingpoint for designcentering.

2.2 Worst-casedistances

Goal of the designcenteringis to adjustthe designpa-
rameters,suchthat the yield of the circuit is maximized.
Generallythe overall yield cannotbe calculatedanalyti-
cally. As shown in [2] theworst-casedistances(WCD) dA.
canbe usedto estimatandimprove the yield. The worst-
casedistanceshave thefollowingproperties:� The worst-casedistancestake operatingparameters

andvariationsof the statisticalparameters,including
correlationsinto account.� A worst-casedistanceis negative, if the specification
is violatedfor theworst-caseoperatingparameters.It
is positive,if thespecificationis fulfilled.� Theyield e	.T! � �%$ with respectto thespecification- ' 6 .
canbeestimatedbasedon theWCD d . :

e�. � fg hIi[j,k Rlnm,o+p ��! :*q N�r h $ L"q (9)

� Even for a high yield, the worst-casedistancesstill
have reasonablevariationsandthuscanbeusedto fur-
therimprovetheyield androbustnessof thecircuit.

It canbe seen,that the worst-casedistanceshave simi-
lar propertiesas the parameterdistances. So, except for
their significantlyhighersimulationeffort, they couldalso
beusedfor a nominaldesign.In theapproachpresentedin
this paper, theparameterdistancesareusedin thenominal
designto calculatea goodstartingpoint for thedesigncen-
teringandthusreducetheoverallnumberof simulations.

Thedesigncenteringisbasedontheworst-casedistances
asobjectives. The aim is to size the circuit, suchthat all
worst-casedistancesareasgreataspossible.

2.3 Cost function

In bothcasesthegoalsfor thedesigncenteringandnom-
inal designareto maximizeall objectivesbut especiallythe
smallestones.This means,that from a mathematicalpoint
of view, the two optimizationtasksarethe same.For the
restof the paper, the objectivesare denotedwith s . ! � � $ .
For thedesigncentering,sI. is equalto theWCD d�. , for the
nominaldesign,s?. denotestheparameterdistanceE@. . It is
importantto notethattheproposedmethodis not limited to
WCDsandparameterdistances.In fact it canbeappliedto
any differentiablerobustnessobjectivesandcost function,
aslong asthecostfunction is convex for thelinearizedro-
bustnessobjectives.

As proposedin [2,11], a suitablecostfunction t for the
proposedoptimizationtaskis:

tK! � $ �vu7wx .zy M o+p �{! :}| 8 s . ! � $_$ )~|����
(10)

Theconstantfactor
|

in this equationis a scalingfactorfor
the objectives. The costfunction(10) is constructed,such
thatsmallor negative objectiveshave ahighcontributionto
theoverall costandpositiveonesonly have a minor contri-
bution.

An automaticcircuit sizing is only feasibleif the prin-
cipal functionality of the circuit is guaranteedduring the
wholesizingprocessby consideringfunctionalconstraints
(e.g. saturationconditionfor theMOS-transistorsof a cur-
rent mirror) [7,16,18]. Theseconstraintscan be divided
into equalityconstraintsfor designparametersandinequal-
ity constraintsfor parametersandsimulatedproperties.

Every equality constraintreducesthe numberof free
designparametersby one and thereforereducesthe de-
sign spaceandspeedsup the sizing. The inequalitycon-
straints �*! � $ areformulatedsuchthat fulfilled constraints
arepositive: �K! � $���� (11)

Theseconstraintsare either constraintson parametersor
on simulatedproperties,that canbe extractedfrom a DC-
simulation,thatmustbedoneanyway. Thusthey causeno
additionalsimulationeffort.

Combining the constraints(11) and the cost func-
tion (10), thesizingproblemcanbeformulatedas:Y�Z]\5 
 t*! � $9���*! � $����`� (12)

3 The generalizedboundary curve

Theminimizationproblem(12) couldbesolvedusinga
standardoptimizationalgorithm.But asstatedin theintro-
duction,dueto thestronglynonlinearcostfunctionthismay
resultin a hugenumberof iterations.



On the otherhand,trust-region algorithmshave proven
to beveryeffectivewithin circuit design(e.g. [16]). As key
taskin eachiterationof thesealgorithmsa parametercor-
rectionhasto bedetermined,thathasa goodratio between
errorreductionandnormof theparametercorrection,such
thatthelinearizationis still valid for thechosenstep-size.

TheCBC [16] turnedout to bevery well suitedfor this
job in presenceof linearizedobjectives. Thereforein this
papertheGBC is presentedasa generalizationof theCBC,
that inheritsits mostimportantpropertiesbut is alsosuited
for theproposedstronglynonlinearcostfunction. Thesiz-
ing algorithmitself is thesameastheonepresentedin [16],
exceptthat theGBC is usedto determinea parametercor-
rection.

The main ideaof the GBC is, not to usethe linearized
costfunctionbut only thelinearizedobjectivestocalculatea
boundarycurvesimilarto thecharacteristicboundarycurve.
Theobjectives � andtheconstraints� arelinearizedat the
linearizationpoint

� � :
�}! � $ � �}! � ��$� �%� � = B 5 ��� 5 y 5��� ��� � 8 ! �;:^� ��$� �%� � =��%���/�}!z�@$ � � � = � 8 � (13)

�K! � $ � ��! � � $� ��� � = B 5 �}� 5 y 5 �� ��� � 8 ! �;:^� � $� �%� � =��%���/��!��@$ � � � = � 8 � (14)

Basedonthelinearizedobjectives,theapproximatedobjec-
tive function

/tK!��@$ is setup:

/t*!��{$ � u7wx .�y M o+p �@! :}| 8 /sI.0!z�@$�$ (15)

Similarly to the CBC the costfunction(15) is modifiedin
orderto find a goodcompromisebetweentheerror reduc-
tion andthenormof theparametercorrection:/� !�� )0� $ � /t N !��@$�= � 8 F � F N )~� � �

(16)

Thefactor
�

is aweightfor theparametercorrection.Based
on (16) themodifiedoptimizationproblemis setup:

�@�%! � $ � argmin� S�/� !��{$�� /�*!z�@$*�3�@V (17)/t � ! � $ � /t*!z� � ! � $_$ (18)

To solve this problem,no simulationsare necessary, be-
causeit relieson the linearizedobjectives. As suggested
in [16] theresultingparametercorrection

F �	� F andthecost
function

/t � aretransformed,suchthat all solutionsare in
theinterval � �A) f�� :| � ! � $ � F ���(! � $ F : F ����! �Q ¢¡ $ FF � � ! � $ F : F � � ! �[ ¢¡ $ F (19)

£ � ! � $ � /t9��! � $ : /t@��! �� ¢¡ $/t � ! � $ : /t � ! �� ¢¡ $ (20)
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Figure 2. Typical example for a GBC.

A typical exampleof a GBC is shown in Fig. 2, where
the GBC is the generalizationof the CBC. The CBC can
onlybeappliedto linearobjectivestransformedinto ascalar
quadraticcost function. Whereasthe GBC is suitablefor
any cost function, that is convex for the linearizedobjec-
tives. For the GBC following theoremsare true (proofs
see[15]):

Theorem 1 If
/t*!z�@$ is convex and the active constraints

are linearly independent,� � ! � $ is theparametercorrection
with minimum

/t*!��{$ for all ��UG¤ and
F � F ��¥ � F ����! � $ F .¦

Theorem 2 If thecostfunction
/t*!z�@$ is convex, thenthere-

sultingparametriccurve � | ��! � $ ) £ ��! � $ � 4 is convex. ¦
Theorem 3 Theslope § � of theGBCis givenby:

§ ��� :¨� F � � ! � $ F/t9��! � $ 8 F � � ! � $ F : F � � ! �� ¢¡ $ F/t9��! � $ : /t9��! �[ ¢¡ $ (21)¦
Thesetheoremsshow, that the GBC inheritsall impor-

tantpropertiesfrom theCBC. Theorem1 and2 mean,that
theGBC is suitableto determinea parametercorrectionin
anautomaticsizingalgorithm. Theorem3 guaranteesthat
theGBCcanbeapproximatedwith thesamealgorithmsas
the CBC andan identicalalgorithmcanbe usedto search
thekink of thecurve. Thiskink representsa parametercor-
rection,thaton theonehandhasa reasonablestepsizeand
on theotherhandasignificanterrorreduction.

4 Results

The introducedsizing method was used to design a
foldedcascodeoperationalamplifier(Fig. 3) andanoutput
buffer (Fig. 4).

The folded-cascodeoperationalamplifierconsistsof
hIh

transistors,which result in ©?© possibledesignparameters.
Basedon thestructuralconstraints,thenumberof thesecan
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Figure 3. Folded-cascode operational amplifier

bereducedfrom ©I© to ª designparameters.Theoperating
conditionsaredescribedby © operatingparametersandthe
processstatisticis modeledwith technologydatafrom Infi-
neonTechnologies.Thedetailedsizingresultsareshown in
Table1.

Initial Nominal Centered
Perf. Spec Val/WCD Val/WCD Val/WCD

A0 « dB¬ ­ 65 95/0.2® 76/2.7® 76/4.2®
ft «MHz¬ ­ 30 21/-9.7® 68/8.0® 58/4.5®
PHM «0¯ ¬ ­ 60 39/-6.6® 67/1.6® 71/3.9®
Slewp « V/ ° s¬ ­ 32 20.8/— 67/6.4® 58/3.9®
Power« mW¬ ± 3.5 1.1/6.0® 2.6/0.9® 2.3/4.2®
Yield (WCD) — 0.0² 76.2² 99.9²
Yield (MC) — 0.0² 77.3² 100²

Table 1. Sizing results and yield estimations based
on worst-case distances (WCD) and a 1000 sample
Monte Carlo analysis (MC) for the OP

All sensitivities werecalculatedwith forwardfinite dif-
ferenceswith Infineon’s in-housesimulatorTITAN [9] on a
PentiumII/450MHz. A furtherreductionin simulationtime
canbeexpectedif simulator-built-in sensitivitiesareused.

Especiallyremarkablearetheresultsfor the gainA0 of
the operationalamplifier. The designcenteringimproves
theWCDfrom2.5to 4.2in 3 iterations,but theperformance
valueis 76dB in both cases.This shows, that a parameter
setis calculatedwherethecircuit is significantlylesssensi-
tive to variationsof theproductionprocessandtheoperat-
ing conditions.Sucha solutioncanonly becalculatedby a
designcentering,that takesbothstatisticalandoperational
parametersinto account.

For the output buffer a technologytransferwas done.
This means,that the valuesfor the designparametersare
takenfrom anold technologyandarescaleddown. After-
wardsaresizingis necessaryin orderto fulfill thespecifica-
tions.Table2 summarizestheresultsfor theoutputbuffer.

In bothcasesa goodstartingpoint for thedesigncenter-
ing wascalculatedin the nominaldesign. This is enabled
by the parameterdistancesasrobustnessobjectives. Thus
thenumberof iterationsin thesubsequentdesigncentering

enq

dq

Figure 4. Output buffer

Initial Nominal Centered
Perf. Spec Val/WCD Val/WCD Val/WCD

Delayfall « ns¬ ± 4 3.2/2.5® 2.4/5.4® 2.6/4.8®
Delayrise« ns¬ ± 4 3.9/-0.2® 2.8/2.9® 2.7/3.4®
Slopefall « ns¬ ± 4.5 5.0/-1.7® 3.0/5.4® 3.1/3.7®
Sloperise« ns¬ ± 4.5 6.7/-3.4® 3.3/2.5® 3.3/3.4®
Noisegnd « mV/nH¬ ± 25 12.3/6.8® 14.9/4.1® 14.4/3.9®
Noisevdd « mV/nH¬ ± 25 12.3/6.8® 14.4/4.3® 15.3/3.4®
Yield (WCD) — 0.0² 99.2² 99.9²
Yield (MC) — 0.0² 98.9² 100²

Table 2. Sizing results and yield estimations based
on worst-case distances (WCD) and a 1000 sample
Monte Carlo analysis (MC) for the output buffer

is keptsmall,which is essentialfor anindustrialapplicabil-
ity of a designcenteringalgorithm.For bothcircuitsit was
possibleto calculatea 3³ designor better.

As statedin section3, the circuit sizing could alsobe
donewith a standardoptimizationalgorithm. But due to
the strongly nonlinearcost function, this may result in a
significantlylargernumberof iterations.

Theresultsarchived with the GBC-basedalgorithmare
comparedto the standardgradient-basedalgorithm dis-
cussedin [16]. Bothalgorithmsresultedin nearlythesame
solution(performancedifferenceslessthan

h?´
, WCD dif-

ferenceslessthan0.1). But asshown in Table3 the sim-
ulationeffort for the gradient-basedalgorithmwassignifi-
cantlyhigher.

OpAmp Buffer
Grad. GBC Grad GBC

Iterationsnom.design 14 6 6 3
CPUnom.design 769s 305s 337s 147s
Iterationsdesigncent. 5 3 6 2
CPUdesigncentering 2812s 1567s 3310s 1160s
Averagelin. error 95² 28² 58² 15²
Averageµ�¶{µ 0.13 0.35 0.05 0.11
Reductionin sim. time 48² 64²
Table 3. Comparison of GBC and gradient-based
minimization algorithm



For the gradient-basedalgorithm, due to the high lin-
earizationerror, only smallstepswerepossible.Thus,more
iterationswereneededto achieve thesameresults.

For theGBCbasedalgorithmthelinearizationerrorwas
rathersmall. This shows, that therobustnessobjectivesare
only weaklynonlinearandthusthe estimationof the error
on linearizedobjectivesgivesa goodideaof therealerror.

5 Conclusion

In this contributionanautomaticsizingmethodfor ana-
log cellsbasedonrobustnessobjectiveswaspresented.The
proposedmethodis suitablefor both nominaldesignand
designcentering.Robustnessobjectivesfor thedesigncen-
teringaretheworst-casedistances(WCD); for thenominal
design,theparameterdistancesareintroducedasrobustness
objectives.

Thechosensizingalgorithmrequiresthetransformation
of therobustnessobjectivesinto a costfunction via a sum
of exponentialfunctions.This resultsin a stronglynonlin-
earcostfunction,even for linear objectives. To overcome
this problem,thegeneralizedboundarycurve (GBC) is in-
troduced.This GBC is basedonly on the linearizedobjec-
tivesthemselvesandnot the stronglynonlinearcost func-
tion. Thus the linearizationerror is kept small. In every
iterationstepof the sizing algorithm, the GBC is usedto
calculatea parametercorrectionwith a goodratio between
errorreductionandnormof theparametercorrection.

Resultsshow thata reductionin computationalcostsof
about50́ with respectto [16] is achievedby thepresented
robustnessobjectivesandgeneralizedboundarycurve.

Acknowledgements

The authorswould like to thank Dr. U. Schlichtmann,
Dr. H. EichfeldandDr. C. Sporrerfrom InfineonTechnolo-
giesAG for supportingthiswork andDr. J.Eckmüller from
InfineonTechnologiesAG for thediscussionof results.

References

[1] H. Abdel-MalekandA. Hassan.The ellipsoidaltechnique
for designcenteringandregionapproximation.IEEETrans.
onCAD, 10:1006–1013,1991.

[2] K. Antreich,H. Graeb,andC. Wieser. Circuit analysisand
optimizationdrivenby worst-casedistances.IEEETrans.on
CAD, 13(1):57–71,1994.

[3] J. Bandlerand S. Chen. Circuit optimization: The state
of theart. IEEE Trans.on MicrowavesTheoryTechniques
(MTT), 36:424–442,1988.

[4] A. R. Conn, P. K. Coulman,R. A. Haring, G. L. Morill,
C. Visweswariah,andC. W. Wu. JiffyTune: Circuit opti-
mizationusing time-domainsensitivities. IEEE Trans.on
CAD, 17(12):1292–1309,Dec.1998.

[5] M. delMar Hershenson,S.P. Boyd,andT. H. Lee.GPCAD:
A tool for CMOSop-ampsynthesis.In IEEE/ACM Int. Conf.
on CAD(ICCAD), 1998.

[6] S. Director, W. Maly, and A. Strojwas. VLSI Designfor
Manufacturing: Yield Enhancement. Kluwer Academic
Publishers,USA, 1990.

[7] J.Eckmueller, M. Groepl,andH. Graeb. Hierarchicalchar-
acterizationof analogintegratedCMOSciruits. In Design,
Automationand Test in Europe (DATE), pages636–643,
Paris,France,Feb. 1998.

[8] K. Eshbaugh.Generationof correlatedparametersfor sta-
tistical circuit simulation. IEEE Trans.on CAD, 11:1198–
1206,1992.

[9] U. Feldmann, U. Wever, Q. Zheng, R. Schultz, and
H. Wriedt.Algorithmsfor moderncircuit simulation.Archiv
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