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Abstract

In this paper a new methodor analogcircuit sizingwith
respecto manufacturingand opeiating tolerancesis pre-
sented. Two typesof robustnesbjectivesare presented,
i.e. parameterdistancedor the nominaldesignandworst-
casedistancedor the designcentering Moreoveythe gen-
eralizedboundarycurveis presentedis a methodo deter
minea parametercorrectionwithin aniterativetrustregion
algorithm. Resultshowthata significantreductionin com-
putationalcostsis achievedusingthe presentedobustness
objectivesandgeneanlizedboundarycurve

1 Intr oduction

In the eraof System-on-ChigSoC), mixed-signallCs
gainan ever growing marketshare. For the digital part of
thosemixed-signallCs, an establishediesignflow exists,
while for the analogdesignerthe circuit simulatoris still
themostimportantdesigntool. In orderto keepup with the
ever growing demandson the designersproductvity and
time-to-marketalgorithmsandtoolsfor theautomaticnom-
inal designanddesigncenteringof analogcells areneeded
to designrobustanalogcellsin acceptablelesigntimes.

For the nominaldesignof analogcircuits, big improve-
ments were made in the area of symbolic [5,12] and
simulation-based4,10,14,16] algorithms. On the other
hand, for the designcenteringstatistical[13,17] and de-
terministic methodsbasede.g. on simplicial approxima-
tion [6] or ellipsoidaltechnique$l] werepresented.

Morerecentlydeterministiaunifiedapproachefor nom-
inal designand designcenteringwere published,that are
basedon multiple robustnessobjectives (MROs) for in-
dividual performance®.g. linearizedperformancepenal-
ties (LPP) [11] or worst-casedistanceSWCD) [2]. But
thesealgorithmssuffer from high computationakostthat
aredeterminedy the numberof simulations.

%InfineonTechnologies
P0O.Box 800949
81617Munich, Germary

On the one handthe simulationeffort is causedby the
calculationof the MROs. TheseMROs give an estimation
of the performance-orientegield of the circuit, but at the
baginning of anoptimization,the performancesreusually
far avay from their specificationand the primary goal is
to fulfill the specification. To reducethe simulationcost
atthatstagesobustnes®bjectvesareneededhatdescribe
the robustnesof the individual performancesnd can be
calculatedwith aslittle effort aspossible.

On the otherhand, the publishedalgorithmstransform
theMROsinto ascalarcostfunctionwith asumof exponen-
tial functions. This resultsin a stronglynonlinearfunction,
while theoriginal MROs areoftenonly weaklynonlineatin
theregion of interest.This in turn leadsto increasedimu-
lation costs,if astandardptimizationalgorithmis used.

In thispapertheparameterdistancesredefinedasnew
robustnes®bjectivesfor the nominaldesign thatcauseno
additionalsimulationeffort comparedo asimplesensitvity
analysiswhile they canbeusedwith the samecostfunction
astheWCDsandLPPs.Thusthey areasignificantprogress
comparedo the state-of-artsincethey allow to apply the
samealgorithmsasfor thedesigncenteringatasignificantly
lowersimulationeffort. Additionally, they mayalsobeused
if no processtatisticis available.

Furthermorethe genealized boundarycurve (GBC) is
presentedisa methodto determinea steplengthwithin an
iterative trust-region algorithm. Comparedo a trust-region
algorithm, that usesthe linearizedcost function to deter
mineasteplength(e.g. [16]), the GBCis basednthefull
nonlinearcostfunction calculatedwith the linearizedob-
jectives. Thusthe“linearizationerror” for the stronglynon-
linear costfunctionis keptsmall. As shavn in theresults
(Sectiond), usingthe full nonlinearcostfunction basedon
thelinearizedobjectivessignificantlyreduceshetotal num-
ber of iterationsin the optimization. This is a significant
improvementcomparedo gradient-basesdizingalgorithms
like e.g. [16].

The remaindeof this paperis structuredasfollows. In



thefollowing section2, the parametedistanceendWCDs
areintroducedasrobustnes®bjectivesfor the nominalde-
sign and the designcentering. Basedon theseobjectives
the optimizationproblemis defined.Section3 givesa brief
overview overtheGBC. Sectiord presentsesults,andsec-
tion 5 concludeghepaper

2 Problemdefinition

For afixed topology ananalogcircuit canbe described
by its parameterandperformancesThecircuit parameters
canbedividedinto threedifferentclasses:

e The designparametersd (e.g. transistorwidths and
lengths)are tunedby the circuit designerin orderto
improve thecircuit performanceandyield.

o For the opemting parametersf (e.g. supply-wltage
andtemperature)a toleranceregion 7; is definedby
theupperboundsf,, andlowerbounds9;:

Tp=1{0]6, <6 <8.} (1)

The circuit mustfulfill the given specificationgor all
operatingparametersvithin thistolerance-rgion.

¢ Thefluctuationsof the manufacturingprocessarede-
scribedby the statistical parameterss (e.g. oxide
thickness). Theseparametergannotbe tunedby the
circuit designer They arecharacterizetby their mean
valuessg, covariancematrix C, and probability den-
sity function pdf(s). In therestof the paperthe sta-
tistical parametersare assumedo be normally dis-
tributed.As shavn in [8], thisis no serioudimitation.

For givenparametersthe circuit performances canbe
calculatedby simulation. For theseperformancesspecifi-
cationsf, aregivenandcangenerallybe written asupper
bounds:

f(d,8,s) <f, (2
2.1 Parameterdistances

Goalof thenominaldesignis to satisfyall specifications
with asmuchsafetymaigin aspossiblefor processvaria-
tions. This poseghe problemto comparedifferentperfor
manceswith differentunits (e.g. slev-rate and gain) with
eachother

Eachperformancef; is linearizedwith respecto thede-
signandoperatingoarameters:

fi(d, 8) :ng,z' : (d_d0)+gg,i (60—60), (3)

dy A fi,ewc (do) + gg,i ’ (d - do) = fb,i

do

ld — dol| = |e]

™4

Figure 1. Parameter distance

Basedonthislinearizationtheinfluenceof the operating
parametersanbe approximateds:

Owe, = arggnax{ﬁ-(do,e)wETg} (4)
fiowe(do) = fi(do,Owe,) )

Thevalue f; g, (do) is the performancevaluefor the ap-
proximatedworst-casecorner 8y ¢, of the operatingpa-
rameters.

The sensitvity of a performancecan be determinedas
the norm of its gradientwith respectto the design pa-
rameters. Taking this into account,the minimum devi-
ation ||Ad|| of the design parameterghat is neededto
shift the performancef; in the linearmodelfrom the value
fi ewe (do) to the specificationf;, ; is anappropriatenea-
sureto characterizéhedistanceof theperformancdrom its
specification:

|Ad|| = min {||ld — do|[| fi(d, Bwe,) = foi}  (6)

The designparameterareassumedo be scaled suchthat
the different parametersare comparable. Eq. (6) can be
solvedexactly usinga Lagrangdormulation:

|fb,i - fi,ewc (d0)|
||gd,i||

1Ad]| = (7)

Thevalue||Ad]| in eq.(7) is definedastheunsignecaram-
eterdistance A signedparametedistanceis introduced,
suchthatfulfilled specificationgjeta positive sign andvi-

olatedspecifications negative one. Hence the signedpa-
rameterdistancex;(d,) is definedas:

fb,i - fTi,OWC (do)
||gd,i||

a;i(do) = (8)

The calculationof the parametedistanceis illustratedin
Figure 1. The parameterdistanceq; considershoth, the
distanceof the performancdrom its specificationandits



sensitvity with respectto the designand operationalpa-
rameters. Consideringeq. (8) the parametedistancecan
be interpretedasthe distanceof the specificationfrom its
performanceneasuredh unitsof thereciprocalvalueof its
sensitvity.

Thus the parametedistanceis well-suitedto measure
the“error” of oneperformanceandcomparedifferentper
formanceswith eachother Comparedo othernormswith
the samepurpose(e.g. generalized,-norm [3]) it hasthe
adwantageof beingdifferentiablejf the performancas dif-
ferentiable Thisis a prerequisitdor mary optimizational-
gorithms.Thegoal of the nominaldesignis to tunethe de-
signparameterssuchthatthe smallestparametedistances
areimprovedandall parametedistancesreasgreataspos-
sible. Thisyieldsa goodstartingpointfor 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 shavn in [2] the worst-casealistancegWCD) g;
canbe usedto estimatandimprove theyield. The worst-
casedistancehiave thefollowing properties:

e The worst-casedistancestake operatingparameters
andvariationsof the statisticalparametersincluding
correlationsnto account.

¢ A worst-casdlistanceis negative, if the specification
is violatedfor the worst-caseperatingparametersit
is positive,if thespecificationis fulfilled.

¢ Theyield Y;(do) with respecto the specificationf; ;
canbeestimatedasedntheWCD g;:

v; exp(—€2/2)dé )

1 Bi
N V 271' /;oo

e Even for a high yield, the worst-casedistancesstill
have reasonableariationsandthuscanbeusedto fur-
therimprove theyield androbustnes®f thecircuit.

It canbe seenthatthe worst-casalistanceshave simi-
lar propertiesas the parametedistances. So, except for
their significantly highersimulationeffort, they couldalso
be usedfor a nominaldesign.In the approactpresentedn
this papey the parametedistancesire usedin the nominal
designto calculatea goodstartingpointfor the designcen-
teringandthusreducethe overall numberof simulations.

Thedesigncenterings basedntheworst-caselistances
asobjectves. The aim is to sizethe circuit, suchthat all
worst-casalistances@reasgreataspossible.

2.3 Costfunction

In bothcaseghegoalsfor thedesigncenteringandnom-
inal designareto maximizeall objectivesbut especiallythe
smallestones. This meansthatfrom a mathematicapoint
of view, the two optimizationtasksare the same. For the
restof the paper the objectives are denotedwith ~;(dg).
For the designcentering;y; is equalto theWCD g;, for the
nominaldesign,y; denotesghe parametedistancey;. It is
importantto notethatthe proposednethodis notlimited to
WCDsandparametedistancesin factit canbeappliedto
ary differentiablerobustnessbjectvesand cost function,
aslong asthe costfunctionis convex for thelinearizedro-
bustnes®bjectives.

As proposedn [2, 11], asuitablecostfunction ¢ for the
proposedptimizationtaskis:

My

p(d)= Y exp(—a-7(d), a>0

i=1

(10)

The constanfactora in this equationis a scalingfactorfor
the objectives. The costfunction (10) is constructedsuch
thatsmallor negative objectiveshave a high contributionto
the overall costandpositive onesonly have a minor contri-
bution.

An automaticcircuit sizing is only feasibleif the prin-
cipal functionality of the circuit is guaranteedluring the
whole sizing processuy consideringunctionalconstraints
(e.g. saturatiorconditionfor the MOS-transistor®f a cur
rent mirror) [7,16,18]. Theseconstraintscan be divided
into equalityconstraintgor designparameterandinequal-
ity constraintgor parameterandsimulatedproperties.

Every equality constraintreducesthe numberof free
designparameterdy one and thereforereducesthe de-
sign spaceand speedaup the sizing. The inequality con-
straintsu(d) areformulatedsuchthatfulfilled constraints
arepositive:

u(d) > 0 (11)

Theseconstraintsare either constraintson parametersor
on simulatedpropertiesthat canbe extractedfrom a DC-
simulation,thatmustbe donearyway. Thusthey causeno
additionalsimulationeffort.

Combining the constraints(11) and the cost func-
tion (10), thesizingproblemcanbe formulatedas:

min {i(d) [ u(d) > 0} (12)

3 The generalizedboundary curve

Theminimizationproblem(12) could be solvedusinga
standardptimizationalgorithm. But asstatedn theintro-
duction,dueto thestronglynonlinearcostfunctionthis may
resultin ahugenumberof iterations.



On the otherhand,trust-region algorithmshave proven
to bevery effective within circuit design(e.g. [16]). As key
taskin eachiteration of thesealgorithmsa parametecor
rectionhasto be determinedthathasa goodratio between
errorreductionandnormof the parametecorrection,such
thatthelinearizationis still valid for the choserstep-size.

The CBC [16] turnedoutto be very well suitedfor this
job in presenceof linearizedobjectives. Thereforein this
paperthe GBC s presente@sa generalizatiorof the CBC,
thatinheritsits mostimportantpropertieshut is alsosuited
for the proposedstronglynonlinearcostfunction. The siz-
ing algorithmitself is thesameastheonepresentedh [16],
exceptthatthe GBC is usedto determinea parametecor
rection.

The mainideaof the GBC is, not to usethe linearized
costfunctionbut only thelinearizedobjectivesto calculatea
boundarycurve similarto thecharacteristiboundarycune.
The objectives~ andthe constrainta: arelinearizedatthe
linearizationpointdg:

~(d)=(do)+Vavlaza, (d — do)+ ...
;y(x): Yo + S . x
u(d)=u(do)+Vaulaza,-(d — do)+ ...

T (14)
ux)= u + U . x

Basedbonthelinearizedobjecties,theapproximateabjec-
tive functiong(x) is setup:

My

@(x) = Y exp(—a-7i(x))

i=1

(15)

Similarly to the CBC the costfunction (15) is modifiedin
orderto find a goodcompromisebetweenthe error reduc-
tion andthenormof the parametecorrection:

O(x,A) =" (x) + A [[x][*, A>0  (16)
Thefactor is aweightfor theparametecorrection.Based
on (16) the modifiedoptimizationproblemis setup:

x.(\) = ammin{(x)[a(x) > 0}
(N = @x(Y)

To solwe this problem, no simulationsare necessarybe-
causeit relieson the linearizedobjectves. As suggested
in [16] theresultingparametecorrection||x.|| andthecost
function ¢. aretransformedsuchthat all solutionsarein
theinterval [0, 1]:

(17)
(18)

[[xc M = lIxe (A = 20|
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Figure 2. Typical example for a GBC.

A typical exampleof a GBC is shaovn in Fig. 2, where
the GBC is the generalizatiorof the CBC. The CBC can
only beappliedto linearobjectivestransformednto ascalar
guadraticcostfunction. Whereaghe GBC is suitablefor
ary costfunction, thatis corvex for the linearizedobjec-
tives. For the GBC following theoremsare true (proofs
see[15]):

Theorem1 If g(x) is corvex and the active constaints
arelinearly independentx. () is theparametercorrection
with minimumg(x) for all x € D and||x|| < ¢ = [|xc(A)]]

O

Theorem 2 If thecostfunctiong(x) is convex, thenthere-
sultingparametriccurvel a.(A), r.(A)]T is corvex.

O
Theorem 3 Theslopem,. of theGBCis givenby:
lxe (M |Ixe (O)]] = lIxe (A = o0)|
me = —A—— C — (21)
QDC(/\) QDC(O) - Soc(/\ — OO)
O

Thesetheoremsshaw, thatthe GBC inheritsall impor-
tantpropertiesrom the CBC. Theoreml and2 mean that
the GBC is suitableto determinea parametecorrectionin
an automaticsizing algorithm. Theorem3 guaranteesghat
the GBC canbe approximatedvith the samealgorithmsas
the CBC andanidenticalalgorithm canbe usedto search
thekink of the curve. Thiskink represents parametecor
rection,thatonthe onehandhasareasonablstepsizeand
onthe otherhanda significanterrorreduction.

4 Results

The introducedsizing method was usedto designa
folded cascodeperationabmplifier (Fig. 3) andanoutput
buffer (Fig. 4).

Thefolded-cascodeperationabmplifier consistsof 22
transistorswhich resultin 44 possibledesignparameters.
Basedon thestructuralconstraintsthenumberof thesecan



Figure 3. Folded-cascode operational amplifier

bereducedrom 44 to 9 designparametersThe operating
conditionsaredescribedy 4 operatingparameterandthe
processtatisticis modeledwith technologydatafrom Infi-

neonTechnologiesThedetailedsizingresultsareshavnin

Tablel.

Initial Nominal | Centered
Perf. Spec | Val/lWCD | Val/lWCD | Val/lWCD
Ao[dB] >65 95/0.2 76/2. 7 76/4.2>
fi(MHZ] >30 | 21/-9.% 68/8.0» 58/4.5
PHM[ °] >60 | 39/-6.60 67/1.6> 71/3.%
Slewp[V/u9| >32 20.8/— 67/6.4 58/3.%
PovefmW| <35 | 1.1/6.¢ 2.6/0.9 2.3/4.%
Yield (WCD) — 0.0% 76.2% 99.9%
Yield (MC) — 0.0% 77.3% 100%

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 sensitvities werecalculatedwith forwardfinite dif-
ferenceswith Infineon’sin-housesimulatorTITAN [9] ona
Pentiumll/450MHz. A furtherreductionin simulationtime
canbeexpectedf simulatorbuilt-in sensitvitiesareused.

Especiallyremarkablearethe resultsfor the gain Ag of
the operationalamplifier  The designcenteringimproves
theWCD from2.5t0 4.2in 3iterations put theperformance
valueis 76dBin both cases.This shavs, that a parameter
setis calculatedvherethecircuit is significantlylesssensi-
tive to variationsof the productionprocessandthe operat-
ing conditions.Sucha solutioncanonly be calculatedby a
designcentering thattakesboth statisticalandoperational
parameterfto account.

For the output buffer a technologytransferwas done.
This means that the valuesfor the designparameterare
takenfrom anold technologyandarescaleddown. After-
wardsaresizingis necessarin orderto fulfill thespecifica-
tions. Table2 summarizesheresultsfor the outputbuffer.

In bothcases goodstartingpoint for the designcenter
ing wascalculatedn the nominaldesign. This is enabled
by the parametedistancesasrobustnesobjectives. Thus
thenumberof iterationsin the subsequerdesigncentering

90 dz‘tﬂagj
L L Ly

" [qlen ]

Figure 4. Output buffer

Initial Nominal | Centered
Perf. Speg Val/WCD | Val/WCD | Val/WCD
Delaytai[ng ' <4 | 32125 2.4/5.4 2.6/4.8%
Delayiseng <4 | 3.9-0.% 2.8[2.% 2.713.%
Slopeai[ng <4.5 5.0-1.% 3.0/5.4 3.1/3. %
Slopeisd Ny <4.5 6.7/-3.4 3.32.% 3.3/3.4
NoisgndmV/nH]| <25| 12.3/6.& | 14.9/4.Y | 14.4/3.%
NoiseqdmV/nH]| <25| 12.3/6.& | 14.4/4.% | 15.3/3.4
Yield (WCD) — 0.0% 99.2% 99.9%
Yield (MC) — 0.0% 98.9% 100%

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,whichis essentiafor anindustrialapplicabil-
ity of adesigncenteringalgorithm.For bothcircuitsit was
possibleto calculatea 3o designor better

As statedin section3, the circuit sizing could also be
donewith a standardoptimizationalgorithm. But dueto
the strongly nonlinearcost function, this may resultin a
significantlylargernumberof iterations.

Theresultsarchived with the GBC-basedilgorithmare
comparedto the standardgradient-basedlgorithm dis-
cussedn [16]. Bothalgorithmsresultedn nearlythesame
solution(performancelifferencedessthan2%, WCD dif-
ferencedessthan0.1). But asshowvn in Table 3 the sim-
ulation effort for the gradient-basedlgorithmwas signifi-
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
Averagdin. error 95% | 28% | 58% | 15%
Average|x|| 0.13 | 035 | 0.05 | 0.11
Reductionin sim. time 48% 64%

Table 3. Comparison of GBC and gradient-based
minimization algorithm



For the gradient-basealgorithm, due to the high lin-
earizatiorerror, only smallstepswerepossible. Thus,more
iterationswereneededo achieve the sameresults.

For the GBC basedhlgorithmthelinearizationerrorwas
rathersmall. This shaws, thatthe robustnes®bjectvesare
only weakly nonlinearandthusthe estimationof the error
onlinearizedobjectvesgivesa goodideaof therealerror.

5 Conclusion

In this contribution anautomaticsizing methodfor ana-
log cellsbasedn robustnes®bjectveswaspresentedThe
proposedmethodis suitablefor both nominal designand
designcentering Rokustnes®bjectivesfor the designcen-
teringaretheworst-casalistancegWCD); for thenominal
designtheparametedistancegreintroducedasrobustness
objecties.

Thechosersizingalgorithmrequireghe transformation
of therobustnessbjectivesinto a costfunction via a sum
of exponentialfunctions. This resultsin a stronglynonlin-
earcostfunction, evenfor linear objectives. To overcome
this problem,the generalizedoundarycurve (GBC) s in-
troduced.This GBC is basedonly on thelinearizedobjec-
tivesthemseles and not the strongly nonlinearcostfunc-
tion. Thusthe linearizationerror is kept small. In every
iteration stepof the sizing algorithm, the GBC is usedto
calculatea parametecorrectionwith a goodratio between
errorreductionandnormof the parametecorrection.

Resultsshav thata reductionin computationatostsof
about50% with respecto [16] is achieved by thepresented
robustnes®bjectivesandgeneralizedoundarycurve.
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