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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 of values for the design parameters. Thus,
designers could study the effects of design choices on a
product’s quality before production started. Recent
advances in computer hardware technology have given
CAD systems increasingly complex and accurate simula-
tion capabilities, permitting simultaneous examination of
the effects of changes in many design parameters. But
CADQ goes a step further. It provides powerful, statisti-
cal, modelitting methods and optimization techniques
that extend the traditional use of CAD systems. Given a
set of quality-performance measures, a designer now can
interactively pursue a product’s optimal design, while
considering manufacturing constraints and characteris-
tics of the customers’ environment. Through a case
study, we show the application of CADQ to integrated-
circuit design.
Design for Quality and Manufacturing

Many important considerations simultaneously come into play
when a component is designed for use in an AT&T product. By far the
most important is quality, which has several aspects such as cost, time-
liness, and performance. But in the end, the components of a product to
be designed and manufactured under a global quality approach—i.e.,
designed for reliability, manufacturability, serviceability, etc.—must
fulfill the performance requirements dictated by customers.

Consider, for example, the task of designing a voltage-level-
shifter integrated circuit (IC) for use in an AT&T lightwave repeater



Panel 1. Acronyms and Terms

ADVICEF a computer-aided design simulator for veri-
fying integrated-circuit designs

B bandwidth

CAD computer-aided design

CADQ computer-aided design for quality

CMOS complementary metal-oxide semiconductor

F closed-form function, where Y = F(x;, x,)

G gain

GaAs gallium arsenide

H actual physical function

K covariance kernel

L a polynomial of degree no greater than 2

0A orthogonal array

range set of possible values for a component in x,

S/Nratio  signal-to-noise ratio; here, a function of the
ratio between the mean of a response
and its variability

OC«B variance of gain by bandwidth

OV, variance of voltage shift Vi,

X 14-dimensional vector of circuit parameters

X, nominal value (or center) of a design vari-
able (control factor)

; design variables

X, external variables

X union of all noise variables (noise factors)

" perturbation of a design variable around its

nominal value caused by manufacturing
variability

variability interval on which the x, are allowed to vary

VLSI very-large-scale integration

Y responses or performance characteristics
of the product

& a random function

unit. The primary performance requirement is that this
circuit shift the input voltage, V;,, down by 5V (volts) to
the output voltage, V,,;. The IC’s gain must stay as close
to unity as possible and its bandwidth must be high,

because the circuit is part of a high-frequency transmis-
sion system. Finally, the circuit’s power consumption
must not exceed a given limit. (Panel 1 defines acronyms
and terms used in this paper.)

Using a computer-aided design simulator (like
AT&T’s ADVICE system), the designer can produce a cir-
cuit design that complies with these requirements. (The
ADVICE system, which was developed by AT&T Bell
Laboratories, is a design-verification aid for IC engineer-
ing.) The design consists of a layout for the circuit,
together with nominal values for the circuit’s elements
(transistors, resistors, capacitors). ,

CAD systems, like the ADVICE system, simplify
the designer’s task. They allow a designer to simulate
the circuit’s voltage level shift, gain, and bandwidth for
any set of nominal values for the circuit elements. Thus,
design tradeoffs can be examined before the circuit goes
into production. A design produced this way is called a
nominal design. 47

However, the results of manufacturing a nomi-
nally designed IC are likely to be disappointing, because
many of the manufactured circuits will exhibit charac-
teristics different from those predicted by the CAD sys-
tem. Even some circuits that pass final test may fail to
perform properly under real operating conditions.

What went wrong with the nominal design?
Nothing. But nominal designs assume that the manufac-
turing processes and operating conditions are completely
stable. In reality, even a well-controlled manufacturing
process exhibits fluctuations, and most operating
environments are variable.

Because of this, most designers are not satisfied
with checking the performance of a single nominal
design. Instead, they often study the performance of
other designs that consider the effects of extreme or
worst-case manufacturing and environmental conditions
on the nominal design. Although reasonable, this
approach cannot tell a designer about the overall effect of
these variations on the design’s performance.

What is needed is a form of statistical design,

AT&T TECHNICAL JOURNAL » MAY/JUNE 1990



48

Control factors

Outputs
Inputs Prod « Output voltage
uct I &
« Input voltage I [—* gain, bandwidth,
power
|
: T
Noise factors
« Variability or
\l-'.'! .'f. n ors

« Power suf luctuations
« Temperature fluctuations

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 brings into the design phase the random
fluctuations that will affect the product’s performance
during and after manufacturing. Unfortunately, all this
new information tremendously complicates matters. For
one thing, the difficulty of simulating a product’s behav-
ior increases as the number of design parameters
increases. Some designs, very-large-scale integration
(vLsI) for instance, start out with an already large
number of nominal design parameters. When we add all
the fluctuation-related statistical parameters, the design
problem becomes seemingly intractable.
In its current form, CAD technology is only of

relative help for two reasons:
= CAD systems do not have special provisions to help a

designer study high-dimensional design problems.

(We assume that enough computational power and

time will exist to deal with the problem’s complexity.)
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= CAD systems are nominal-design oriented. That is,
there are no facilities to help the designer simulate
and study a product’s behavior under random pertur-
bations to its nominal design specifications.

In this paper, we propose an approach to pro-
duct design that addresses this problem. We start by
reviewing a method called robust design’-? that has been
used successfully in AT&T? and other 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, we describe computer-aided
design for quality (CADQ), an implementation of robust
design specifically tailored for CAD environments. We
discuss how CADQ uses statistical sampling techniques to
help a designer deal with the complexity of studying high-
dimensional design problems. We also explain how to use
statistical models with raw outputs from the CAD system to
reduce the computational expense of optimizing a prod-
uct’s performance. Finally, we describe our first imple-
mentation of CADQ, which is geared toward IC design and
uses AT&T’s ADVICE CAD system. We also show the
results of using this 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 of a product. The center box
represents the product (e.g., an IC) as a physical system.
To the right, we see some of the product’s outputs; here,
output voltage, gain, bandwidth, and power consumption.
These outputs are determined by the inputs (identified
to the left of the box) and two classes of factors:
= Control factors—Design factors that a designer con-
trols and can set and adjust at will. For an IC, control
factors are the nominal values of resistors, capacitors,
and transistor sizes, among others.
= Noise factors—Factors that a designer cannot control
for either physical or economic reasons. For an IC, the
noise factors include: manufacturing-variability



departures from the nominal values of resistors,
fluctuations in input power, and variations in operating
temperature or humidity. Noise factors can be internal
or external to the design.

As we mentioned earlier, it is relatively easy to
choose values for control factors that, in the absence of
noise factors, produce a circuit design that meets a given
set of performance requirements. That is what we called
a nominal design. The real problem is to account for the
effect that noise factors will have on the performance of a
given product design. Circuit designers refer to this as
the statistical-design problem.

One can attack the statistical-design problem by
using the so-called worst-case-design approach.3 Under
this approach, we first determine worst-case directions
for the noise factors. These are the directions along
which changes in these factors cause the product’s per-
formance to deteriorate. Once we have those directions,
the statistical-design problem becomes a deterministic
one. That is, we consider the product’s performance for
each set of worst-case conditions or extreme values of
the noise factors along each worst-case direction.

However, a solution to the worst-case-design
problem might not exist because the control-factor
values often affect the product’s performance in conflict-
ing ways under different worst-case conditions. In other
words, a design that works for a given worst-case condi-
tion might not work for another worst-case condition.
Even if no conflicts arise, worst-case analysis often pro-
duces conservative, overly expensive designs.

A more serious problem 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!

A successful approach to solving the statistical-
design problem must be able to find control-factor values
that minimize the overall effect of the noise factors on
product performance. The so-called robust-design
approach, introduced by Dr. Genichi Taguchi,? is based

Output voltage, y

Transistor gain, x

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 y, would choose x,
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 x,. :

on this principle and has become popular in the last five
years. In robust design, the objective is to find those
control-factor values that minimize the variability of pro-
duct performance attributed to noise factors. A product
designed this way is called robust for obvious reasons.
Robust design exploits the existing nonlinear
relationships between control factors and the product’s
outputs to find a point in the design space where the vari-
ability that the noise factors introduce does not degrade
product performance. Figure 2 illustrates this concept.
In this diagram, we see the output voltage of an
IC represented as a function of transistor gain. Suppose
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Step 1
Define guality objectives
and constraints
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Sample and explore
| the design space
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Step 3
Predict optimal design

for the product

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.

gain is a control factor, and the objective is to keep the
output voltage around y,. Then, the designer could
choose the value x, for gain and achieve the desired
objective. But if possible fluctuations in gain are con-
sidered, we can see that x4 may not be the best choice.
Because the curve is nonlinear, there are other choices
for gain, such as x{, for which the output voltage is much
less sensitive than at x. If gain is not the only design fac-
tor, we can now use some other factor—unrelated to
gain—to lower the voltage to target, while avoiding the
effects of gain variability.
Summarizing, robust design allows designers to
incorporate variations into the design. Among the most
important consequences of using this approach are:
= Less rework is needed to get a satisfactory design.
= Designs are more manufacturable, because the noise
characteristics of the manufacturing process can be
taken into account.

= High yields result from reduced variability in product
performance.

Computer-Aided Design for Quality
Here, we describe our implementation of robust
design for CAD systems and explain how it is better than
traditional implementations in non-CAD environments.
The Robust-Design Process. Figure 3 shows the
main steps of the robust-design process:
1. Define quality objectives and constraints. First, the
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designers must clearly specify all elements involved in
the design of the product: control factors, noise fac-
tors, responses, and performance measures. (We
described control and noise factors earlier.) Responses
are the product’s characteristics used for judging its
quality, and performance measures are the metrics
used on the responses to gauge quality. With all these
elements in hand, performance targets and constraints
on the control factors are then specified.

2. Sample and explore the design space. Here, we study
the interrelationships among the control factors, noise
factors, and responses. The goal is to determine what
control factors are important in minimizing the effects
of noise factors on the responses. Responses are typi-
cally analyzed in statistical terms, such as mean and
variance. Statistical sampling methods are used to
select a finite number of product designs for analysis.
Thus, one can predict the product’s behavior under
other designs from information contained in this lim-
ited design sample.

3. Predict the optimal design for the product. Using the
information gathered in Step 2, the designer now
attempts to find the control-factor settings that minim-
ize the quality lost from the effects of noise factors. To
measure quality loss, we use the performance meas-
ures defined in Step 1. If no satisfactory solution is
found, we may need to redefine the design problem
and its objectives. This is represented in Figure 3 by
the arrow going back to the first step.

This view of robust design is common to all
implementations known to date. However, each of the
steps may be implemented in different ways.

Taguchi’s Method. Taguchi’s original implementa-
tion? calls for using signal-to-noise ratios (S/N ratios) as
performance measures in Step 1. S/N ratios are func-
tions of the ratio between the mean of a response and its
variability. This is sometimes known in the statistical
literature as the coefficient of variation, and represents a
measure of the relative size of variability in the response.
In this sense, maximizing the S/N ratio for a given



response corresponds to minimizing the effect of the
noise factors on the response’s variability.

In Step 2, Taguchi’s method of sampling uses
orthogonal arrays (0As); see Figure 4. As Figure 4a illus-
trates, a control array defines the settings (nominal
values) of four control factors to be tried. The first and
third factors are the nominal values for resistors, the
second is for the capacitor, and the fourth is for transis-
tor size. A noise array does the same for two noise fac-
tors: voltage and temperature. To construct the product
array, we combine the noise array with each row of the
control array. The result is what is known as an experi-
mental plan (that is, a set of different product designs to
be tested). The experiment consists of obtaining, either
by physical experimentation or simulation, readings of
the performance measures for each design.

For Step 3, Taguchi’s method exploits the statis-
tical properties of orthogonal arrays to obtain the main
effects of each control factor on the S/N ratio. To do this,
we average the values of the S/N ratio obtained at each
sefting of these factors during the experiment. Figure 4b
illustrates the process. Then, we use the resulting main
effects to predict an optimal design by choosing the set-
ting for each control factor that yields the largest S/N
ratio among all the settings.

When multiple performance characteristics are
to be optimized, this procedure is done for each charac-
teristic and, if possible, the overall results are reconciled.
The reconciliation procedures are subjective.

This implementation of robust design has been
widely used in Japan and the U.S. because of its econ-
omy, simplicity, and superiority over nominal and other
one-factor-at-a-time design methods. However, it was
developed when computing power and software sophisti-
cation were limited, which is reflected in several impor-
tant limitations. The most important limitations are:
= The rationale for constructing an S/N ratio is very ad

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

Noise array S5/ N ratio
5v 20°C
5V 40°C
Control array av 20°C (——=5/M
/9\.!’ 40°C
5k 1.2 pF 20k 1.35m
5k 4.0 pF 40k 1.50m 5V 20°C
TS~ 5V 40°C
5k 5.0 pF 60k 2.00m 9V 20°C —5S/N;
7k 1.2 pF 40k 2.00m 9v 40°C
7k 4.0 pF 60k 1.35m =
7k 5.0 pF 20k 1.50m 5V 20°C
9k 1.2 pF 60k 1.50m 5V 40°C > S/N
9K 4.0 pF 20k 2.00m— 2010] o
il ' 9V 40°C
Ok 5.0 pF 40k 1.35m
\ 5V 20°C
5V 40°C
9V 20°C i
9V 40°C
(a)
Factor A Factor B Factor C
o
@ \
Z
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B
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Figure 4. For Step 1 of Figure 3, Taguchi used signal-to-
noise (S/N) 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.)

= When many control and noise factors are involved, the

product-array technique can produce large experi-

ments.

= Optimization is not done in a sophisticated way. In par-

ticular, a control factor’s optimal setting is restricted
to being among the discrete set of levels selected in
Step 2. Specifically, in Figure 4b, it is impossible to tell
if a value of factor B exists between levels B; and B
that results in a larger S/N ratio.

CAD for Robust Design. At a November 1986 work-

shop on design for quality, sponsored jointly by AT&T
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and the National Science Foundation, J. H. Hooper,

M. Hamami, and W. A. Nazaret of the Quality Technol-
ogy and Services Center at AT&T Bell Laboratories laid
out the need and requirements for a new implementation
of robust design specifically tailored to the CAD environ-
ment. We call this new implementation computer-aided
design for quality, or CADQ.

CADQ overcomes the limitations mentioned ear-
lier of the traditional approach to robust design. To
implement each step of Figure 3, CADQ uses statistical
and optimization methods that exploit the power and
sophistication of CAD systems. Yet it does not abandon
the economy aspects of original robust-design implemen-
tations. The result is a state-of-the-art, cost-effective
methodology for designing quality and manufacturability
into products.

How CADQ works. Let Y denote the responses or
performance characteristics of the product. Let:

Y =H(xy, %) )

describe the relationship between the values of the out-
puts and the values of the design variables x; and exter-
nal variables x,. H is the actual physical function. Design
variables, in turn, can be expressed as the sum of two
components:

Xg =% +% (2)

where the x, represent nominal values (centers), and the
x, represent perturbations around their nominal values
caused by manufacturing variability. External variables
represent factors that are external to the design and
affect the product’s performance during operation. For
anIC, the x, in equation (2) could be nominal values of
resistors and transistors, and the x, would be the variabil-
ities around the nominal values of resistors and transis-
tors. The external variables could be operating tempera-
ture and power-supply voltage.

Given that, we can rewrite equation (1) as:
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Y=H(x,x,) @

where x, represents the nominal value of design vari-
ables (control factors), and x,, the union of all the other
variables (noise factors). Under equation (3), we have
built in the standard control- and noise-factor notation.
Let us assume that we measure product perfor-
mance as Y’s discrepancy with respect to a target value
Y. Then, the robust-design problem can be posed as:

min, E, (Y-Y,)? @
where the function E, is the statistical expectation over
the distribution of x,,. '

In other words, the objective is to find those
values for the control factors that minimize the expected
deviation of Y around its target value Y, in the presence
of noise factors.

To solve equation (4) directly, one must choose
a mathematical optimization algorithm® that, starting
from an initial choice of x,, sequentially picks new points
along carefully chosen directions, until it cannot further
reduce the above expected squared error.

However, the proposed solution hides a prob-
lem: The expectation in equation (4) needs to be calcu-
lated for every new point x, to be tried, which can be
computationally expensive. If we can use the CAD system
to obtain values of Y for any choice of x, and «,,, then we
can approximate the expectation using-a Monte Carlo
average. A closed-form expression for the expectation in
terms of the x, is seldom known, because the function H
in equation (1) is not known explicitly. Instead, the func-
tion H is simulated within the CAD system as a numerical
solution to a set of differential equations that govern the
product’s physical behavior. Therefore, a Monte Carlo
approximation to the expected value would involve
potentially hundreds of calls to the CAD system, each
expensive in itself.

In spite of this, we would still like to solve the
robust-design problem in terms of equation (4), because
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this formulation allows us to deal with many different
design problems in a unified way. For instance, we could
use performance measures other than square deviation
and could consider constraints on the x, without invalidat-
ing equation (4). We want to avoid problem-dependent
formulations because they compromise our ability to
implement algorithms and software for general use.
Approximation Principle. Clearly, we need to find a
way to solve equation (4) that avoids the computational
expense of using the CAD system too often. Qur 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 Y for 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 we call the approxima-
tion principle: Use the CAD system only to find the value
of Yfor a selected number of designs, and use this infor-
mation to interpolate the value of Y for other designs. We
now describe this strategy in more detail.

Figure 5 contains a flow diagram of the CADQ
process. Steps 1a and 1b here are a finer breakdown of
Step 1 in Figure 3. In Step 1b, ranges refer to the set of
possible values for each component in x,, and variabili-
ties refer to the interval on which the #,, are allowed to
vary. Steps 2a, 2b, and 2c correspond to subactivities in
Step 2 of Figure 3. We implement the steps in Figure 5
based on the approximation principle stated in the previ-
ous paragraph. That is, we will find a closed-form func-
tion F, such that:

Y = F(xs, %,) ®)

within the range specified in Step 1 (Figure 3) to a satis-
factory degree of approximation of H in equation (1).
Here, as in equation (1), x; and «, refer to design and
external variables, respectively.

In other words, we are trying to model the physi-
cal system in its original form—i.e., product outputs as a
function of all the inputs. If we find such an F, we then
can proceed with the rest of the robust-design process.
But by using F as a surrogate for H in equation (1), we
avoid the expense of having to use the CAD system in the
optimization step.

Here, we also see one main difference between
the CADQ and Taguchi approaches. CADQ models the out-
puts as a function of all the inputs (design and external
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variables) and then uses the approximation function for
performance calculations and optimization. Taguchi,
instead, calculates performances directly from the raw
data and then models the performances (S/N ratios) as
a function of the control factors. CADQ’s approach offers
more simplicity and flexibility. It usually is simpler to
model the outputs as a function of the inputs than to
model a nonlinear function of the outputs, such as an
S/N ratio. Also, once the designer finds a good approxi-
mation, he or she can use it for calculating a variety of
different performance measures, if necessary. This is
more flexible than having to refit the model every time
a new performance measure is considered.

We start the process of building F' (Step 2a) by
selecting a parametric family of functions (polynomials,
splines, etc.) from which we will choose a best fitting F.
Then, we choose a sample of points in the (x;, x,) space.
The use of an inexpensive sampling plan with good sta-
tistical properties is crucial to the success of the overall
strategy. The sampled points and their associated values
of Yare to be regarded as data, and the parametric family
of functions is to be regarded as a model. Any correspon-
dence with statistical-modelitting terminology is nof at
all coincidental.

In Step 2b, we use the CAD system to generate
values of the outputs Y for each of the sample points
selected in Step 2a.

In Step 2¢, we choose a best fitting F based on
the data collected. We then use this F as a surrogate for
the CAD system to study the effect of both control and
noise factors on the output response Y. Here is where
the computational savings start to show.

As Figure 5 suggests, we might need to go back
to Step 1 if we cannot find a satisfactory fit. In particular,
this occurs when the original design ranges are too
large. However, as we will discuss shortly, the informa-
tion collected in Step 2¢ can be used to resize the design
ranges appropriately.

Once we have found a good approximation F,
we can proceed to solve equation (4). In Step 3a, the
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problem is now stated as:
minxc Ex,, (Flxe, %) — Y0)2 ©)

In equation (6), we are using the notation x,, x, to
emphasize that the optimization is based on the nominal
values of just the control factors. This does not conflict
with equation (5), because we are using the alternative
notation introduced in equation (3). Under this new for-
mulation of the problem, we can now afford to use a
Monte Carlo or any other approximation for the expecta-
tion in equation (4), because calculating Y from the xs
using F is inexpensive, compared to using the CAD sys-
tem directly. This, in turn, makes it possible to solve the
problem with any optimization algorithm. If needed, we
could now use gradient-based methods.
The final task, Step 3b, is to use the CAD system
to confirm the performance of the optimal design we
obtained in Step 3a. Here, the idea is that the approxi-
mate solution to the robust-design problem is a good
solution.
The CADQ methodology, as described above,
improves on traditional implementations of robust design
in several ways. Among them are:
= CADQ can deal with any kind of performance measure
and even multiple performance measures simultane-
ously or separately.

= It exploits the simulation capabilities of CAD systems
to explore the space of control and noise factors effi-
ciently, without resorting to the expensive product-
array technique.

= The optimal design can be anywhere in the design
range. The search is not constrained to an arbitrary,
discrete set of designs.

To summarize, we want to emphasize that CADQ
is heavily dependent on the availability of a good CAD sys-
tem to simulate the characteristics of the product. With-
out such a system, it would be difficult or even impossi-
ble to pursue the approximation approach on which
CADQ is based. If product simulation is not possible, then
physical prototypes must be constructed to study the



Figure 6. CADQ imple-
mentation for a GaAs
voltage-level-shifter
circuit. This circuit
shifts the voltage at
V,, down by 5V to
Vout- (@) Schematic of
the circuit;

(b) pictorial descrip-
tion of the shifting
mechanism.
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Figure 7. Frequency-response curve for the voltage-shifter
circuit. Gain, G(0), is measured at frequency 0; bandwidth
(B) is the frequency at G(0) — 3 dB. The hump in the curve
is ripple, an undesirable feature for the waveform.

characteristics of different designs. This imposes severe
limitations on the number of sample designs that can be
studied in Step 2, which makes it difficult to find a good
approximation function. In these instances, traditional
implementations, such as Taguchi’s approach, appear
more appropriate.

An Application of CADQ

In this section, we show an application of CADQ
to the statistical design of integrated circuits.’ The cir-
cuit in our example is a GaAs voltage-level-shifter IC,
which is to be used as part of a lightwave repeater unit.
To obtain an optimal circuit design, we used a version of
CADQ that works with AT&T’s ADVICE CAD system. In
describing the example, we will closely follow the steps
described in Figure 5.

Figure 6a is a schematic of this circuit, which is
designed to take the voltage at V;,, and shift it down by
5V to V,,;. Figure 6b is a pictorial description of the shift-
ing mechanism.
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step 1a. The problem is to design a circuit that
shifts the output voltage as close to 5V as possible, while
maximizing the gain and bandwidth. A design constraint
is that the circuit’s power consumption be below 150 mW
(milliwatts). Gain and bandwidth values are readily deter-
mined from the circuit’s frequency-response curve (Fig-
ure 7). Gain G (0) is the value (in dB) of the curve at fre-
quency 0, and bandwidth B is the frequency at which the
curve is 3 dB below the gain.

The “hump” in the curve before it starts falling is
called 7ipple and represents an undesired feature for the
circuit waveform. Therefore, to the power-consumption
constraint, we add another constraint on the size of rip-
ple. The exact formulation of the problem is:

max,_ log GxB Q)
OGxB
subject to:
GVshiﬁ < 0.5

ripple < 0.001dB
power < 150 mW

Here, G is the gain, now measured in the linear scale
(0,1); and B is the bandwidth, in gigahertz (GHz). The
ocxp and oy, represent the variances of gain by band-
width and of voltage shift, respectively. Ripple is defined
as the largest deviation from the gain along the curve.

Solving equation (7) amounts to finding a design
for the circuit that minimizes the gain-by-bandwidth S/N
ratio, while keeping voltage shift, power consumption,
and ripple under control.

step 1b. Table I lists the design and external vari-
ables, together with their ranges. R,s, R;ymp, and Ry, are
resistances. Cp,,; and Cj,, are capacitances. J1, J6, J7, and
J9 are scale factors for transistor size. Vyy, V,,, and V,,
are input supply voltages. The last two factors, /.41 and
Jomodres, are the transistor’s threshold voltage and ohmic
resistance, respectively.

There are nine control factors (the nominal



values of x; through x4) and nine noise factors (the varia-
bility in x; through %, plus the values of the external fac-
tors x 1 through x,). We decided that the variability in
the nominal values of x5 through x4 was insignificant.

step 2a. The model we chose approximates the
outputs as a function of x; through x4. It is a Bayesian
interpolation model”:8 of the form:

Y=LEX) +Z(x) ®

where x is the 14-dimensional vector of circuit parame-
ters, L is a polynomial of degree no greater than 2, and Z
is a random function. This model is an extension of the
popular quadratic-regression models, which consider
only the L and add a sampling- or measurement-error
component.
We can justify the use of the extended model,
equation (8), with at least two important observations:
= Polynomials are not flexible enough to model the
kinds of relationships that exist among circuit inputs
and outputs, particularly when working in wide
regions of the design space.

= QOur data does not contain any sampling error. That is,
given a value of x, the output of the CAD system will be
the same for several different trials, up to machine
accuracy.

In the absence of random error, we do not see any justi-

fication for using least-squares-approximation models.

Indeed, we would like our approximation to be exact at

the sampled points, where we know the true value of Y.

We chose 50 points (i.e., designs) in the 14-
dimensional space of inputs defined by the Cartesian pro-
duct of the ranges in Table 1. To choose the points, we
used a Latin-Hypercube sampling scheme.? This scheme
guarantees that all portions of the design space are being
observed, yet keeps the size of the sample small.

To arrive at the number 50, we considered the
time the CAD system took for each simulation and the
total time we wanted to expend in computing.

step 2b. Here, we generated values of gain, band-
width, voltage shift, and power consumption for each of

Table l. Variables for GaAs Voltage-Shifter Circuit

Design variables

Factor Design Initial

Variable name Unit range design
% Ry ka [0.8000, 6.4000] 2400

%3 Cload pF [0.0300, 0.3000] 0.100

¥3 Cs pF [0.0050, 2.0000]1 0.100

x4 n — [0.0202, 0.0495] 0.030

%5 J7 — [0.0150, 0.0450] 0.030

X Jo — [0.0075, 0.0225] 0.015

X7 Reomp kQ [1.3500, 5.4000] 2.700

Xg R, /Ry — [0.2500, 1.0000] 0.300
Xg J6é/N — [0.5000, 2.0000] 1.500

External variables

Factor Variability Center

Variable name Unit range value
X1 Vs v [4.5000, 5.5000] 5.000
X1 V, v [-3.5000, —2.7000] -3.000
Xy Vin A [~5.7200, -4.6800] -5.200
X3 Jonodto — [-0.9375, -0.5625] —0.750
Xy Jinodres — [1.0500, 2.4500] 1.750

the 50 designs selected in Step 2a. We also took readings
at seven points along each of the frequency-response
curves to estimate the size of ripple.

step 2¢. For all outputs of interest except voltage
shift, we fitted the model—equation (8)—with L(x) =c.
Z(x) was assumed to be the realization of a Gaussian pro-
cess 8with a mean of zero and a covariance kernel K, such
that:

KZw), Z(t)) = ¢* 11'4[ exp (-0; lu;—;1%) (9
i=1

For voltage shift, the model was different in that
linear-regression terms were included for some inputs.
This decision was based on prior information about the
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relationship between this output and the inputs.

The proposed models led to an interpolation
function for each of the outputs that exactly fits the sam-
pled data and is smooth everywhere. The choice of
covariance kernel in equation (9) rules out any jagged
approximation curves, which is consistent with our
knowledge about the smoothness of the outputs. (Fur-
ther details on the fitting procedure!? are outside the
scope of this paper.)

We carried out four iterations from this step
back to Step 2a before we obtained a satisfactory fit for
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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 x, labels on curves refer to the
design and external variables in Table 1. 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 (i.e., curves with minimal slope).

each of the outputs. In each iteration, we used the
approximations to produce plots like those in Figure 8,
which indicate the relative importance of each input on
the outputs. These plots are used for two main purposes:
= Identify and eliminate less active inputs (i.e., those
with minimal slope). This helps us reduce the dimen-
sionality of the optimization problem.
= Eliminate portions of the design region where the out-
puts are unacceptable. This helps us reduce the size of
the design region, increasing the goodness of fit.
Based on the plots in Figure 8, we could decide
to retain control factors x1, x5, %7, x3, and x4 for mode}-
ing G x B and could eliminate the rest. Also, we could
restrict the range on control factor x5, Cpyug, to values
below its current center, which is where we see larger
values of bandwidth.
In general, with information obtained by the
end of each iteration, we built a new design region and
refitted the models.
step 3a. We solved the optimization in equa-
tion (7) using a random-search algorithm.1® To calculate
o« and oy, ,, we took a Monte Carlo sample of 100
points around the current optimal point at each iteration
in the search. Table II shows the optimal circuit design.
step 3b. The optimal design’s performance, as
predicted by the approximation function, agreed well
with the performance simulated for that design by the
ADVICE system. We show both results in Table III.
Figure 9 compares the performance of the initial
and optimized circuit designs. These box plots are a
graphical representation of the distributions of voltage



Table Il. Optimal Circuit Design Obtained by CADQ

Table 1ll. Performance of the Optimized Design

Parameter Unit Value
Resistance, R, kQ 1.8280
Load capacitance, C,.4 pF 0.0485
Capacitance, Gy, pF 0.0775
J1, transistor-size scale factor — 0.0232
J7, transistor-size scale factor — 0.0375
J9, transistor-size scale factor — 0.0087
Resistance, Ry ko 1.4015
Rys/Ry — 0.03065
J6/11 — 1.2268

shift, gain, and bandwidth for both designs. They show
the new design’s superiority in terms of nominal perfor-
mance and robustness.

We also tried to optimize the circuit using
Taguchi’s approach but could not get a satisfactory solu-
tion. That is, we were unable to define a single S/N ratio
that accounts for the muitiple performance objectives
(gain, bandwidth, voltage) and constraints (power dissi-
pation and ripple). Performing a separate analysis for
each of the outputs led to radically different designs that
could not be reconciled.

These problems are not peculiar to our example
but relate to the inability of Taguchi’s approach to deal
systematically with multiple performances and con-
straints. In any case, Taguchi’s experiment required 729
simulations (27 rows of the control array by 27 rows of
the noise array). This is more than three times the num-
ber of simulations that CADQ required.

Conclusions

In this paper, we described CADQ, a cost-
effective implementation of robust design for CAD
environments. CADQ extends the capabilities of CAD simu-
lators and allows designers to consider manufacturing
and operating environment variations while designing a
product. In this sense, CADQ is geared toward design for

Parameter Unit Predicted Simulated
Bandwidth, B GHz 6.4170 6.413
Voltage shift, Vi 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 by the approximation function, or
simulated by the ADVICE system.

quality and design for manufacturability.

Through a real case study, we showed how
CADQ can be used in computer-aided circuit design to
produce an optimal statistical design for an IC. However,
CADQ is not constrained to the design of integrated cir-
cuits. It can also be used in areas like circuit-board
design and mechanical design, where CAD simulators 59
are also available. Because of its efficiency, CADQ can be
used on large design-optimization problems, where more
traditional methods are prohibitively expensive.

Finally, although CADQ uses powerful and flexi-
ble statistical methods for sampling and model fitting, it
also provides graphic aids (such as the main-effects plots
in Figure 8) to simplify the analysis of how different fac-
tors affect the outputs. If one uses reasonable sampling
approximation methods (such as those presented in the
preceding section), the software can automate most of
the work. Thus, even designers without extensive statis-
tical knowledge can use CADQ.
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