
ABSTRACT
With theincreasingcomplexity of manufacturingprocessesand

the shrinking of device geometries,the performancemetrics of
integrated circuits (ICs) are becomingincreasinglysensitiveto
randomfluctuationsin the manufacturingprocess.We proposea
diagnosismethodology that can be usedto infer the cause(s)of
variations in performanceof analog ICs. The methodology con-
sistsof (a) a device parametercomputationtechniquewhich is
usedto computethe device parameters of an IC from measure-
mentsmadeon it and (b) a cause-effect analysismodulethat is
usedto computethecauseof thevariation in performancemetrics
of a givensetof ICs. Simulationresultsto demonstrate the effec-
tiveness of the technique are presented.

1.  Introduction
AnalogICsarespecifiedby asetof performancemetrics(such

asGain,Bandwidth,THD, slew rateetc.)whicharemeasureddur-
ing productionandtestedagainstspecifiedlimits (specifications)
to determinewhetherthe ICs are good or bad. This processis
known asspecificationtesting.AnalogICs, in general,have many
complex performancemetrics that dependon a multitude of
deviceparameters.Parametricyield lossis oftenaproblemin ana-
log IC designs,wherea significantportion of ICs manufactured
fail specificationtestsdue to variations in processparameters.
Usually, a large numberof designsare manufacturedusing the
samemanufacturingprocessandthe dependenciesof the perfor-
manceof thesedesignson device parametersareoften different.
Thetuningof theprocessto improve theyield of onedesignmay
adverselyaffect the yields of other designs.Processshifts over
timecanalsocausea reductionin yield. Thedependenciesof ana-
log IC performancemetricson processfluctuationsarevery com-
plex andnotknown in closedform. Theperformancemetricsof an
analogIC dependon the valuesof a setof device parameters of
the IC (Vt, Kn, γ of transistors,resistivity etc.). In this paper, we
proposea methodologythroughwhich thedevice parameterscan
becomputedfrom measurementsmadeon theICs.We usetheset
of computeddeviceparametersto diagnosethecauseof variations
in performance metrics of the ICs.

In publishedresearch,many authors[1-3] have describedtech-
niquesfor diagnosingprocessfluctuationsfrom measureddevice
parameters.However, sincedevice parameterscanonly be mea-
suredon a few testsiteson a wafer, theseprocedurescannotbe
used to diagnoseproblemscausedby variation of parameters
betweendifferentchipson the samewafer. Also, the relationship
betweendevice parametersandthe performancemetricsof a cir-
cuit areoftennot known well enoughto diagnosethecauseof cir-

cuit performancevariations in terms of variations in device
parameters.It hasbeenshown that the device parameterswhich
control a circuit’s behavior canbe computedfrom measurements
madeon the circuit, if the measurementssatisfycertaindiagnos-
ability conditions [4, 23]. Cherubal and Chatterjee[4] have
describedan efficient algorithm for the computationof device
parameters.In this paper, we extendthediagnosabilityconditions
for theaccuratecomputationof device parametersin thepresence
of measurementnoise. In casetheseconditionsare not met, we
proposea techniquefor automaticallygeneratingoptimizedtests
that enablethe computationof device parameters.Automatictest
generatorsfor analog circuits, proposedin the literature, have
beenaimedat detectingdiscretefaults [5-10], replacingperfor-
mancetests[11-15], or distinguishingspecific faults from each
other[16]. Thenew testgeneratorproposedin thispaperexplicitly
optimizesthe ability to computedevice parametersfrom the test
response.We alsoproposea cause-effect analysisengineto diag-
nosethecauseof variationin IC performancemetricsin termsof
the variationin device parametervalues.Oncethe causeof para-
metricyield lossis diagnosedin termsof device parametersvaria-
tions,theinformationcanbeusedby processengineersto tunethe
manufacturing process to improve yield.

The restof this paperis organizedasfollows. In Section2, a
descriptionof theanalogIC manufacturingandtestingprocessis
givenandtheneedfor a diagnosistool is described.In Section3,
we give an overview of the proposeddiagnosismethodology. In
Section4, we describeconditionsto be satisfiedby a setof mea-
surements,for the device parametersto be identified accurately
from the measurements,anddescribehow testscanbe generated
automaticallythatsatisfytheseconditions.In Section5, themod-
eling tool usedto approximatetherelationshipbetweenthedevice
parametersand measurementsmadeon an IC is described.In
Section6, theprocessof computingdevice parametersfrom mea-
surementsmadeon an IC is described.In Section7, the cause-
effect analysis engine for diagnosis is described.Simulation
resultsto validate the techniqueare presentedin Section8 and
avenues for future research are discussed in Section9.

2.  Analog IC manufacturing and testing
SemiconductorICs aremanufacturedin lots of wafers, which

containlarge (typically thousands)of ICs. Eachwafer containsa
few siteswhich have specialteststructureswhich enablethemea-
surementof device parameters(Electrical Test or ET measure-
ments). If the ET parametersare within prescribed limits,
specificationtestsareperformedon the ICs on the wafer andthe
‘good’ ICs aredicedandpackagedandtestedagain againsta full
setof specifications.The limits on theET measurementsareusu-
ally setto bevery wide,sothata wafercontainingsomegoodICs
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is not rejected.AnalogICsoftenfaceyield problemswhereinaset
of theICs on a waferfail thespecificationtests,while theET data
is within limits. Two typical yield problems are shown in
Figure1(a) and Figure1(b), which show possiblehistogramsof
performancemetrics of ICs. In Figure1(a) a shift in a process
parametercausesyield loss(shadedregion) while in Figure1(b) a
largevariancein a performancemetriccauseslossin yield. These
yield problemsareoftencausedby thevariationof deviceparame-
ters acrossa wafer (i.e chip-to-chipvariation in device parame-
ters).

We model an IC manufacturing processhierarchically as

shown in Figure2. Every step in the manufacturing processis
affectedby asetof process disturbances (suchaschangesin diffu-
sivity of dopants,oxidegrowth rates,etc.)[1] which resultin fluc-
tuationsin device parameters(processoutputs[1]) of ICs. The
device parametersin turn control theperformancemetricsof ICs,
which determineyield. Theprocessdisturbancescausethedevice
parametersvary from lot-to-lot, from wafer to waferwithin a lot,
and from IC to IC within a wafer. The lot-to-lot and wafer-to-
wafervariationscanbemonitoredby measuringthedeviceparam-
etersusingthewaferteststructures.However, in thecurrentman-
ufacturingmethodologythereis nowayof directlymonitoringthe
variationof device parametersacrossICs on a wafer. This makes
thediagnosisof yield problemscausedby thevariationof device
parameters within a wafer extremely difficult.

3.  Overview
We definethedevice parameterdiagnosisproblemasfollows:

Given a setof analogICs anda setof performancemetrics,the
proposeddiagnosisapproachshould relate the cause(s)of any
variationin theperformancemetricsof the ICs to thevariationin
device parameters.

Any measurementmadeon an IC for a given manufacturing
processwill dependon thevaluesof asetof critical deviceparam-
eters. We denote this functional dependence by

(1)
wherem is a setof measurementsmadeon the IC, p is theset

of device parameters,np is the numberof device parametersand

nm is thenumberof measurements.This functionalrelationshipis

usually not known in closedform and is evaluatedusing circuit
simulation.Given the set of measurementsmadeon an IC, we
solve for thesetof device parametervaluesof the IC usingitera-
tive numerical techniques.This can be computationally very
expensive for large IC designsdueto excessive simulationtimes,
asthefunctionaldependencegiven in Equation1 hasto beevalu-
ated using circuit simulation.Cherubaland Chatterjee[4] have
shown thatit is possibleto approximatethefunctionaldependency
in Equation1 usingnonlinearregressiontechniques.This replaces
computationallyexpensive circuit simulationwith functionevalu-
ations,therebyreducingthecostof computingdevice parameters.
Theregressionmodelsarebuilt usinga training techniquerequir-
ing repeatedcircuit simulation,andincursa one-timesimulation
cost.In this paper, we proposemethodsto automaticallygenerate
teststo aid diagnosis.Techniquesfor relating yield problemsto
the variation in device parameters are proposed.

An overview of the proposed methodology is shown in

Figure3. It consistsof pre-testanalysisandpost testprocessing.
The methodology consists of the following steps.
1. A diagnosabiltyanalysisis performedto see if the device

parameterscanbeaccuratelycomputedfrom thesetof perfor-
mancemetricsof theIC. If this is not possible,optimizedtest
stimuli aregeneratedwhich allow theuniqueidentificationof
device parameters that can cause yield problems.

2. Non-linearregressionmodelsarebuilt, which relatethe per-
formancemetricsandtheoptimizedtestresponseof theIC to
the device parameters.Theseregressionmodelsare usedto
solve for the valuesof device parametersof ICs from their
response to the optimized test stimuli.
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3. To diagnoseyield problems,wewould like to identify thecon-
tribution of eachdevice parameterto variationin performance
of ICs. Therefore,the regressionmodelsfor the performance
metricsaredecomposedto the individual modelcomponents
pertainingto eachdevice parameterandthosedueto interac-
tion between parameters.

4. During the post-testphase,whenthereis observed yield loss
for anIC design,theoptimizedtestsareappliedto asetof ICs
having yield problems and their response is measured.

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

6. Using the decomposedregressionmodels from step 3, the
effect of thecomputeddevice parametervariationson theper-
formance of the ICs is analyzed.

4.  Diagnosability Analysis and Test
Optimization

In orderto diagnosethecauseof variationin performancemet-
rics of an IC, we needto computethedevice parametersof every
IC from measurementsmadeon it. We usesensitivity basedheu-
ristics to checkif theparameterscanbeuniquelycomputedfrom
the set of performancemetricsfor a given IC. If the parameters
cannotbe uniquelydeterminedfrom the setof performancemet-
rics, testsareautomaticallygeneratedthatwill facilitatetheaccu-
rate computationof IC device parameters.The automatic test
generatorconsistsof a testcostfunctionwhich is usedto evaluate
thegoodnessof a testanda search algorithm for finding theopti-
mal test stimulus. The automatictest generatorusesa Genetic
Algorithm (GA) basedoptimization procedurefor finding the
optimalstimulus.GA hasbeenusedto find globally optimalsolu-
tions for complex searchand optimizationproblemswith many
local minima[18]. GAs have beenusedfor testgenerationin ana-
log circuits for fault isolation [16] and fault detection[11]. In
Section4.1, theconditionsfor theaccuratecomputationof device
parametersfrom measurementsmadeon an IC aredescribed.In
Section4.2,thetestcostfunctionthatis usedto evaluatethegood-
nessof teststimuli is described.In Section4.3, the geneticalgo-
rithm used to search for the optimal test stimulus is described.
4.1  Diagnosability Analysis

Liu et. al [23] have shown that thenumberof parametersof a
circuit thatcanbeuniquelysolvedfor, from asetof measurements
made on the circuit is given by

(2)
whereS is the sensitivity matrix given by

(3)

Therankof amatrix is givenby thenumberof its non-zero sin-
gular values. However, the parameterscannotoften be computed
accuratelyeven though the condition in Equation2 is satisfied,

dueto the effectsof measurementnoise.Therefore,we will ana-
lyze theeffectof measurementnoiseontheerrorsin thecomputed
values of parameters.Let each of the measurementsin m be

affectedby measurementnoiseem having avarianceof . If dif-

ferent measurementshave different variancesin measurement
noise,the measurementscanbe normalized,so that they all have
thesamevariancein measurementnoise.In thepresenceof noise,
Equation1 becomes

(4)
wheremo andpo are the true (noise-free)valuesof measure-

mentsand parametersrespectively. Assumingthat the measure-
ment noise is small, the error can be approximatedby a linear

functionaboutpo to get f(po + ∆p) = f(po) + . Noting that

mo = f(po), we get,

(5)

The effect of measurementnoise can be analyzedusing the
SingularValueDecomposition(SVD) [17] of S. SVD decomposes
a matrix into the product of 3 matrices as

(6)

where U and V are orthonormal matrices ( ,

whereI is the identity matrix) and Σ is a diagonal
matrix with decreasingpositive diagonalelements.Substituting

Equation6 into Equation5 and noting that and

, we get

(7)

where , Vi is the ith columnof V, e’mi is the ith

elementin andΣi is the ith diagonalelementof Σ. SinceU is

orthonormal,it canbeshown thatthevarianceof is . Com-

puting the expectedsumof squared errors in device parameters,
we get

(8)

whereE( ) is the expectationoperator. Now if we want the
L.H.S of Equation8 to belessthana pre-definedconstant,K, (i.e.
we want the averagesquarederror in computedparametersto be
lessthanK/np) the numberof parametersthat canbe solved for

from the given set of measurements is

 s.t. (9)

Theconditiongivenin Equation9 is basedon differentialsen-
sitivity, which is valid only for small changesin parameters.
Therefore,Equation9 has to be evaluatedat every point in the
deviceparameterspace(thespacespannedby therangeof possi-
ble variationsof parameters)for ensuringdiagnosability. How-
ever, this may prove to be computationally too expensive.
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Thereforewe usethe heuristicof evaluatingEquation9 only for
thenominal values of parameters as an estimate of diagnosabilty.
4.2   Test Cost Description

Any automatictestgenerationalgorithmneedsa testcostthat
canbeusedto comparethegoodnessof testsduringoptimization.
The teststhat we needare suchthat, when augmentedwith the
performancemeasurements,will enabletheaccuratecomputation
of device parameters.Thereforewe startwith theaugmentedsen-
sitivity matrix, given by

(10)

whereSp is thesensitivity matrix of theperformancemeasure-

mentsandSn is thesensitivity matrix of thenewly generatedtest.

An SVD is performedon S and the singularvaluesΣi are com-

puted.Sincewe aretrying to minimize the error in the valuesof
computedparameters,Equation8 canbeusedasacostfunctionto
beminimized.However, this hasa tendency to bedominatedby a

few smallΣi, (largevaluesof ) resultingin poorquality tests

beinggenerated.Therefore,we have usedthe following asa cost
function to be maximized.

(11)

whereΣmax is a constantrelatedto the minimum accuracy in

computedparameters,K. This costfunctionmaximizesthesingu-
lar values,whichhasthesameeffectasminimizingthereciprocals
of thesingularvalues.A saturatingfunctionsat() is appliedto Σi

sothat thecostfunctioncannotbedominatedby a few, large,sin-
gular values.
4.3  Genetic Algorithms for Test Optimization

GAs are stochasticoptimization algorithmswhich encodea
givenprobleminto a geneticstringor chromosomes,andperform
operationssimilar to evolution for optimization.GAs maintaina
set of potentialsolutionsto the given problemfrom which new
solutionsarecreatedby thegeneticoperationsof selection, cross-
over and mutation. We have usedpiece-wiselinear (PWL) tran-
sient waveforms as the test signals being optimized. PWL
waveformshave shown greatpromisein automatictestgeneration
for replacingperformancetests[11-13]andfor distinguishingfail-
uremodes[16]. This optimizationprocessis generalandcanalso
be appliedto other typesof waveformssuchas multi-frequency
tests.A more detaileddescriptionof using GA for optimizing
PWL waveformscanbefoundin thepaperby VariyamandChat-
terjee [11].

5.  Regression Modeling
We usenonlinearregressionmodelingtechniquesto createa

piece-wisepolynomialfunction that relatesthedevice parameters
to measurementsmadeontheDevice-Under-Test(DUT). Wehave
useda popularregressionmodelingtool MARS [20] for this pur-
pose.MARS is able to model nonlinearfunctions with a large
numberof independentvariablesand canadaptto the degreeof
nonlinearityof thefunctionbeingmodeled.MARS hasbeenused
for statisticalfault simulation[22] testgeneration[11] andpara-

metricfaultdiagnosis[4]. MARS producespiece-wisepolynomial
functions of the form

(12)

whereBm(x) arebasisfunctionswhich areproductsof simple

first order spline functions.A more detaileddescriptionof the
technique can be found in the original paper by Friedman [20].

Theregressionmodelsarebuilt usingasetof trainingdatagen-
eratedusingsimulation.In this process,a setof parametervaria-
tions are randomly generatedand measurementson the IC are
simulatedusing the generatedparametervariations.This set of
parametervariations and simulatedmeasurementsare used to
build the regression model given in Equation12.

6.  Computing Process Parameter Values
CherubalandChatterjee[4] have shown that it is possibleto

solve for the parametervaluesof the DUT from measurements
madeon it. We have followeda similar approachin this paper. A
Newton-Raphson (N-R) iterative procedure[4] is usedto solve for
the parameters. A step in the N-R iteration consists of

(13)
wherepi andpi+1 aretheguessesfor theparametervaluesand

J(pi) is theJacobian of fpm(p) at pi. We usetheregressionmodels

that relatethemeasurementsmadeon theCUT to theparameters
to evaluatefpm(p) andJ(pi). This reducesthecomplexity of solv-

ing Equation1. It may not alwaysbe possibleto computeall the
parametersaccuratelyfrom the testresponses.Parametersgroups
amongwhich parameterscannotbeuniquelyidentifiedarecalled
ambiguity groups [23]. In caseambiguity groupsexist, they are
identifiedusingthetechniquedescribedby Liu et.al. [23] andone
possible solution for the parameter values is computed.

7.  Cause-Effect Analysis
Theregressionmodeloutputof MARS canbedecomposedto

identify the contributions of different input parametersto the
model.This analysisis describedasANOVA (ANalysisOf VAri-
ance) decompositionby Friedman [20]. This analysis is the
decompositionappliedto a function, is differentfrom theclassical
ANOVA analysisin statistics[21]. The ANOVA decomposition
resolvesfpm(p) into a set of functions in the form

+ (14)

wherethe first sum give the contributions of individual vari-
ables,thesecondsumgivesthecontributionsdueto two variable
interaction,andso on. Given a setof diagnosedparametersfor a
set of ICs, the individual componentfunctions in the ANOVA
decomposition(fi, fi,j, ...) canbe evaluatedto computethe contri-

bution of eachparameterandthatof parameterinteractionson the
variationin IC performance.To computetheeffect of a parameter
pi, the mean and variance offi(pi) are estimated using

(15)
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(16)

respectively, where is thecomputedvalueof pi for IC number

j. The meanand varianceof effects due to interactionsbetween
parameters is estimated in a similar way usingfi,j.

8.  Results
In this section,we applyour methodologyto a CMOS opamp

describedin the ITC mixed-signal test benchmarks[24]. All
experimentsweredoneon a 350MHz Sun-Ultra-10workstation.
The diagnosabilityof device parametersfor the circuit wasana-
lyzed and testsweregeneratedto aid the computationof device
parametersas describedin Section4. Regressionmodels were
built relatingthe device parametersto the outputresponseof the
circuit as describedin Section5. 400 circuit simulationswere
neededto createthe regressionmodels,which took 1.2 hoursof
CPU time. The resultsfor diagnosisaregiven in two sections.In
Section8.1,wedemonstratethecomputationof deviceparameters
from theautomaticallygeneratedtestsandperformancemeasure-
ments.This is doneby simulatingrandomvariationsin all device
parametersof theopampfor a setof devices,andthencomputing
the device parametersfrom the test response.In Section8.2, the
causeeffect analysismethodologyis analyzedusinga simulated
scenario,wherea shift in the meanvalue of device parameters
(processshift) andincreasedvariancein device parameters(poor
process control) cause yield loss. The cause-effect analysis
method is shown to correctly diagnose the cause of yield loss.
8.1  Device Parameter Computation Results

The schematicdiagramsfor the CMOS opampis shown in
Figure4. The processparametervariations for the opamp are

shown in Table1. Performancetestsfor theopampincludedoffset

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

formance tests alone. Alternate tests were generatedfor the
CMOS opampusingthe circuit configurationshown in Figure5.
This testconfigurationwasfirst describedby R. Pease[25] for the
measurementof CMRR for opamps.The optimized tests and
nominal circuit responsefor the CMOS opamp are shown in
Figure6. The test responsewas sampledat a frequency of 100

kHz to form the alternatetest measurements.A measurement
noise of 6mV peak-to-peakwas assumedfor the transient
responseandthatof 1mV peak-to-peakfor DC measurements.To
test the device parametercomputationtechnique,randomcircuit
instancesweregeneratedby varying all the device parametersof
thecircuit. Measurementnoisewassimulatedby addingGaussian
distributed random numbers to the simulated test responses.
Device parametercomputationwasattemptedfrom thesimulated
test responses.The comparisonof the simulatedand computed
parametersfor the device parametersof the opampis given in
Figure7. The‘true’ (simulated)valuefor eachparameteris given
by the straight line while the computedvalues for the device
parametersaremarkedby ‘+’ signs.Thedeviceparametercompu-
tation algorithmis ableto computeall but 4 parameters(Rc, ldp,

ldn, xwp) accurately. It is seenthatthecomputedparameterstrack

the simulatedparameters,proving the effectivenessof the gener-
ated test and the device parametercomputationalgorithm. The
CPUtimerequiredto computethedeviceparametersfrom thetest
response was 29.1 milliseconds per IC.
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TABLE 1. De vice parameter s for CMOS opamp

Para
meter Max Min

Para
meter Max Min

xlp 0.3µm -0.3µm xln 0.3µm -0.3 µm

xwp 0.3µm -0.3µm xwn 0.3µm -0.3µm

ldp 0.03µm 0.1µm ldn 0.03µm 0.1µm

Vtp -0.65 V -1.05 V Vtn 0.60 V 1.0 V

γp 0.2 0.6
γn 0.3 0.8

toxp 225 Ao 275 Ao toxn 225 Ao 275 Ao

Cc 1.1 pF 0.9 pF Rc 2.5kΩ 1.5kΩ
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8.2  Cause-Effect Analysis
To studytheeffectivenessof thecauseeffect analysistwo case

studieswereperformed.In thefirst case,aMonteCarlosimulation

of thecircuit wasperformedto generatea setof IC instancesand

the performancemetricsof theseICs were measured.This was
consideredthe nominal statisticaldistribution of device perfor-
mance.In the secondcase,circuit instancesweregeneratedwith
changein nominalvaluesandincreasedvariancesintroducedinto
all thedevice parametersto simulatea processshift andpoorcon-
trol of process,respectively. (Note that this is a realisticscenario,
asa fluctuationin a processparametertypically affectsmultiple
device parameters).This is consideredthenew or faulteddistribu-
tion of device performance.It was found that 4 of the opamp’s
performancemetrics, namely, slew rate (SR), supply current
(Isup), power supplyrejectionratio (PSRR)andlarge signalgain

(Av) were affectedby this changein device parameterstatistics.

Thehistogramsof thenormalandfaultedIC performancemetrics
areshown in Figure8. Thedeviceparametervaluesfor thefaulted
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FIGURE 7. Comparison of Simulated and Computed
Device Parameters for CMOS opamp
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set of ICs were computedas describedin Section6. The cause-
effectanalysiswasperformedon thesecondsetof ICs to diagnose
thecause(s)of drift andincreasedin varianceof performancemet-
rics. The resultsof cause-effect analysison the affected ICs is
shown in Figure9. Thebar-graphson the left sideof Figure9(a),
(b), (c) and(d) show the relative contributionsof variousdevice
parametersto thedrift in performance metrics. It canbeseenthat
theshift (reduction)in slew rateis mainly dueto theshifts in the
device parameterstoxn andVtn. Therefore,thoseparametersmust

be tunedto improve theslew-rateof thesetof ICs. Similar infer-
encesmay be madeabout the shift in supply current.The pie-
chartson theright of Figure9(a)(b), (c) and(d) show therelative
contributionsof eachdeviceparametervariationto thevarianceof
eachperformance.For example,it canbeseenthatthemajorpor-
tion of thevariancein slew rateis causedby thevariationin toxn

andxwn. Bettercontrol of theseparametersis requiredto reduce

thevariancein slew rate.Theportionof thebar-graphspie-charts
labeled‘Error’ refersto thepartof thevariationthatcouldnot be
explainedby thevariationin any of theparametersconsidered.It
is seenthatthetechniqueis ableto diagnoseamajorportionof the
causeof shift andvariancein circuit performanceparameters.The
techniqueis ableto track variationin performancecausedby the
interactionbetweenparametersascanbeseenfrom Figure9(b) (a
significant portion of the variance in PSRR is causedby the

). This informationcanbe usedto provide feedback

to processengineersto tunethemanufacturingprocessto improve
yield.

9.  Conclusions
In this paper, a methodologyfor diagnosingyield problemsin

analogICs hasbeendemonstrated.Simulation resultsshow the
effectivenessof theproposedtechnique.Futurework will involve
verifying the methodologyfor larger circuits in a real production
environment.
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