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ABSTRACT
With theincreasingcompleity of manufacturingorocesseand
the shrinking of device geometriesthe performancemetrics of
integrated circuits (ICs) are becomingincreasingly sensitiveto
randomfluctuationsin the manufacturingprocess We proposea
diagnosismethodolgy that can be usedto infer the cause(s)of
variationsin performanceof analog ICs. The methodolgy con-
sistsof (a) a device parametercomputationtechnique which is
usedto computethe device parametes of an IC from measue-
mentsmadeon it and (b) a cause-dkct analysismodulethat is
usedto computethe causeof thevariationin performancametrics
of a givensetof ICs. Simulationresultsto demonstate the effec-

tiveness of the tbaique ae presented.

1. Introduction

AnalogICs arespecifiedby a setof performanceametrics(such
asGain,Bandwidth, THD, slew rateetc.)which aremeasuredur-
ing productionand testedagainst specifiedlimits (specificationy
to determinewhetherthe ICs are good or bad. This processis
known asspecificatiortesting.AnalogICs, in generalhave mary
complex performancemetrics that dependon a multitude of
device parameterdParametricyield lossis oftenaproblemin ana-
log IC designswherea significantportion of ICs manufctured
fail specificationtestsdue to variationsin processparameters.
Usually, a large numberof designsare manuficturedusing the
samemanufcturingprocessand the dependenciesf the perfor-
manceof thesedesignson device parametersre often different.
Thetuning of the procesgo improve the yield of onedesignmay
adwersely affect the yields of other designs.Processshifts over
time canalsocauseareductionin yield. Thedependenciesf ana-
log IC performancemetricson procesdluctuationsarevery com-
plex andnotknown in closedform. Theperformancemetricsof an
analoglC dependon the valuesof a setof device parametes of
the IC (Vt, Kn, y of transistorsresistvity etc.).In this paperwe
proposea methodologythroughwhich the device parametergan
be computedrom measurementmadeon the ICs. We usethe set
of computeddevice parameterso diagnosehe causeof variations
in performance metrics of the ICs.

In publishedresearchmary authorg1-3] have describedech-
niguesfor diagnosingprocesdluctuationsfrom measuredievice
parametersHowever, sincedevice parameterganonly be mea-
suredon a few testsiteson a wafer, theseprocedurexannotbe
usedto diagnoseproblemscausedby variation of parameters
betweendifferentchipson the samewafer. Also, the relationship
betweendevice parametersndthe performancemetricsof a cir-
cuit areoftennot known well enoughto diagnosehe causeof cir-

cuit performancevariations in terms of variations in device
parameterslt hasbeenshavn that the device parametersvhich
control a circuit’'s behaior canbe computedirom measurements
madeon the circuit, if the measurementsatisfy certaindiagnos-
ability conditions [4, 23]. Cherubal and Chatterjee[4] have
describedan efficient algorithm for the computationof device
parametersln this paper we extendthe diagnosabilityconditions
for theaccuratecomputatiorof device parameterin the presence
of measuementnoise In casetheseconditionsare not met, we
proposea techniquefor automaticallygeneratingoptimizedtests
that enablethe computationof device parametersAutomatictest
generatorsfor analog circuits, proposedin the literature, have
beenaimed at detectingdiscretefaults [5-10], replacingperfor-
mancetests[11-15], or distinguishingspecific faults from each
other[16]. Thenew testgeneratoproposedn this paperexplicitly
optimizesthe ability to computedevice parameterdrom the test
responseWe alsoproposea cause-dect analysisengineto diag-
nosethe causeof variationin IC performancemetricsin termsof
the variationin device parameteralues.Oncethe causeof para-
metricyield lossis diagnosedn termsof device parametersaria-
tions,theinformationcanbe usedby procesengineerso tunethe
manufcturing process to impve yield.

The restof this paperis organizedasfollows. In Section2, a
descriptionof the analoglC manugcturingandtestingprocesss
givenandthe needfor a diagnosistool is describedIn Section3,
we give an overview of the proposeddiagnosismethodology In
Sectiond, we describeconditionsto be satisfiedby a setof mea-
surementsfor the device parametergo be identified accurately
from the measurement@nddescribehow testscanbe generated
automaticallythat satisfytheseconditions.In Section5, the mod-
elingtool usedto approximateherelationshipbetweerthe device
parametersand measurementsnade on an IC is described.In
Section6, the procesf computingdevice parameterérom mea-
surementgnadeon an IC is describedIn Section7, the cause-
effect analysis engine for diagnosisis described.Simulation
resultsto validate the techniqueare presentedn Section8 and
avenues for future research are discussed in Se@tion
2. Analog I C manufacturing and testing

SemiconductotCs aremanufcturedin lots of wafers, which
containlarge (typically thousandspf ICs. Eachwafer containsa
few siteswhich have specialteststructuresvhich enablethe mea-
surementof device parametergElectrical Test or ET measure-
ments). If the ET parametersare within prescribed limits,
specificationtestsare performedon the ICs on the waferandthe
‘good’ ICs aredicedandpackagedandtestedagain againsta full
setof specificationsThelimits on the ET measurementsre usu-
ally setto beverywide, sothata wafercontainingsomegoodICs
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FIGURE 1. Yield Loss in ICs

is notrejected AnalogICs oftenfaceyield problemswhereina set
of thelCs on awaferfail the specificatiortests while the ET data
is within limits. Two typical yield problems are shavn in
Figurel(a) and Figurel1(b), which shav possiblehistogramsof
performancemetrics of ICs. In Figurel(a) a shift in a process
parametecauseyield loss(shadedegion) while in Figurel(b)a
large variancein a performancenetric causedossin yield. These
yield problemsareoftencausedy thevariationof device parame-
ters acrossa wafer (i.e chip-to-chipvariationin device parame-
ters).

We model an IC manufcturing processhierarchically as
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FIGURE 2. Model for Analog IC Manufacturing

showvn in Figure2. Every stepin the manufcturing processis
affectedby a setof process disturbances (suchaschangesn diffu-
sivity of dopantspxide growth rates etc.)[1] which resultin fluc-
tuationsin device parametergprocessoutputs[1]) of ICs. The
device parameterén turn controlthe performancemetricsof ICs,
which determineyield. The procesdisturbancesausethe device
parametersary from lot-to-lot, from waferto wafer within alot,
and from IC to IC within a wafer The lot-to-lot and waferto-
wafervariationscanbe monitoredby measuringhedevice param-
etersusingthe waferteststructuresHowever, in the currentman-
ufacturingmethodologythereis no way of directly monitoringthe
variationof device parametersicrossCs on a wafer. This makes
the diagnosisof yield problemscausedy the variationof device
parameters within aafer extremely dificult.
3. Overview

We definethe device parametediagnosisproblemasfollows:
Given a setof analoglCs and a setof performancemetrics,the
proposeddiagnosisapproachshould relate the cause(s)of ary
variationin the performancemetricsof the ICs to the variationin
device parameters.

Any measurementadeon an IC for a given manufcturing
processwvill dependnthevaluesof asetof critical device param-
eters. @ denote this functional dependence by

m=f(p) moOOo™  poo™ (1)
wherem is a setof measurementsiadeon the IC, p is the set
of device parametersn, is the numberof device parameterand
Nm, is the numberof measurementd his functionalrelationshipis
usually not known in closedform andis evaluatedusing circuit
simulation. Given the set of measurementsmadeon an IC, we
solve for the setof device parameteraluesof the IC usingitera-
tive numerical techniques.This can be computationally very
expensve for large IC designsdueto excessie simulationtimes,
asthe functionaldependencgivenin Equationl hasto be evalu-
ated using circuit simulation. Cherubaland Chatterjee[4] have
shawn thatit is possibleto approximatehefunctionaldependeng
in Equationl usingnonlinearregressiortechniquesThis replaces
computationallyexpensve circuit simulationwith functionevalu-
ations,therebyreducingthe costof computingdevice parameters.
Theregressiormodelsarebuilt usinga training techniquerequir-
ing repeatectircuit simulation,andincurs a one-timesimulation
cost.In this paper we proposemethodgo automaticallygenerate
teststo aid diagnosis.Techniquedor relatingyield problemsto
the \ariation in deice parameters are proposed.

An overview of the proposed methodologyis shawn in
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FIGURE 3. Overview of Diagnosis Methodology

Figure3. It consistsof pre-testanalysisand posttestprocessing.

The methodology consists of the fallimg steps.

1. A diagnosabiltyanalysisis performedto seeif the device
parametersanbe accuratelycomputedrom the setof perfor-
mancemetricsof theIC. If thisis not possible optimizedtest
stimuli are generatedvhich allow the uniqueidentificationof
device parameters that can cause yield problems.

2. Non-linearregressionmodelsare built, which relatethe per-
formancemetricsandthe optimizedtestresponsef theIC to
the device parametersTheseregressionmodelsare usedto
solwve for the valuesof device parameterof ICs from their
response to the optimized test stimuli.



3. Todiagnoseyield problemswe would lik e to identify thecon-
tribution of eachdevice parameteto variationin performance
of ICs. Therefore the regressionrmodelsfor the performance
metricsare decomposedo the individual model components
pertainingto eachdevice parameteandthosedueto interac-
tion between parameters.

4. During the post-testphase whenthereis obsered yield loss
for anIC designtheoptimizedtestsareappliedto a setof ICs
having yield problems and their response is measured.

5. The device parameterdor eachindividual IC are computed
from their responses to the optimized test.

6. Using the decomposedegressionmodelsfrom step 3, the
effect of the computeddevice parametewrariationson the per-
formance of the ICs is analyzed.

4. Diagnosability Analysisand Test

Optimization
In orderto diagnosehe causeof variationin performancenet-

rics of anIC, we needto computethe device parametersf every

IC from measurementsiadeon it. We usesensitvity basedheu-

ristics to checkif the parameterganbe uniquely computedirom

the setof performancemetricsfor a given IC. If the parameters
cannotbe uniquely determinedrom the setof performancemet-
rics, testsareautomaticallygeneratedhatwill facilitatethe accu-
rate computationof IC device parametersThe automatictest
generatorconsistof atestcostfunctionwhichis usedto evaluate
the goodnes®f atestanda seach algorithmfor finding the opti-
mal test stimulus. The automatictest generatorusesa Genetic

Algorithm (GA) basedoptimization procedurefor finding the

optimalstimulus.GA hasbeenusedto find globally optimal solu-

tions for complex searchand optimization problemswith mary
local minima[18]. GAs have beenusedfor testgeneratiorin ana-
log circuits for fault isolation [16] and fault detection[11]. In

Sectiond.1, the conditionsfor the accuratecomputatiorof device

parameterdrom measurementmadeon an IC are describedIn

Sectiond.2,thetestcostfunctionthatis usedto evaluatethegood-

nessof teststimuli is describedIn Section4.3, the geneticalgo-

rithm used to search for the optimal test stimulus is described.

4.1 Diagnosability Analysis
Liu et. al [23] have shavn thatthe numberof parametersf a

circuit thatcanbeuniquelysolvedfor, from a setof measurements

made on the circuit isgén by

ng = rank(S) (2
whereS is the sensitity matrix given by
om om om
ap, P1 3, P2 - 5p P
Py [ pnp P
om, om, om,
S=|ap, P 3p, P2 Fp, O €)
om, om, om,
ap, T13p, "2 p, P

Therankof amatrixis givenby the numberof its non-zeo sin-
gular values However, the parametergannotoften be computed
accuratelyeven thoughthe condition in Equation2 is satisfied,

dueto the effects of measurememoise.Therefore we will ana-
lyze the effect of measuremenmnioiseontheerrorsin thecomputed
values of parametersLet eachof the measurementin m be

affectedby measurementoisee,, having avarianceof orzn . If dif-
ferent measurementhave different variancesin measurement
noise,the measurementsanbe normalized so thatthey all have
thesamevariancein measuremenmnioise.In the presencef noise,
Equationl becomes
M, + &, = f(Po+AP) 4
wherem,, and p, arethe true (noise-free)valuesof measure-

mentsand parametersespectrely. Assumingthat the measure-
ment noiseis small, the error can be approximatedby a linear

function aboutp, to getf(p, + Ap) = f(py) + S % Noting that
m, =T(py), we get,
S DA—F_F =8, (5)

The effect of measuremennoise can be analyzedusing the
SingularValue DecompositiorfSVD) [17] of S. SVD decomposes
a matrix into the product of 3 matrices as

S=UE' (6)

where U and V are orthonormal matrices (UT =1,

VT OV = | wherel is the identity matrix) and £ is a diagonal
matrix with decreasingpositive diagonalelements.Substituting

Equation6 into Equation5 and noting that U'tu =1 and
VIV = |, we get

AP p e
L-voim,= YV X
P ) iZl o

@)

whereg,, = U' [&,, V; is thei columnof V, €', is theith
elementin &,, andz; is thei diagonalelementof £. SinceU is

orthonormaljt canbe shawvn thatthevarianceof &, is cﬁ. Com-

puting the expectedsumof squaed errors in device parameters,
we get

©)

where E( ) is the expectationoperator Now if we want the
L.H.S of Equation8 to belessthana pre-definecdtonstantK, (i.e.
we want the averagesquarecerrorin computedparameterso be
lessthan K/n,) the numberof parametershat can be solved for
from the gven set of measurements is
n 2
ng = max(n) s.t. Z 0—’;‘< K 9)
i=171
The conditiongivenin Equation9 is basedon differentialsen-
sitivity, which is valid only for small changesin parameters.
Therefore,Equation9 hasto be evaluatedat every point in the
device parameterspace(the spacespannedy the rangeof possi-
ble variationsof parametersfor ensuringdiagnosability How-
ever, this may prove to be computationally too expensve.



Thereforewe usethe heuristicof evaluating Equation9 only for
thenominal values of parameters as an estimate of diagnosabhilty
4.2 Test Cost Description

Any automatictestgeneratioralgorithmneedsa testcostthat
canbe usedto comparethe goodnes®f testsduring optimization.
The teststhat we needare suchthat, when augmentedwith the
performancemeasurementsyill enablethe accuratecomputation
of device parametersThereforewe startwith the augmenteden-
sitivity matrix, gven by

(10

whereS, is the sensitiity matrix of the performancemeasure-
mentsandS, is the sensitvity matrix of the newly generatedest.
An SVD is performedon S andthe singularvalues; arecom-

puted.Sincewe aretrying to minimize the errorin the valuesof
computedparameterd:quation8 canbe usedasa costfunctionto
be minimized.However, this hasatendeng to be dominatecby a

few smallZ;, (largevaluesof 1/ Ziz) resultingin poorquality tests

beinggeneratedTherefore we have usedthe following asa cost

function to be maximized.
Mp 2

>0

C= Z satDz—E

max

X x<1
- 1 x=21
i=1

whereZ, , is a constantrelatedto the minimum accurag in

computedparametersK. This costfunction maximizesthe singu-
lar values which hasthe sameeffectasminimizing thereciprocals
of the singularvalues.A saturatingunction sat() is appliedto Z;

sothatthe costfunction cannotbe dominatedby a few, large, sin-
gularalues.
4.3 Genetic Algorithmsfor Test Optimization

GAs are stochasticoptimization algorithmswhich encodea
givenprobleminto a geneticstring or chromosomesandperform
operationssimilar to evolution for optimization.GAs maintaina
setof potential solutionsto the given problemfrom which new
solutionsarecreatedby the geneticoperationf selection, cross-
over and mutation. We have usedpiece-wiselinear (PWL) tran-
sient waveforms as the test signals being optimized. PWL
waveformshave shavn greatpromisein automatictestgeneration
for replacingperformanceests[11-13]andfor distinguishingfail-
ure modeg[16]. This optimizationprocesds generalandcanalso
be appliedto othertypesof waveformssuchas multi-frequeny
tests.A more detailed descriptionof using GA for optimizing
PWL waveformscanbe foundin the paperby VariyamandChat-
terjee [11].
5. Regression Modeling

We usenonlinearregressionmodelingtechniquesto createa
piece-wisepolynomialfunctionthatrelatesthe device parameters
to measurement®adeonthe Device-UndefTest(DUT). We have
useda popularregressiormodelingtool MARS [20] for this pur-
pose.MARS is able to model nonlinearfunctions with a large
numberof independenvariablesand can adaptto the degree of
nonlinearityof the functionbeingmodeled MARS hasbeenused
for statisticalfault simulation[22] testgeneratioq11] and para-

0
= 11
sat(x) B (11)

metricfaultdiagnosig4]. MARS producegiece-wisgpolynomial
functions of the form

M
y = z a;Bi(x)
i=1
whereB,(X) arebasisfunctionswhich are productsof simple
first order spline functions. A more detailed descriptionof the
technique can be found in the original paper by Friedman [20].
Theregressiormodelsarebuilt usinga setof trainingdatagen-
eratedusingsimulation.In this processa setof parametewvaria-
tions are randomly generatedand measurementsn the IC are
simulatedusing the generatecdparametewariations. This set of
parametervariations and simulated measurementsire used to
build the rgression model gen in Equatiori2.

6. Computing Process Parameter Values
Cherubaland Chatterjeg[4] have shavn thatit is possibleto
solve for the parametewvaluesof the DUT from measurements
madeon it. We have followed a similar approactin this paper A
Newton-Raphson (N-R) iterative procedurd4] is usedto solve for

the parameters. A step in the N-R iteration consists of

Per— P = I(P) " OM-fom(P)) (13)

wherep; andp;,, arethe guessesor the parameteraluesand
J(p) is the Jacobian of f,,(p) atp;. We usetheregressiormodels
thatrelatethe measurementadeon the CUT to the parameters
to evaluatef,(p) andJ(p;). This reducesthe complexity of solv-
ing Equationl. It may not always be possibleto computeall the
parametersiccuratelyfrom the testresponsesParametergroups
amongwhich parametergannotbe uniquelyidentifiedare called
ambiguity groups [23]. In caseambiguity groupsexist, they are
identifiedusingthetechniquedescribedy Liu et. al. [23] andone
possible solution for the parametalwues is computed.
7. Cause-Effect Analysis

The regressiormodeloutputof MARS canbe decomposedo
identify the contrikutions of different input parametersto the
model.This analysisis describedasANOVA (ANalysis Of VAri-
ance) decompositionby Friedman [20]. This analysisis the
decompositiorappliedto a function, is differentfrom the classical
ANOVA analysisin statistics[21]. The ANOVA decomposition
resol\esfpm(ﬁ) into a set of functions in the form

fom(P) = Z fi(p) + z fi i (pipy)
T ]

(12)

+ fi k(PP P + - (14)
(R

wherethe first sum give the contritutions of individual vari-

ables,the secondsumgivesthe contributionsdueto two variable

interaction,andso on. Given a setof diagnosecparametergor a

set of ICs, the individual componentfunctionsin the ANOVA

decompositior(f;, f;;, ...) canbe evaluatedto computethe contri-
bution of eachparameteandthatof parametemteractionson the
variationin IC performanceTo computethe effect of a parameter
pi, the mean andaviance ofi(p;) are estimated using
1 N
mpi = NZ fi(pi) (15)

i=1



n
A 1 - X
Gy = g > (B ) =)’ (16)
j=1
respectiely, wherep, ; is thecomputedalueof p; for IC number
j- The meanand varianceof effects dueto interactionsbetween

parameters is estimated in a similaywusingf; ;.
8. Results

In this section,we apply our methodologyto a CMOS opamp
describedin the ITC mixed-signal test benchmarks[24]. All
experimentswere doneon a 350MHz Sun-Ultra-10workstation.
The diagnosabilityof device parameterdor the circuit was ana-
lyzed and testswere generatedo aid the computationof device
parametersas describedin Section4. Regressionmodels were
built relatingthe device parametergo the outputresponsef the
circuit as describedin Section5. 400 circuit simulationswere
neededo createthe regressionmodels,which took 1.2 hoursof
CPUtime. Theresultsfor diagnosisaregivenin two sectionsin
Section8.1,we demonstrat¢he computatiorof device parameters
from the automaticallygeneratedestsand performancemeasure-
ments.This is doneby simulatingrandomvariationsin all device
parametersf the opampfor a setof devices,andthencomputing
the device parameterdgrom the testresponseln Section8.2, the
causeeffect analysismethodologyis analyzedusing a simulated
scenario,where a shift in the meanvalue of device parameters
(processshift) andincreased/ariancein device parametergpoor
process control) cause yield loss. The cause-d&ct analysis
method is shen to correctly diagnose the cause of yield loss.
8.1 Device Parameter Computation Results

The schematicdiagramsfor the CMOS opampis shavn in
Figure4. The processparametervariations for the opamp are
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FIGURE 4. MiST Benc hmark opamp

shavn in Tablel. Performancéestsfor the opampincludedoffset

FIGURE 5. Test Configuration f or CMOS opamp

voltage,slew rate,large signalgain, CMRR andPSRR.Accurate
computationof device parametersvasnot possiblefrom the per-

formance tests alone. Alternate tests were generatedfor the
CMOS opampusingthe circuit configurationshavn in Figure5.
This testconfigurationwasfirst describedy R. Peasd25] for the
measuremenbf CMRR for opamps.The optimized tests and
nominal circuit responsefor the CMOS opamp are shovn in
Figure6. The testresponsevas sampledat a frequeng of 100

TABLE 1. Device parameter s for CMOS opamp

Para Para

meter | Max Min meter | Max Min
Xl 0.3um -0.3um | xly 0.3um -0.3pum
XWp 0.3pum -0.3um XWp, 0.3um -0.3pum
dp 0.03um | 0.lum Idp 0.03um | 0.1um
th -0.65V | -1.05V | Vt, 0.60 V 1.0V
Yo 02V |06V |V 03V | 08V
tox, 2250 | 275 A° | 10X, 2250 | 275
Cc 1.1 pF 0.9 pF Rc 2.5KQ 1.5kQ

—— +ve input
--- —ve Input
0.008 o.01

o 0.002 0.004 0.006

Time (sec)

Output Votage (V)

) 0.002 ©0.004 0.006
Time (sec)

FIGURE 6. Optimiz ed test and Response f or CMOS
opamp

0.008 o.01

kHz to form the alternatetest measurementsA measurement
noise of 6mV peak-to-peakwas assumedfor the transient
responsandthatof 1mV peak-to-peakkor DC measurement3o
testthe device parameteicomputationtechnique randomcircuit
instancesvere generatedy varying all the device parametersf
thecircuit. Measuremennoisewassimulatedby addingGaussian
distributed random numbersto the simulated test responses.
Device parametecomputatiorwasattemptedrom the simulated
test responsesThe comparisonof the simulatedand computed
parameterdor the device parameterf the opampis given in
Figure7. The‘true’ (simulated)valuefor eachparameters given
by the straight line while the computedvaluesfor the device
parameteraremarkedby ‘+’ signs.Thedevice parametecompu-
tation algorithmis ableto computeall but 4 parametergRc, Idp,
ldp, xwp) accuratelylt is seenthatthe computedparametersrack
the simulatedparametersproving the effectivenessof the gener-
ated test and the device parametercomputationalgorithm. The
CPUtime requiredto computethe device parameterfrom thetest
response as 29.1 milliseconds per IC.
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8.2 Cause-Effect Analysis
To studythe effectivenesf the causeeffect analysistwo case
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studieswvereperformedIn thefirst caseaMonte Carlosimulation

of the circuit wasperformedto generatea setof IC instancesand
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FIGURE 9. Cause Effect Analysis for performance
metrics of CMOS opamp

the performancemetrics of theselCs were measuredThis was
consideredthe nominal statisticaldistribution of device perfor-
mance.In the secondcase circuit instancesvere generatedvith
changen nominalvaluesandincreasedzariancesntroducedinto
all thedevice parameters$o simulatea processshift andpoorcon-
trol of processrespectiely. (Note thatthis is a realisticscenario
asa fluctuationin a processparametetypically affects multiple
device parameters)Thisis consideredhe new or faulteddistribu-
tion of device performancelt was found that 4 of the opamps
performancemetrics, namely slew rate (SR), supply current
(Isup, power supply rejectionratio (PSRR)and large signalgain

(A,) were affectedby this changein device parameteistatistics.

The histogramsf the normalandfaultedIC performancametrics
areshown in Figure8. Thedevice parametewaluesfor thefaulted



setof ICs were computedas describedn Section6. The cause-
effectanalysisvasperformedon the secondsetof ICsto diagnose
the cause(spf drift andincreasedn varianceof performancenet-
rics. The resultsof cause-de&ct analysison the affected ICs is
shavn in Figure9. The bargraphson the left side of Figure9(a),
(b), (c) and(d) shaw the relative contritutions of variousdevice
parameterso the drift in performance metrics. It canbe seenthat
the shift (reduction)in slew rateis mainly dueto the shiftsin the
device parametersox, andVt,,. Thereforethoseparametersnust
be tunedto improve the slew-rate of the setof ICs. Similar infer-
encesmay be madeaboutthe shift in supply current. The pie-
chartson theright of Figure9(a) (b), (c) and(d) shawv therelative
contributionsof eachdevice parametewariationto the varianceof
eachperformanceFor example,it canbe seenthatthe major por-
tion of the variancein slew rateis causedy the variationin tox,
andxw,,. Bettercontrol of theseparameterss requiredto reduce
thevariancein slew rate.The portion of the bargraphspie-charts
labeled'Error’ refersto the partof the variationthatcould not be
explainedby the variationin ary of the parametergonsideredit
is seerthatthetechniquds ableto diagnosea majorportionof the
causeof shift andvariancein circuit performancgarametersThe
techniqueis ableto track variationin performancecausedy the
interactionbetweerparameterascanbe seenfrom Figure9(b) (a
significant portion of the variancein PSRRis causedby the
tox, x Vto, ). This information canbe usedto provide feedback

to procesengineergo tunethe manufcturingprocesgo improve
yield.
9. Conclusions

In this paper a methodologyfor diagnosingyield problemsin
analogICs hasbeendemonstratedSimulationresultsshov the
effectivenesof the proposedechnique Futurework will involve
verifying the methodologyfor larger circuitsin a real production
ervironment.
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