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This paper describes computer-aided design for qual­
ity-a new, cost-effective methodology for designing
high-quality, manufacturable products using computer­
aided design (CAD) systems. Traditionally, CAD systems
have been used to simulate a product's characteristics
for a given set ofvalues for the design parameters. Thus,
designers could study the effects ofdesign choices ona
product's quality before production started. Recent
advances incomputer hardware technology have given
CAD systems increasingly complex and accurate simula­
tion capabilities, permitting simultaneous examination of
the effects ofchanges inmany design parameters. But
CADQ goes a step further. It provides powerful, statisti­
cal, model-fitting methods and optimization techniques
thatextend the traditional useofCAD systems. Given a
set ofquality-performance measures, a designer now can
interactively pursue a product's optimal design, while
considering manufacturing constraints and characteris­
tics ofthe customers' environment. Through a case
study, we show the application ofCADQ to integrated­
circuit design.
Design for Quality and Manufacturing

Many important considerations simultaneously come into play
whena component is designed foruse in anAT&T product. Byfar the
mostimportant is quality, which has several aspectssuch as cost, time­
liness, and performance. Butin the end, the components ofa product to
be designed andmanufactured undera global quality approach-i.e.,
designed for reliability, manufacturability, serviceability, etc.-must
fulfill the performance requirements dictated bycustomers.

Consider, for example, the task ofdesigning a voltage-Ievel­
shifterintegrated circuit uc) foruse in anAT&T lightwave repeater
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becausethe circuitis part ofa high-frequency transmis­
sionsystem. Finally, the circuit's power consumption
mustnot exceeda given limit. (Panell defines acronyms
and terms used in this paper.)

Using a computer-aided designsimulator (like
AT&T's ADVICE system), the designercanproduce a cir­
cuitdesignthat complies with these requirements. (The
ADVICE system, which wasdeveloped byAT&T Bell
Laboratories, is a design-verification aidfor Ie engineer­
ing.) The designconsists ofa layout for the circuit,
togetherwith nominal values for the circuit's elements
(transistors, resistors, capacitors).

CAD systems, likethe ADVICE system, simplify
the designer's task.Theyallow a designerto simulate
the circuit's voltage level shift, gain, andbandwidth for
anyset ofnominal values for the circuitelements. Thus,
designtradeoffs canbe examined beforethe circuit goes
intoproduction. Adesignproduced this way is called a
nominal design.

However, the resultsofmanufacturing a nomi­
nally designed IC are likely to be disappointing, because
many ofthe manufactured circuits will exhibitcharac­
teristics different from those predicted by the CAD sys­
tem.Even somecircuits that pass final test mayfail to
perform properly under real operating conditions.

Whatwentwrongwiththe nominal design?
Nothing. Butnominal designs assumethat the manufac­
turingprocessesand operating conditions are completely
stable. In reality, evena well-controlled manufacturing
processexhibits fluctuations, and mostoperating
environments are variable.

Because ofthis, mostdesigners are not satisfied
withchecking the performance ofa single nominal
design. Instead, they often studythe performance of
other designsthat considerthe effects ofextreme or
worst-case manufacturing and environmental conditions
on the nominal design. Although reasonable, this
approach cannottella designeraboutthe overall effect of
these variations on the design'sperformance.

Whatis neededis a form ofstatistical design,

Panel 1. Acronyms and Terms

ADVICE a computer-aided designsimulator forveri-
fying integrated-circuit designs

bandwidth
computer-aided design
computer-aided designforquality
complementary metal-oxide semiconductor
closed-form function, where Y:: F(Xd' xe)
gain
gallium arsenide
actual physical function
covariance kernel
a polynomial ofdegree no greater than 2
orthogonal array
set ofpossible values fora component inx;
signal-to-noise ratio; here, a function of the

ratio between the mean ofa response
and its variability

variance ofgainby bandwidth
variance ofvoltage shift Vs1llfl
14-dimensional vectorofcircuit parameters
nominal value (orcenter) ofa design vari-

able (control factor)
design variables
external variables
union ofallnoise variables (noise factors)
perturbation ofa designvariable around its

nominal value caused by manufacturing
variability

interval on which the Xl1 are allowed to vary
very-large-scale integration
responsesor performance characteristics

of the product
a random function

B
CAD
CADQ
CMOS
F
G
GaAs
H
K
L
OA
range
S/Nratio

unit. The primary performance requirementis that this
circuit shiftthe inputvoltage, Vin, down by 5V (volts) to
the outputvoltage, VOU! ' The IC'Sgainmust stayas close
to unityas possible and its bandwidth mustbe high,
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Figure 1. The elements of robust design. Control factors are
under a designer's control and can be set and adjusted at
will. Noise factors are physically or economically beyond a
designer's control.

which explicitly bringsintothe designphase the random
fluctuations that will affect the product's performance
duringand aftermanufacturing. Unfortunately, allthis
newinformation tremendously complicates matters. For
one thing, the difficulty ofsimulating a product's behav­
ior increases as the numberofdesign parameters
increases. Some designs, very-large-scale integration
(VLSI) for instance, start out with an already large
numberofnominal design parameters. Whenweaddall
the fluctuation-related statistical parameters, the design
problem becomes seemingly intractable.

In its current form, CAD technology is only of
relative helpfor two reasons:
- CAD systemsdo not havespecial provisions to helpa

designerstudyhigh-dimensional designproblems.
(We assumethat enough computational power and
timewill existto dealwith the problem's complexity.)
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Inputs
• Input voltage

Controlfactors
• Nominal values of

resistors, capacitors,
and transistors

Product
(Ie)

Noisefactors
• Variability on resistors

and transistors
• Power supply fluctuations
• Temperature fluctuations

Outputs
• Output voltage,

gain. bandwidth.
power

- CAD systemsare nominal-design oriented. That is,
there are nofacilities to helpthe designer simulate
and studya product's behavior under random pertur­
bations to its nominal design specifications.

In this paper, wepropose an approach to pro­
ductdesignthat addressesthis problem. Westartby
reviewing a method called robust design!·2 that has been
used successfully inAT&T! andother companies to
design high-quality, manufacturable products. The robust
design method provides a structured way-a statistical
approach-to overcome the problems associated with
nominal designs. Next, wedescribe computer-aided
design forquality (CADQ) , an implementation ofrobust
design specifically tailored forCAD environments. We
discuss how: CADQ uses statistical sampling techniques to
helpa designer dealwith the complexity ofstudying high­
dimensional design problems. We also explain howto use
statistical models with rawoutputs from the CAD system to
reducethe computational expense ofoptimizing a prod­
uct'sperformance. Finally, wedescribe our first imple­
mentation ofCADQ, which is geared toward IC design and
usesAT&T's ADVICE CAD system. Wealso show the
resultsofusingthis implementation to design a gallium
arsenide (GaAs) voltage-level-shifter integrated circuit.

Robust Design
The diagram in Figure 1 shows the elements

involved in the design ofa product. The centerbox
representsthe product (e.g., an Ie) as a physical system.
To the right, wesee someofthe product's outputs; here,
output voltage, gain, bandwidth, and power consumption.
These outputs are determined by the inputs (identified
to the leftofthe box) and two classes offactors:
- Control factors-Design factors that a designer con­

trolsandcan set and adjust at will. ForanIC, control
factors are the nominal values ofresistors, capacitors,
andtransistorsizes, among others.

- Noise factors-Factors that a designer cannot control
foreither physical or economic reasons. ForanIC, the
noise factors include: manufacturing-variability

AT&T TECHNICAL JOURNAL. MAY/JUNE 1990
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onthis principle andhas become popular inthe lastfive
years. In robustdesign, the objective is to find those
control-factor values that minimize the variability ofpro­
ductperformance attributed to noise factors. Aproduct
designed thisway is called robust forobvious reasons.

Robust design exploits the existing nonlinear
relationships between control factors andthe product's
outputs to find a point in the design space where the vari­
ability that the noise factors introduce doesnotdegrade
product performance. Figure 2 illustrates thisconcept.

In this diagram, wesee the output voltage ofan
rcrepresented as a function oftransistor gain. Suppose

Figure 2. Exploiting nonlinearity to reduce variability. If gain
is a control factor In the IC's design, then a designer who
wants to keep the output voltage near Yo would choose Xo
for gain. But other choices may exist if fluctuations In gain
must be considered. For example, the output voltage Is less
sensitive to gain at Xl'

departures from the nominal values ofresistors,
fluctuations in inputpower, andvariations in operating
temperature or humidity. Noise factors canbe internal
or external to the design.

Aswementioned earlier, it is relatively easyto
choose values forcontrol factors that, in the absence of
noise factors, produce a circuit design that meetsa given
set ofperformance requirements. That is whatwecalled
a nominal design. The realproblem is to account forthe
effect that noise factors will have on the performance ofa
given productdesign. Circuit designers referto this as
the statistical-design problem.

Onecanattackthe statistical-design problem by
using the so-called worst-ease-design approach.' Under
this approach, wefirstdetermine worst-case directions
forthe noise factors. These are the directions along
which changesin these factors causethe product's per­
formance to deteriorate. Once wehave those directions,
the statistical-design problem becomes a deterministic
one. That is,weconsider the product's performance for
eachset ofworst-case conditions or extreme values of
the noise factors along eachworst-case direction.

However, a solution to the worst-case-design
problem mightnotexistbecausethe control-factor
values often affect the product's performance inconflict­
ingways under different worst-case conditions. In other
words, a design that works fora given worst-case condi­
tion mightnotworkforanotherworst-case condition.
Even if no conflicts arise, worst-case analysis often pro­
duces conservative, overly expensive designs.

Amoreseriousproblem is: Worst-case design
assumes that the noise factors have a monotonic
influence on the product's performance. Verifying this
assumption in practice is often as difficult as the design
problem itself!

Asuccessful approach to solving the statistical­
design problem mustbe ableto find control-factor values
thatminimize the overall effect ofthe noise factors on
product performance. The so-called robust-design
approach, introduced byDr.Genichi Taguchi.' is based

AT&T TECHNICALJOURNAL. MAY/JUNE 1990



Figure 3. Main steps of the robust-design process. If a satis­
factory solution is not found, the designer would redefine
the problem and its objectives and then repeat the steps.

Computer-Aided Design for Quality
Here, we describe our implementation ofrobust

designfor CAD systemsand explain howit is better than
traditional implementations in non-CAD environments.

The Robust·Design Process. Figure 3 showsthe
mainsteps ofthe robust-design process:
1. Define quality objectives andconstraints. First, the

gain is a controlfactor, and the objective is to keep the
outputvoltage aroundYO' Then, the designer could
choose the valuex0 forgain and achieve the desired
objective. But if possible fluctuations in gain are con­
sidered,we can see that r., maynot be the best choice.
Becausethe curve is nonlinear, there are other choices
forgain, such as Xl, for whichthe outputvoltage is much
less sensitive than at xo. Ifgain is not the onlydesignfac­
tor, we can nowuse some other factor-unrelated to
gain-to lowerthe voltage to target, whileavoiding the
effects ofgainvariability.

Summarizing, robust design allows designers to
incorporate variations into the design. Among the most
importantconsequencesofusing this approach are:
- Less reworkis needed to get a satisfactory design.
- Designsare more manufacturable, because the noise

characteristicsof the manufacturing process can be
taken into account.

- Highyieldsresult from reducedvariability in product
performance.

designers must clearly specify allelementsinvolved in
the design ofthe product: controlfactors, noisefac­
tors, responses, and performance measures. (yVe
describedcontroland noisefactorsearlier.) Responses
are the product'scharacteristics used forjudgingits
quality, and performance measures are the metrics
used on the responses to gauge quality. Withallthese
elementsin hand, performance targets and constraints
on the controlfactorsare then specified.

2. Sample and explore the design space. Here, we study
the interrelationships amongthe controlfactors, noise
factors, and responses.The goal is to determinewhat
controlfactorsare importantin minimizing the effects
ofnoisefactors on the responses.Responses are typi­
cally analyzed in statistical terms, such as meanand
variance. Statistical sampling methodsare used to
select a finite number ofproductdesignsfor analysis.
Thus, one can predictthe product'sbehaviorunder
other designsfrominformation contained in this lim­
ited designsample.

3. Predict the optimal design for the product. Usingthe
information gathered in Step2, the designernow
attemptsto findthe control-factor settingsthat minim­
ize the quality lost fromthe effects ofnoisefactors. To
measure quality loss,we use the performance meas­
ures defined in Step 1. Ifno satisfactory solution is
found, we mayneed to redefinethe designproblem
and its objectives. This is represented in Figure3 by
the arrowgoingback to the first step.

This view ofrobust designis common to all
implementations known to date. However, each ofthe
steps maybe implemented in different ways.

Taguehl's Method. Taguchi'soriginal implementa­
tiorr' callsfor using signal-to-noise ratios (SIN ratios) as
performance measures in Step 1. SIN ratios are func­
tions ofthe ratiobetweenthe mean ofa responseand its
variability. This is sometimes known in the statistical
literatureas the coefficient ofvariation, and represents a
measure ofthe relative sizeofvariability in the response.
In this sense, maximizing the SIN ratiofor a given

----- -- l
IStep:l.

Define quality objectives
and constraints

~
Step 2

Sample and explore
the design space

~
step 3

Predict optimal design
for the product

I -

50

AT&TTECHNICAL JOURNAL. MAY/JUNE 1990



response corresponds to minimizing the effect ofthe
noise factors on the response'svariability.

In Step2,Taguchi's method ofsampling uses
orthogonal arrays (OAS); see Figure 4.AsFigure 4a illus­
trates, a control array defines the settings (nominal
values) offourcontrol factors to be tried.The firstand
thirdfactors are the nominal values for resistors, the
second is for the capacitor, and the fourth is for transis­
tor size. A noise array doesthe samefor two noise fac­
tors: voltage and temperature. To construct the product
array, wecombine the noisearraywith each rowofthe
control array. The resultis whatis known as an experi­
mental plan (thatis, a set ofdifferent product designs to
be tested).The experiment consists ofobtaining, either
byphysical experimentation or simulation, readings of
the performance measuresforeach design.

For Step3,Taguchi's method exploits the statis­
tical properties oforthogonal arraysto obtain the main
effects ofeach control factor on the SIN ratio. To do this,
weaverage the values ofthe SIN ratio obtained at each
settingofthese factors duringthe experiment. Figure 4b
illustrates the process. Then,we use the resulting main
effects to predictan optimal design by choosing the set­
tingfor eachcontrol factor that yields the largestSIN
ratio among allthe settings.

Whenmultiple performance characteristics are
to be optimized) this procedure is donefor eachcharac­
teristic and, if possible, the overall resultsare reconciled.
The reconciliation procedures are subjective.

This implementation ofrobustdesignhas been
widely used inJapanandthe U.S. becauseofits econ­
omy, simplicity, and superiority overnominal and other
one-factor-at-a-time designmethods. However, it was
developed whencomputing power and software sophisti­
cation werelimited, which is reflected in several impor­
tantlimitations. The most important limitations are:
- The rationale forconstructing an SIN ratio isveryad

hoc and is difficult to generalize to multiple responses.
Also, it is difficult to incorporate manufacturing and
operational variables intothe problem.

Noise arr---::- -- SIN r~tl~
5V 20°C I5V 40°C

Control array /9V 200C -SIN1

./' 9V 40°C
5k 1.2 pF 20k 1.35m

5k 4.0 pF 40k 1.50m 5V 20°C I
~5V 40°C

5k 5.0 pF 60k 2.00m 9V 200C --··SIN2

7k 1.2 pF 40k 2.00m 9V 40°C

7k 4.0 pF 6Dk i.35m :

7k 5.0 pF 20k 1.50m 5V ;O°CI
9k 1.2 pF 60k 1.50m 5V 40°C -----<••SINs
9k 4.0 pF 20k 2.00m »->" ~~ ~g:g
9k 5.0 pF 40k 1.35m """

'" 5V 20°CI5V 40°C __•• SlN
99V 20°C

9V 40°C

(a)

Factor A Factor B Factor C

0 V \ ~
:.=>
~
z
<,en

Ai A2 B1 B2 C1 C2

(b)

Figure 4. For Step 1 of Figure 3, Taguchi used signal-to­
noise (SIN) ratios as performance measures. In step 2, he
used (a) orthogonal arrays for sampling and exploited their
statistical properties to obtain (b) the main effects of each
control factor. (The best setting for each factor is
highlighted.)

- Whenmany control and noise factors are involved, the
product-array technique canproduce largeexperi­
ments.

- Optimization is not doneina sophisticated way. In par­
ticular, a control factor's optimal settingisrestricted
to beingamong the discrete set oflevels selected in
Step2.Specifically, in Figure 4b, it is impossible to tell
if a value offactor B existsbetween levels B1 andB2
that resultsin a largerSIN ratio.

CAD for Robust Design. Ata November 1986 work­
shopon design for quality, sponsored jointly byAT&T

AT&T TECHNICAL JOURNAL. MAY/JUNE 1990
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describe the relationship between the values ofthe out­
putsandthe values ofthe design variables Xd andexter­
nalvariables Xe•H is the actual physical function. Design
variables, in tum, canbe expressed as the sumoftwo
components:

wherethe Xc representnominal values (centers), andthe
Xv representperturbations around theirnominal values
caused bymanufacturing variability. External variables
representfactors that are external to the design and
affect the product's performance during operation. For
anIC,the Xc in equation (2) could be nominal values of
resistorsandtransistors, andthe Xv would be the variabil­
itiesaround the nominal values ofresistors andtransis­
tors.The external variables could be operating tempera­
ture andpower-supply voltage.

Given that,wecanrewrite equation (1) as:

andthe National Science Foundation, J.H.Hooper,
M. Hamami, andW.A Nazaretofthe Quality Technol­
ogyand Services Centerat AT&T Bell Laboratories laid
out the needand requirements fora newimplementation
ofrobustdesign specifically tailored to the CAD environ­
ment. Wecall this newimplementation computer-aided
design for quality, or CADQ.

CADQ overcomes the limitations mentioned ear­
lierofthe traditional approach to robustdesign. To
implement eachstep ofFigure 3,CADQ uses statistical
andoptimization methods that exploit the power and
sophistication ofCAD systems. Yetit doesnotabandon
the economy aspects oforiginal robust-design implemen­
tations. The result is a state-of-the-art, cost-effective
methodology fordesigning quality andmanufacturability
into products.

How CADQ works. LetY denote the responses or
performance characteristics ofthe product. Let:

Y = H(xc, xn) (3)

wherex, represents the nominal value ofdesign vari­
ables (control factors), andXn the union ofall the other
variables (noise factors). Under equation (3), wehave
builtin the standard control- andnoise-factor notation.

Letus assume that wemeasure product perfor­
mance as Ys discrepancy with respectto a targetvalue
Yo. Then, the robust-design problem canbe posed as:

minx, Exn(Y - YO)2 (4)

where the function EXn is the statistical expectation over
the distribution ofXn.

In otherwords, the objective is to find those
values forthe control factors that minimize the expected
deviation ofYaround its targetvalue Yo in the presence
ofnoise factors.

To solve equation (4) directly, onemustchoose
a mathematical optimization algorithm- that,starting
from an initial choice ofXc, sequentially picks new points
along carefully chosendirections, until it cannot further
reduce the above expected squared error.

However, the proposed solution hidesa prob­
lem: The expectation in equation (4) needsto be calcu­
latedforevery new point x, to be tried, which canbe
computationally expensive. Ifwecanuse the CAD system
to obtain values ofYfor anychoice ofXc andxn, thenwe
canapproximate the expectation usinga Monte Carlo
average. Aclosed-form expression for the expectation in
terms ofthex, is seldom known, because the function H
in equation (1) is notknown explicitly. Instead, the func­
tionH is simulated within the CAD system as a numerical
solution to a set ofdifferential equations thatgovern the
product's physical behavior. Therefore, a Monte Carlo
approximation to the expected value would involve
potentially hundredsofcalls to the CAD system, each
expensive in itself.

In spite ofthis,wewould still liketo solve the
robust-design problem interms ofequation (4), because

(2)

(1)
52

AT&T TECHNICAL JOURNAL. MAY/JUNE 1990



Step1a
Define outputs of interest

and performance measures

Step1b
List control and noise factors

Specify ranges and variabilities

Step 28
Select model and sampling plan

Sample the design space

Step2b
Generate output data using

CAD system

Step 2c
Rt model and use it to study
how control and noise factors

affect outputs

1tilp3a
Find anoptimal design using

the model to estimate product
performance

Confirm results onthe
CAD system

thisformulation allows us to dealwithmanydifferent
design problems in a unified way. For instance, we could
use performance measuresother than square deviation
andcouldconsiderconstraints on the Xc without invalidat­
ingequation (4). Wewantto avoid problem-dependent
formulations becausethey compromise our ability to
implement algorithms and software forgeneraluse.

Approximation Principle. Clearly, weneed to find a
way to solve equation (4) that avoids the computational
expense ofusingthe CAD systemtoooften. Our solution

Figure 5. The CADQ flow diagram expands the steps in Fig·
ure 3. The strategy here Is to find Y (the value of the
product's responses or performance characteristics) for a
selected number of designs and then use this Information to
interpolate Yfor other designs. Information obtained on
each iteration Is used to refine the ranges and variabilities,
until a solution Is found.

is based on a simple principle that wecall the approxima­
tion principle: Usethe CAD systemonly to find the value
ofY for a selectednumberofdesigns, and use this infor­
mation to interpolate the value ofY forother designs. We
nowdescribe this strategyin moredetail.

Figure5 contains a flow diagram ofthe CADQ
process. Steps1aand 1bhere are a finerbreakdown of
Step1 in FigUre 3. In Step1b,ranges refer to the set of
possible values for eachcomponent inXc, and variabili­
ties refer to the interval on which the Xn are allowed to
vary. Steps2a,2b,and 2ccorrespond to subactivities in
Step2 ofFigure3.We implement the steps in Figure5
based on the approximation principle stated in the previ­
ous paragraph. That is,wewill find a closed-form func­
tionF, such that:

Y =F(xd, xe) (5)

within the range specified in Step1 (Figure 3) to a satis­
factory degree ofapproximation ofH in equation (1).
Here,as in equation (1), Xd andXe refer to design and
external variables, respectively.

In other words, weare trying to model the physi­
cal systemin its original fonn-Le., product outputs as a
function ofallthe inputs. Ifwefind such anF,wethen
can proceed with the rest ofthe robust-design process.
Butby usingF as a surrogateforH in equation (1), we
avoid the expense ofhaving to use the CAD systemin the
optimization step.

Here,wealsosee one maindifference between
the CADQ andTaguchi approaches. CADQ models the out­
puts as a function ofallthe inputs (design and external

AT&TTECHNICALJOURNAL • MAY/JUNE 1990
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variables) and then uses the approximation function for
performance calculations and optimization. Taguchi,
instead, calculates performances directly from the raw
dataand then models the performances (SIN ratios) as
a function ofthe control factors. CADQ's approach offers
moresimplicity andflexibility. It usually is simpler to
model the outputs as a function ofthe inputsthan to
model a nonlinear function ofthe outputs, such as an
SIN ratio. Also, once the designerfinds a goodapproxi­
mation, he or she canuse it forcalculating a variety of
different performance measures, if necessary. This is
moreflexible than having to refitthe model every time
a newperformance measureis considered.

Westart the processofbuilding F (Step 2a) by
selecting a parametric family offunctions (polynomials,
splines, etc.) from which wewill choosea best fitting F.
Then,wechoosea sample ofpoints in the (Xd, xe) space.
The use ofan inexpensive sampling planwith goodsta­
tistical properties is crucial to the successofthe overall
strategy. The sampled points and their associated values
ofYare to be regardedas data, and the parametric family
offunctions is to be regardedas a model. Any correspon­
dencewith statistical-model-fitting terminology is not at
allcoincidental.

In Step2b,weuse the CAD systemto generate
values ofthe outputs Yfor each ofthe sample points
selected in Step2a.

In Step2c, wechoosea best fitting F basedon
the datacollected. Wethen use thisF as a surrogatefor
the CAD systemto studythe effect ofboth control and
noise factors on the outputresponse Y. Here is where
the computational savings start to show.

AsFigure 5 suggests, wemightneed to go back
to Step1 if wecannotfind a satisfactory fit. In particular,
this occurswhenthe original designrangesare too
large. However, as wewill discussshortly, the informa­
tioncollected inStep2ccanbe used to resize the design
rangesappropriately.

Once wehavefound a goodapproximation F,
wecanproceed to solve equation (4). In Step3a,the

AT&TTECHNlCALJOURNAL. MAY/JUNE 1990

problem is now statedas:
min, Ex.(F(xc,Xn) - YO) 2 (6)

In equation (6), weare usingthe notation x.x, to
emphasize that the optimization is basedonthe nominal
values ofjust the control factors. This doesnotconflict
with equation (5), because weare usingthe alternative
notation introduced in equation (3). Underthis newfor­
mulation ofthe problem, wecannow afford to use a
Monte Carlo or anyother approximation forthe expecta­
tioninequation (4), because calculating Yfrom the xs
usingF is inexpensive, compared to usingthe CAD sys­
tem directly. This,in tum, makesit possible to solve the
problem with anyoptimization algorithm. Ifneeded, we
could nowuse gradient-based methods.

The final task,Step3b,is to use the CAD system
to confirm the performance ofthe optimal design we
obtained in Step3a.Here,the ideais that the approxi­
matesolution to the robust-design problem isa good
solution.

The CADQ methodology, as described above,
improves on traditional implementations ofrobustdesign
in several ways. Among them are:
- CADQ can dealwith anykindofperformance measure

andevenmultiple performance measures simultane­
ously or separately.

- It exploits the simulation capabilities ofCAD systems
to explore the spaceofcontrol and noise factors effi­
ciently, without resortingto the expensive product­
arraytechnique.

- The optimal designcanbe anywhere in the design
range. The search is notconstrained to an arbitrary,
discrete set ofdesigns.

To summarize, wewantto emphasize thatCADQ
is heavily dependent on the availability ofa goodCAD sys­
temto simulate the characteristics ofthe product. With­
out sucha system, it would be difficult or even impossi­
ble to pursuethe approximation approach onwhich
CADQ is based. Ifproduct simulation is notpossible, then
physical prototypes mustbe constructed to studythe
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Figure 6. CADQ imple­
mentation for a GaAs
voltage-level-shifter
circuit. This circuit
shifts the voltage at
V/n down by 5V to
Vout• (a) Schematic of
the circuit;
(b) pictorial descrip­
tion of the shifting
mechanism.
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subject to:

Step 18. The problem is to design a circuit that
shifts the output voltage as close to 5V as possible, while
maximizing the gainandbandwidth. Adesign constraint
is that the circuit's power consumption be below 150 mW
(milliwatts). Gain andbandwidth values are readily deter­
mined from the circuit's frequency-response curve (Fig­
ure 7).Gain G (0) is the value (in dB) ofthe curve at fre­
quency 0,andbandwidth B is the frequency atwhich the
curve is 3 dBbelow the gain.

The "hump" in the curve before it startsfalling is
called ripple andrepresents an undesired feature forthe
circuit waveform. Therefore, to the power-consumption
constraint, weaddanotherconstraint onthe sizeofrip­
ple. The exactformulation ofthe problem is:

GxBmax, log-- (7)
C CJGxB

CJV,hift s 0.5
ripple s 0.001 dB
power s 150 mW

Here,G is the gain, now measured in the linear scale
(0,1); andB is the bandwidth, ingigahertz (GHz). The
CJGxB and CJV,hifi representthe variances ofgainbyband­
width andofvoltage shift, respectively. Ripple is defined
as the largestdeviation from the gainalong the curve.

Solving equation (7) amounts to finding a design
forthe circuit that minimizes the gain-by-bandwidth S/ N
ratio, while keeping voltage shift, power consumption,
andripple undercontrol.

Step lb. Table I liststhe design andexternal vari­
ables, togetherwith their ranges. Ref, Rcomp, andRlvs are
resistances. Cload andClvs are capacitances. 11, J6,J7,and
J9 are scale factors for transistor size. vpp, Vn, and Vnn
are inputsupply voltages. The last two factors,]modvto and
lmodres' are the transistor's threshold voltage andohmic
resistance, respectively.

There are ninecontrol factors (thenominal
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An Application of CADQ
In this section, weshowan application ofCADQ

to the statistical design ofintegrated circuits," The cir­
cuitin our example is a GaAs voltage-level-shifter IC,
which is to be used as partofa lightwave repeaterunit.
To obtain an optimal circuit design, weused a version of
CADQ thatworks with AT&Ts ADVICE CAD system. In
describing the example, wewill closely follow the steps
described inFigure 5.

Figure 6ais a schematic ofthis circuit, which is
designed to take the voltage at Vin andshiftit down by
5V to Vout' Figure 6bis a pictorial description ofthe shift­
ingmechanism.

characteristics ofdifferent designs. This imposes severe
limitations on the numberofsample designs that canbe
studied in Step 2,which makesit difficult to find a good
approximation function. In these instances, traditional
implementations, suchasTaguchi's approach, appear
moreappropriate.

Figure 7. Frequency-response curve for the volta~e-shlfter

circuit. Gain, G{O), Is measured at frequency 0; bandwidth
(8) Is the frequency at G{O) - 3 dB. The hump In the curve
Is ripple, an undesirable feature for the waveform.56
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Forvoltage shift, the model wasdifferent in that
linear-regression termswereincluded forsome inputs.
This decision wasbasedonpriorinformation aboutthe

the 50 designs selected in Step 2a. Wealso tookreadings
at seven points along eachofthe frequency-response
curves to estimate the size ofripple.

Step 2c. Foralloutputs ofinterestexcept voltage
shift, wefitted the model-equation (8)-with L(x) = c.
Z(x) wasassumed to be the realization ofa Gaussian pro­
cesswith a mean ofzeroanda covariance kernelK, such
that:"

14
K(Z(u) ,Z(t)) = (32 n exp (-8j I Uj - tj 1 2) (9)

i=l

Design variables

Factor Design Initial
Variable name Unit range design

XI Re! kn [0.8000,6.40001 2.400
X2 c: pF [0.0300,0.30001 0.100
X3 C/o, pF [0.0050,2.00001 0.100
X4 J1 - [0.0202,0.04951 0.030
Xs J7 - [0.0150,0.04501 0.030
X6 J9 - [0.0075,0.02251 0.015
X7 Rcomp kn [1.3500,5.40001 2.700
Xs RloslRe! - [0.2500, 1.00001 0.300
Xg J6/J1 - [0.5000,2.00001 1.500

External variables

Factor Variability Center
Variable name Unit range value

XIO Vpp V [4.5000,5.50001 5.000
Xli V. V [-3.5000, -2.70001 -3.000
XI2 V•• V [-5.7200, -4.68001 -5.200
XI3 u: - [-0.9375, -0.56251 -0.750
X14 lmodres - [1.0500,2.45001 1.750

values ofx1 throughx9) and ninenoise factors (thevaria- Table I. Variables for GaAs Voltage-Shifter Circuit

bility inx1 throughx4 plusthe values ofthe external fac­
torsx10 throughx14)' Wedecided that the variability in
the nominal values ofxs throughx, wasinsignificant.

Step 2a. The model we choseapproximates the
outputs as a function ofx1 throughx14. It is a Bayesian
interpolation modef-" ofthe form:

Y =L(x) +Z(x) (8)

where x is the 14-dimensional vector ofcircuit parame­
ters, L is a polynomial ofdegreenogreater than 2,andZ
is a random function. Thismodel is an extension ofthe
popular quadratic-regression models, which consider
only the L andadda sampling- or measurement-error
component.

Wecanjustify the use ofthe extended model,
equation (8), with at leasttwo important observations:
- Polynomials are notflexible enough to model the

kindsofrelationships that existamong circuit inputs
andoutputs, particularly whenworking inwide
regions ofthe design space.

- Ourdatadoesnotcontain anysampling error.That is,
given a value ofx, the outputofthe CAD system will be
the sameforseveral different trials, up to machine
accuracy.

In the absence ofrandom error,wedo notsee anyjusti­
fication forusingleast-squares-approximation models.
Indeed, wewould likeour approximation tobe exactat
the sampled points, whereweknow the true value ofY.

Wechose50points (i.e., designs) inthe 14­
dimensional space ofinputs defined bythe Cartesian pro­
ductofthe rangesinTableI. To choose the points, we
useda Latin-Hypercube sampling scheme," This scheme
guarantees that allportions ofthe design space are being
observed, yet keepsthe sizeofthe sample small.

To arrive at the number50, weconsidered the
time the CAD systemtookforeachsimulation andthe
total timewewanted to expend incomputing.

Step 2b. Here,wegenerated values ofgain, band­
width, voltage shift, andpower consumption foreachof
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each ofthe outputs. In each iteration, we used the
approximations to produceplotslike those in Figure 8,
whichindicate the relative importance ofeach inputon
the outputs. These plotsare used for twomainpurposes:
- Identify and eliminate less active inputs (i.e., those

withminimal slope). This helps us reduce the dimen­
sionality ofthe optimization problem.

- Eliminate portionsofthe designregionwhere the out­
puts are unacceptable. This helps us reduce the sizeof
the design region, increasingthe goodness offit.

Basedon the plotsin Figure 8,we coulddecide
to retain controlfactors Xl, X2, X7, Xs, andXg for model­
ing GxB and couldeliminate the rest. Also, we could
restrict the range on controlfactorX2, CZoad' to values
below its current center,whichis wherewe see larger
valuesofbandwidth.

In general,with information obtained by the
end ofeach iteration, we builta newdesignregionand
refittedthe models.

Step 3a. We solved the optimization in equa­
tion (7) using a random-search algorithrn.l? To calculate
CJexB and CJvshi/l' we took a MonteCarlo sampleof100
pointsaroundthe current optimal pointat each iteration
in the search.Table II showsthe optimal circuitdesign.

Step 3b. The optimal design's performance, as
predictedby the approximation function, agreed well
withthe performance simulated for that designby the
ADVICE system. We showboth results inTable III.

Figure 9 comparesthe performance ofthe initial
and optimized circuitdesigns. These box plotsare a
graphical representationofthe distributions ofvoltage

Figure 8. Main-effects plots for the voltage shifter's signifi­
cant factors: (a) gain, (b) logarithm of bandwidth, and
(c) voltage. Ranges for all factors are standardized to the
interval [-0.5, +0.5]. The xn labels on curves refer to the
design and external variables in Table I. These curves show
the relative Importance of each Input on the outputs. To
reduce the design problem's dimensionality, we could screen
out the less active inputs (l.e., curves with minimal slope).
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relationship betweenthis outputand the inputs.
The proposedmodelsledto an interpolation

function for each ofthe outputs that exactly fits the sam­
pleddata and is smooth everywhere. The choiceof
covariance kernel in equation (9) rules out anyjagged
approximation curves,whichis consistentwith our
knowledge about the smoothness ofthe outputs. (Fur­
ther detailson the fitting procedure'? are outside the
scope ofthis paper.)

We carried out four iterationsfromthis step
back to Step2a beforewe obtained a satisfactory fit for

, (c)
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Table II. Optimal Circuit Design Obtained by CADQ Table III. Performance of the Optimized Design

shift, gain, andbandwidth forboth designs. Theyshow
the newdesign's superiority in terms ofnominal perfor­
mance and robustness.

Wealsotried to optimize the circuit using
Taguchi's approach but could notget a satisfactory solu­
tion. That is,wewereunable to define a single S/ N ratio
that accounts forthe multiple performance objectives
(gain, bandwidth, voltage) and constraints (power dissi­
pation and ripple). Performing a separateanalysis for
eachofthe outputs led to radically different designs that
could notbe reconciled.

These problems are notpeculiar to our example
but relateto the inability ofTaguchi's approach to deal
systematically with multiple performances andcon­
straints. In anycase,Taguchi's experiment required729
simulations (27 rows ofthe control arrayby27rows of
the noisearray). This is more than three timesthe num­
ber ofsimulations that CADQ required.

Parameter
Resistance, Ref
Load capacitance, C/oad

Capacitance, c;
]1, transistor-size scalefactor
J7,transistor-size scalefactor
J9,transistor-size scalefactor
Resistance, Rcomp

R1v,/Ref
J6/11

Unit
kn
pF
pF

Value
1.8280
0.0485
0.0775
0.0232
0.0375
0.0087
1.4015
0.03065
1.2268

Parameter Unit Predicted Simulated

Bandwidth, B GHz 6.4170 6.413
Voltage shift, V,h(ft V 4.9760 4.9690
Gain, G dB -1.9700 -1.9700
Power mW 120 120
Ripple dB 0.0007 0.0000

NOTE: Performance is predicted bythe approximation function, or
simulated bytheADVICE system.

quality anddesign formanufacturability.
Througha realcasestudy, weshowed how

CADQ canbe used incomputer-aided circuit design to
produce an optimal statistical design for anIC.However,
CADQ is notconstrained to the design ofintegrated cir­
cuits. It canalso be used in areaslikecircuit-board
design andmechanical design, whereCAD simulators
are also available. Because ofits efficiency, CADQ canbe
used on largedesign-optimization problems, wheremore
traditional methods are prohibitively expensive.

Finally, although CADQ uses powerful andflexi­
blestatistical methods for sampling andmodel fitting, it
also provides graphic aids (such as the main-effects plots
in Figure 8) to simplify the analysis ofhowdifferent fac­
tors affect the outputs. If oneuses reasonable sampling
approximation methods (suchas thosepresented in the
preceding section), the software canautomate mostof
the work. Thus, evendesigners without extensive statis­
tical knowledge canuse CADQ.

59

Conclusions
In this paper, wedescribed CADQ, a cost­

effective implementation ofrobustdesign forCAD
environments. CADQ extendsthe capabilities ofCAD simu­
latorsand allows designers to considermanufacturing
andoperating environment variations while designing a
product. In this sense,CADQ is geared toward design for
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