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CENTER is a software system based onthe UNIX®
operating system used to optimize integrated circuit
designs and semiconductor device technologies. Its
novel architecture and interface mechanisms allow
rapid linking to both arbitrary simulators that define
a particular design problem and to existing optimiza­
tion software. Thissignificantly reduces the time
and effort required to solve individual design optimi­
zation problems. The architecture allows easy inte­
gration ofsampling, approximation, and statistical
design modules, and enables high-level tasks to be
developed using the low-level modules as building
blocks. In thisarticle, we detail the functionality and
architecture ofCENTER and give examples ofits
use for design optimization.
Introduction

Integrated circuit (Ie) design andmanufacture andsemicon­
ductordevice technologies are important forthe successofhigh­
technology electronics. (See Panell fora listofacronyms used in this
paper.) BothICdesign and semiconductor processing technology
development are complex tasks; yet high-quality ICsmustbe designed
andmanufactured reliably and quickly. To optimize ICdesigns and
technologies, and therebyproduce high-quality ICs, wemustdetermine
the best values ofmany parameters controlling the design or manu­
facturing process. Examples ofsuch parameters are: (a) the widths of
transistors foran ICdesign and (b) implant dosesandannealing tem­
peraturesforsemiconductor manufacturing processes. The complexity
ofthese design tasks canchallenge evenexperienced ICdesigners and
processing technologists. Therefore, to aidICdesign optimization and
the development ofsemiconductor processing technologies, wehave
developed the CENTER generalized design optimization system and
used it with programs that simulate semiconductor manufacturing
processesandsemiconductor device andcircuit behavior.
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Panel 1. Acronyms In ThisPaper

Wehaveapplied the CENTER systemto such
designproblems as:
- Optimization oftransistorwidths for standardcells

used in ICdesignto maximize speed and/or minimize
area.

- Optimization ofcapacitances, resistances, and transis­
tor sizesfor high-performance analog circuits to max­
imize gainandbandwidth and minimize ripple.

- Optimization ofregister lengthsfor digital phase­
locked loop circuitsto minimize register lengths and
outputjitter.

- Optimization ofsilicon ICmanufacturing processesto
maximize transistorgainand current drive capability.
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- Optimization ofgallium arsenideICmanufacturing
processesand transistorwidths to maximize switching
speeds and minimize sensitivity to electrical noise.

- Extraction ofparametersforanalytic models for cir­
cuit simulators to minimize differences between model
predictions and measurements.

The literature is rich on the applicability ofoptimi­
zation techniques to circuitdesign. (See Brayton et a1.1
and Nye et a1.2 for a historical review.) However, these
techniques havebeen used only to a limited degreebythe
circuitdesign community. This is becausethe available
software toolssuffer from one oftwo drawbacks: eithera
limited range ofapplicability or a complex software archi­
tecture that makes interfacing different simulators
and/or numerical optimization packages difficult.

In designing the CENTER system, wewanted to
simplify the effort requiredin applying optimization soft­
wareto individual designoptimization problems.
Although many goodsoftware packages for numerical
optimization exist, linking them to specific design optimi­
zation problems canbe difficult and time-consuming.
CENTER has a unique architecture and a suiteofpro­
gramsfor datatranslation and integration (theCENTER/
BRIDGE tools) that allow simple, rapid connection ofopti­
mization software to specific designtasks. The architec­
ture uses well-defined interfaces and takes advantage of
features ofthe UNIX system.

CENTER alsoaddresses anotheraspectofprac­
tical designoptimization: namely that, instead ofthe gen­
erationofrigorously optimal designs, design improve­
mentor near-optimal designis usually sufficient. Typi­
cally, designperformance is evaluated usinga computer
programthat simulates the behavior ofthe systemunder
design. The simulation is a predictive model ofthe sys­
tem and is generally expensive to compute. Design opti­
mization only makessense to an accuracy comparable to
that ofthe simulator, which is commonly several percent.
This is "loose" in terms ofstrictmathematical optimiza­
tion. Therefore, although CENTER contains software for
numerical optimization and is termeda design optimiza-
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tionsystem, it is often used to generate near-optimal
designs. CENTER canefficiently sample and build inter­
nalapproximations to designperformance measuresas
functions ofdesigncontrol parametersand apply optimi­
zation software to the approximations as well as directly
to simulation programs. This leads to good design
improvement at a fraction of the computational cost of
conventional optimal design.

In this article, we detail the architecture and
function ofCENTER and giveexamples ofits use for IC
designand semiconductor processing technology optimi­
zation. The architecture provides an effective mechanism
for linking statistical designsoftware to practical design
problems; thus, we alsodescribesomeother capabilities
ofCENTER: worst-case performance analysis and large­
scalesensitivity analysis.

Our terminology is as follows: Asystemunder
designis defined by n control parameters, called design
variables and denotedby the vectorx, and m perfor­
mance measures, called design performances and denoted
by the vectorfunction z(x).We use the term designper­
formances and the symbol z to include functions, called
design objectives, to be minimized or maximized, as well
as functions, called design constraints, that must satisfy
specified constraints. Avectorfunction ofapproximations
to the designperformances is denoted byz(x).All design
variables are bounded by upperand lowerbounds. The
n-dimensional hypercube formed bythese boundson
designvariables defines the design space. Designcon­
straintscan be specified as equality constraints, upperor
lower boundconstraints, or range constraints. For opti­
mization, the design goal is to optimize the designobjec­
tives, subjectto the specified designconstraints. The
entitythat evaluates the designperformances z(x) is the
simulator. Typically, existing simulators havea datafor­
mat and command syntaxthat do notconform to the
CENTERz(x) evaluation protocol. Datafilters, such as
the CENTER/BRIDGE toolsand programsin the awk
language," are used to transform information being
passedfromCENTER to the simulator and from the

simulator backto CENTER to ensure that it is correctly
formatted. The combination ofdatafilters and simulator
that conforms to the CENTER protocol is termeda vir­
tual simulator.

The Functionality of CENTER
CENTER contains software modules fora range

offunctions; however, optimization is its major application.
Optimization. There are six numerical methods for

nonlinear optimization presently available:
- Sequential quadratic programming
- Aprojected, augmented Lagrangian algorithm
- Aquasi-Newton solver
- Anonlinear least squaresminimizer
- The Nelder-Mead simplex method
- Simulated annealing.
Sixmethodsare included becauseeachhas different
areas ofstrength.This allows selection ofan optimization
strategythat is best suitedto each designproblem. The
optimizers havebeen applied to problems with up to fifty
designvariables and twenty designperformances.

Sequential quadratic programming is a modern,
powerful optimization methodand CENTER incorpor­
ates the WATOPT optimization code.' WATOPT is a fast,
nonlinear, constrained, multiobjective optimizer specifi­
cally targetedforcircuitdesign. WATOPT seeks to mini­
mize a vectorfunction, subjectto equality and inequality
constraints, by generating the associated Lagrange func­
tionand iteratively determining its stationary pointby
takingsteps along search directions corresponding to
the minima ofa constrained quadratic function. The vari­
ablemetricmatrix ofthe quadratic is revised usingthe
Broyden-Fletcher-Goldfarb-Shanno (BFGS) formula.5

WATOPT accounts for multiple designobjectives by
seekinga min-max pointofthe Paretooptimum," It
seeks the vectorx, which minimizes the maximum rela­
tive deviation ofthe designobjectives from their sepa­
rately attainable minima. Further details ofWATOPT are
available in Reference 4.

For large-scale optimization problems, CENTER

AT&TTECHNICAL JOURNAL.MAY/JUNE 1989

79



80

incorporatesthe MINOS system." MINOS can solvelin­
ear programmingproblems, linearlyconstrained non­
linear programmingproblems, and nonlinearly con­
strained nonlinearprogrammingproblems. ICdesign
and semiconductordevice technologyoptimization prob­
lems fall into the last category, for which MINOS uses a
projected, augmented Lagrangian method. MINOS mini­
mizesa scalar function of the design variables subject to
equality and inequality constraints. CENTER generates
the scalar function as a weightedsum of the design
objectives. MINOS is a widely used, robust optimization
code particularly suited to constrained optimization prob­
lems with manydesign variables.

The quasi-Newton solver, likeWATOPT, uses
the BFGS update for the Hessian,but unlikeWATOPT,
it uses a trust-region technique to promoteconvergence
from poor starting points. The technique limitssteps
taken during the iterative solution to a region ofthe
design space in which the quadraticmodel,associated
with Newton-like methods, is a reliable approximation
that can be "trusted." Detailsof the quasi-Newton
method are given in Reference 8.The solverseeks a
minimum ofa scalar function ofthe design variables and
it does not directlyhandle constraints. Instead, the scalar
cost function computedby CENTER consists ofa
weightedsum of the design objectives to whichcon­
straint violations are added as penaltyterms. The quasi­
Newton solver is robust and has provedto be an effective
optimization code.

The nonlinearleast squares minimizer is also a
variantof Newton's method that uses a trust region."
The model Hessian is chosen adaptively; part is com­
puted exactly and part is approximated by a quasi­
Newton updatingmethod.The minimizer considers z as
a vectorfunction of residualswhose sum ofsquares is to
be minimized. It does not handle constraints.The algo­
rithm can reduce to a Gauss-Newton or Levenberg­
Marquardt method (e.g., see Reference 5, pp. 523-528),
but, on problemswith large residuals, it oftenworks
better than these methods.The minimizer is, therefore,
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used for data fitting rather than general, constrained opti­
mization.

The Nelder-Mead nonlinearsimplex optimiza­
tion method is a simplealgorithmthat, in certain circum­
stances,works well. A simplexis a bounded polytope
with n +1 vertices in the n-dimensional design space.
The method,described by Press et al.,5 consists ofmov­
ing vertices ofthe simplexby reflection, expansion, and
contraction so that the simplex contracts around the
optimal point. The rate ofconvergence of the method is
slow, because it uses no gradient information. However,
it can oftengenerate a near-optimal pointrapidly. Multi­
ple objectives and penaltiesfor constraintviolations are
merged into a composite scalar cost function for the
Nelder-Mead optimizer.

Simulated annealinginvolves randomsampling
in the design space and keeping track ofthe pointthat
generates the best design performances. As the algo­
rithm progresses, the extent of the space overwhichthe
randomsamplingis done is continually shrunk about the
current best point. The shrinking is analogous to decreas­
ing temperature in a physical system-hence the name
simulated annealing. We have modified the simulated
annealingalgorithm originally intendedfor combinatorial
problems'? to workon mixedcontinuous-discrete vari­
able problems. Simulated annealing is conceptually sim­
ple and, although it can onlyfind near-optimal solutions,
it works wellin practice. An importantfeature of simu­
lated annealingis that uphill movesare sometimes
allowed. Thus, a pointwitha worse performance than the
current best pointcan be accepted. This allows the algo­
rithm to jumpout of local optima and havea better chance
at finding the globalsolution to a design problem, rather
than being "greedy"and trying to move towardsa local
optimumas fast as possible (aswithgradient-based opti­
mization methods). Multiple objectives and penaltiesfor
constraintviolations are merged intoa composite scalar
cost function for the simulated annealing optimizer.

The composite scalar cost function used by the
quasi-Newton, Nelder-Mead nonlinearsimplex and



Table I. Comparison of CENTER Optimizers

Quasi-Newton Least Squares NeIder-Mead Simulated
Method WATOPT MINOS Method Minimizer Simplex Annealing

Gradientsrequired? Yes Yes Yes Yes No No
Fast initial improvement? No No No No Yes Yes
Fast final convergence? Yes Yes Yes Yes No No
Typeofoptimum Local Local Local Local Local Global
Multiobjective criterion Pareto Composite Composite LeastSquares Composite Composite
Constraint handling Lagrangian Lagrangian Penalty None Penalty Penalty

simulatedannealingoptimizers is computed as follows:
Design objectives to be minimized or maximized are
added to and subtracted from the cost function respec­
tively, and penaltyterms are added for violations ofcon­
straints. The compositecost uses weights that reflect the
relativeimportance of each design objective and con­
straint and that incorporate user-supplied estimates of
the range of the objectives and constraints for scaling.
This allows meaningfulcomparisonof such quantities as
doping concentrations, threshold voltages,and rise
times, which are of order 1018 , 10°, and 10-12 , respec­
tively. Because of the use ofpenaltyterms, the optimiz­
ers that use the compositecost function cannot guaran­
tee that the constraints are strictlysatisfied. This is
rarely a problem in practicebecause constraints are usu­
ally"soft." However, all optimizersare coded so that the
bounds specifiedfor design variablesare not violated.

We use a number of optimization methods
because no single optimization method works best on all
design problems.Table I summarizesvariousfeatures of
the differentmethods.

If an optimizerrequires gradients and they are
not available, CENTER will calculatethem by differencing.
The strengths and weaknesses of the optimizerslead to
the following observations:
- WATOPT or MINOS should be used where con­

straints must be satisfied.
- Simulatedannealingor the Nelder-Mead method

should be used when the design performancesdo not

have well-defined derivatives with respect to the
design variables. This occurs when z(x) is discontinu­
ous or noisy.

- Simulated annealingshould be used for problemsthat
exhibit multiple optima.

- The nonlinearleast squares method should be used
for data fitting, such as when extracting parameters of
analytic modelsfor circuit simulators.

- MINOS should be used for large-scale problems.
- Simulated annealingshould be used for problemsthat

involve discrete design variables.
Another advantageof integratingseveraloptim­

izers in a single system is that hybrid optimization stra­
tegies can be built through sequentialapplication of indi­
vidualoptimizers. For example, simulatedannealingcan
escape from localoptima, which is desirable. But,once it
generates a point near a globaloptimum, it approaches
the optimumslowly. In contrast, gradient-based methods
are trapped by localminima, but convergerapidly when
near a minimum. Thus, application of simulatedanneal­
ing followed by WATOPT exploitsthe strengths ofboth
methods and does better than either method alone.

Sampling and Approximation. One feature of
CENTER is its ability to sample a design space and build
mathematical approximations, Z(X) , of design perfor­
mances as functions of design variables. The optimiza­
tion algorithmscan work with approximated perfor­
mances, Z(X) , as wellas with simulatedperformances,
z(x). We call this the SAO (sample-approximate-optimize)
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strategy.Although the strategy maynot find a true
optimum ofz(x), it achievesthe practical end ofdesign
improvement and requires substantially less computing
effort than conventional optimization. This is because the
cost ofan optimization is typically dominated byz(x)
simulation; by comparison, the cost ofexecution ofthe
optimization code and the overheadofapproximation
building and evaluation are small. The sampling and
approximation building strategy reduces the number of
z(x) evaluations required for an "optimization."

CENTER containsseveralmethods for sampling
a design space, including Hadamard sampling!' and
Latin Hypercube sampling.F Both methods generate
samplesthat are well spread over the design space.A
Hadamard matrixhas elementswithvalueeither +1 or
-1 and rowsthat are mutually orthogonal. Anexample of
a Hadamard matrix, oforder 8, is shownbelow.

+1 +1 +1 +1 +1 +1 +1 +1
+1 -1 +1 -1 +1 -1 +1 -1
+1 +1 -1 -1 +1 +1 -1 -1
+1 -1 -1 +1 +1 -1 -1 +1
+1 +1 +1 +1 -1 -1 -1 -1
+1 -1 +1 -1 -1 +1 -1 +1
+1 +1 -1 -1 -1 -1 +1 +1
+1 -1 -1 +1 -1 +1 +1 -1

For sampling a design space,the rowsofthe matrixare
treated as vectors ofdesign variables, with -1 and +1
signifying that the associated designvariable assumes its
loweror upper bound value respectively. The first column
ofthe matrixis not used for sampling. Hadamard sam­
plingis parsimonious because it generates onlyslightly
more than n samplesfor an n-dimensional designspace
and is especially usefulwhen the design performances
are monotonic functions ofthe designvariables. Latin
Hypercube sampling requires roughly3n samples; thus,
it is stillefficient and complementary to Hadamard
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sampling in that it generates sampleswithin the interior
of the hypercubeboundingthe designspace.Coverage
ofboth the boundaryand interiorof the designspacecan
thus be achieved by a combination ofHadamard and
Latin Hypercube sampling. The Latin Hypercube method
partitions the design space intobins and generates sam­
pleswithin selectedbins using randomsampling. This
generates statistical samplesthat span the designspace
more efficiently than straightforward MonteCarlo sam­
pling.

Several types ofz(x) approximations canbe
built, including interpolating Gaussians.P multinomial
regression models, and splinemodels. Given Z(X(k» for
pointsk = 1, ... ,K, the interpolating Gaussians approxi­
mate a particular design performance Zj at a point
x = [x 1 X2 •.• Xn V by

• K [n (x}k) -xY ]
Zj = flj + L. Yk exp - L. 2 2

k=! i=! P

where flj is the average value ofZj over the samples, P
controlsthe widthsofthe Gaussians, and the coefficients
Yk are computed so that Zj matches the valuesat the
known points. Multiple minima and maxima can be
modeled by Gaussian approximation because it is an
exact methodfor interpolating multivariate functions.

Besidesenablingnear-optimal designsto be gen­
erated efficiently, the use ofapproximated rather than
simulated valuesofdesign performances has another
important implication. Simulation ofdesignperfor­
mances is usually noisy, whichimpairs the convergence
ofgradient-based optimizers whengradients are com­
puted by numerical differencing. The approximations are
chosen to be continuous and differentiable and, thus,
workwell withgradient-based optimizers. The architec­
ture .of CENTER, as discussedin the following section,
allows rapid integration ofnewsampling methodsand
approximation techniques.

Although the SAO strategyyieldsdesign
improvement, the procedure can be refined. (See



Figure 1.) Afterfinding an optimum, x *, predictedby an
approximation, z(x*), the simulated design performance,
z(x*), is evaluated and comparedagainst the approxima­
tor prediction. If the prediction is poor, the newly evalu­
ated simulation is included in the data set to builda new
approximation and the optimum ofthe updated approxi­
mation is determined. The procedure is repeated until
the approximated and simulated design performances
are sufficiently close,at whichpoint it is stopped. This
iterative application ofthe SAO techniqueyieldsnear­
optimal solutionswithsubstantially reduced effort, com­
pared to applying the optimization codes directly to the
z(x) simulator.

Other Functional Capabilities. CENTER can also do
other analysesusefulfor the evaluation of ICdesigns and
semiconductor fabrication processes.Worst-case perfor­
manceanalysis can be done by using Hadamard sampling
and then using the approximation capability to builda lin­
ear regression modelofz(x).14 The regression modelcan
be used to predict the best-case and worst-case comers
ofthe hypercubethat bounds the n-dimensional design
space.The method relies on the orthogonality ofthe
Hadamard samplesand the relevantcomers follow trivi­
ally fromthe signs ofthe coefficients of the linear model.

Large-scale sensitivity analysis is done by gener­
ating large variations around a specified operatingpoint
in the design space and analyzing the resultingvariations
inz.The design variables are then ranked according to
their relative influence on the design performances.
Large-scale sensitivity analysis differs fromsmall-scale
sensitivity analysis in the size ofthe perturbationsofthe
designvariables, and it provides information about the
sensitivity ofa design to manufacturing variations. For
example, it allows the identification ofdesigns that may
be optimal but lie near a region offailure, so that fluc­
tuations inherent in manufacturing would result in
pooryield.

Other features ofCENTER include controlvia
menus, the ability to run in either interactive or batch
modes, and the capability to record and replaysequences

Update
approximation

NO

Figure 1. The iterative SAO strategy.

ofactions in journalscripts. The controlmenusare full­
screen formsthat supportan interactive helpfacility and
have powerful error checkingcapabilities. They are dis­
tinct fromthe functional task modulesofCENTER. This
allows the user interface to be easily upgraded as more
advanced interface mechanisms evolve.

The CENTER Architecture
As mentioned above, the most difficult and time­

consuming task when tryingto apply a specific optimiza-
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Figure 2. The CENTER
architecture.

User interface

Simulators Task modules

tioncode to a designproblemassociated witha particu­
larz(x) simulator is tailoring the interface betweenthe
simulator and optimizer. The architectureand functional­
ityofCENTER and the CENTER/BRIDGE toolsare
designed to minimize the effort required for such an
interface. Figure2 showsthe general structure of the
architecture. The controlportion, labeled CENTER, acts
as a token-ring software bus that routes x andz or Zdata
between samplers, approximation buildersand evalua­
tors, optimizers, the simulator interface, and the other
task modules. The CENTER/BRIDGE toolsare, in part,
filters for data translation that allow designvariables, x,
generated by CENTER, to be transformed intoa format
compatible witha simulator and enablesimulator outputs
to be analyzed to producedesign performances, z, in the
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format required by CENTER. The major interfaces are
from the bus to a task module, such as an optimizer, and
from the bus to the z(x) simulator.

The Task Module Interface. In Figure2,whentask
modules request a z(x) or z(x) evaluation, they must do
so viathe bus.The modules, therefore, use a reverse-call
mechanism. Amodule executesa return statementwith
a flag set to signalthe bus that it requires a function eval­
uation for the x it has provided. The bus requests the
necessaryz(x) simulation or z(x) approximation and
passes the evaluated design performances back to the
module, which continues its task. Other functions ofthe
bus are: scaling ofdesignvariables, which greatlyim­
provesthe performance ofthe optimizers; interactive
alteration ofthe optimization problem definition, such as



Figure 3. The ADVICE virtual simulator in shell mode.

excluding specific designvariables from an optimization;
and mapping between a subset ofoptimization variables
and the complete set ofdesignvariables. These functions
are doneby datatranslation modules that are called by
the bus prior to a call to a particular task module.

Although sometask modules are implemented

as subroutines called directly by the bus, mostofthe
modules are configured as coprocesses. Acoprocess
is a childprocess, such as an optimizer module, that
is spawned from a parentprocess-in our case,the
CENTER bus program. It then runs concurrently with
the parentprocess. This is possible only whenusing
multitasking operating systemssuch as the UNIX sys­
tem. Communication ofdataandsynchronization ofdata
flow between the bus and task modules isviatwo-way
pip e s, available under the UNIX system. The use of
small, standardinterface routines at both ends ofthe
pipe makesthe linkto the task modules cleanand
ensures modularity. In addition, wehavedefined a stan­
dard protocol for passing dataviathe two-way pipes.
This has madeadding newmodules such as optimizers
to CENTER a simple procedure, regardlessofthe form
ofthe underlying module code. The interface routines
alsogenerate the composite scalarcost function, allocate
dynamic memory requiredby a task module, and interact
with users viafull-screen forms.

The Simulator Interface. Avirtual simulator does
z(x) evaluations relevant to a specific designoptimization
problem. Details ofthe simulator varywith each problem
class, but the flexibility ofthe simulator interface mini­
mizes the effort requiredto build a virtual simulator
aroundan existing simulator. There are two modesof
operation ofthe interface (a shell modeand a pipe
mode) and three typesofactions: initialization, z(x)
simulation, and termination. The design problem specifi­
cation is provided duringinitialization; the termination
state is self-explanatory. The heart ofthe interface caters
to z(x) simulation. To showthe shell mode ofopera­
tionofthe interface forz(x) simulation, consider a con­
crete example relevant to ICdesigninwhich the perfor­
mance ofa circuitis beingevaluated usingthe ADVICE
circuitsimulator.f Figure3 outlines the procedure.

First, the vectorofdesignvariables is written to
a file. CENTER then issues a command to execute a pro­
cedure (here,a UNIX system shell procedure) that
mapsthe file containing the designvariables into a file
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containing the design performances. When the proce­
dure ends, the file ofdesign performances is read.The
operation of the shell procedure is as follows: First, the
file ofdesignvariables and a problemdefinition file are
used to generate a valid ADVICE circuitfile. The shell
procedure uses the CENTER/BRIDGE toolsto do this
task.The data formatsand/or command syntaxesof typi­
cal simulators such as ADVICE are generally too restric­
tiveto allow inclusion of information relevant to design
optimization. We have defineda general language exten­
sion that enables designvariable specifications to be
added to the commandand/or data files ofarbitrary
simulators to formoptimization problemdefinition files.
The CENTER/BRIDGE tools replacethe constructs
defining designvariables, whichare embedded in the
problem definition files, withthe appropriate numerical
valuesfromthe file ofdesignvariables generated by
CENTER. This yieldsvalid simulatorcommand and/or
datafiles. (TheCENTER/BRIDGE toolsalsoanalyze the
problem definition file and generate the designproblem
specification for the initialization phase.)

Second, the shell procedure invokes ADVICE
and instructsADVICE to read the valid circuitfile and do
the required simulations.

Finally, the shell procedure uses standard
UNIX systemutilities such as awk and sed and, perhaps,
the CENTER/BRIDGE tools, to extract the required cir­
cuit performance measures fromthe ADVICE outputand
placethem in the design performance file. The shell
procedureis a virtual simulatorthat, as part ofits func­
tion, uses the specific simulatorrelevantto a particular
designproblem (here,ADVICE).

For the pipe mode interface, CENTER com­
municates withthe z(x) simulatorconfigured as a copro­
cess. Datacommunication is viaa two-way pipe rather
than files. Standardinterface routines that conform to
the pip e data passingprotocol are available. Thus, if a
subroutine, rather than a stand-alone simulator, is pro­
videdforz(x) evaluation, it is compiled and linkedwitha
pipe interface routineto generate a coprocess. This, in
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1-----+----0 V,e'

Figure 4. The simple CMOS voltage reference.

effect, mimics dynamic linking and is done transparently
by CENTER.

Intermediate Results Display. The other interesting
feature ofthe CENTER architectureis the waythe inter­
mediateresults ofan optimization are presented to a
user. Acoprocessexistsfor the intermediate results
display. When updatedinformation is available, a UNIX
system interprocesssignalis sent to interrupt the display
coprocessand newdata is passed to the coprocessviaa
two-way pip e. The coprocessupdates the displayed
information and allows user interaction, such as scrol­
ling, withthe intermediate results. CENTER tasks can
continue execution while intermediate results are viewed.

The CENTER architectureis, thus, flexible yet



simple. The well-defined task module andvirtual simula­
tor interlaces makeintegration ofnewoptimization soft­
ware and coupling to newz(x) simulators straightfor­
ward tasks.Asnotedpreviously, this wasa major goalin
developing CENTER.

CENTER for Circuit Design Optimization
CENTER has been applied to many types of

design problems, but a major application is the optimiza­
tionofcircuit designs.

A Voltage Reference Design. Consider optimization
ofthe simple complementary metal-oxide semiconductor
(CMOS) voltage reference circuit in Figure 4. For IC
design, the manufacturing processis fixed (inthis exam­
ple, as a CMOS technology). Adesignergeneratesa
specific topological connection oftransistors to do a
requiredfunction. The parameters available to tune a
design are the geometries ofthe transistors, their widths
and lengths, although often the lengthsare chosenfrom
a small set ofavailable sizesand are fixed thereafter. The
designvariables ofthe voltage reference circuit are,
therefore, transistorwidths. These are denoted as Wp
and Wn; the widths ofthe p- and n-channel metal-oxide
semiconductor field-effect transistors (MOSFETs) in
Figure4 are Wp, 2Wp, 2Wn , and Wn from top to bottom,
respectively. Vdd denotes the supply voltage, nominally
5.0volts, for the circuit in Figure 4.The designgoalis to
produce an outputreference voltage, Vref, of2.5 volts.

Although the circuit is simple, the outputvoltage
dependson the MOSFET characteristics and the load
that the circuit drives. Selecting Wp and Wn to meet the
designgoalrequires simulating the performance ofthe
circuit as follows: The FABRICS simulator-" is invoked
to take the information abouttransistorwidths and other
information supplied aboutthe processing operations
used duringfabrication oftransistors andgenerate
parameters forMOSFET models forthe SPICE circuit
simulator.F SPICE is then used to evaluate V ref ofthe
circuit fora specified supply voltage, ambient tempera­
ture, and load current.

Application ofCENTER to the design, speci­
fying a single equality constraint on the output ofthe
voltage reference circuit, yielded a design with a V ref of
2.500 volts in 0.25 CPU hours on a SunMicrosystems
3/260workstation. This is a simple example ofnominal
case design that wassolved easily. In practice, however,
nominal design is only a partofthe overall design pro­
cedure; it is imperative to consider howdesigns pro­
duced by realmanufacturing processes fare in real
operating environments. Therefore, the challenge in
designing the circuit is to tackle a robustor statistical
design-e.g., designa circuit with a Vref as close as pos­
sible to 2.5 volts, takingintoaccount manufacturing
fluctuations andoperating condition variations that the
circuit will actually experience.18

To do a robustdesign, weidentified the 10most
critical control parameters ofthe manufacturing process
(including implantation dosesandannealing tempera­
tures andtimes) andgenerated a statistical sample of50
combinations ofthese parameters. The sample was gen­
eratedusingthe Latin Hypercube method; the statistical
distributions ofthe parameters wereaccounted fordur­
ingsampling. Wealso accounted forvariations in the
environment inwhich the circuit is required to operate
byspecifying three values eachforthe circuit supply
voltage, loadcurrent,andthe ambient temperature. This
necessitated 450 FABRICS/SPICE simulations to evalu­
ate the design fora set ofspecified transistor widths,
rather than requiring a single simulation.

The goalofthe robustdesign was to minimize
the meansquareddeviation ofthe 450 simulated output
voltages from 2.5 volts. Because ofthe vastincrease in
the computational burdenassociated with the transition
to robustdesign, weelected to apply the SAO strategy to
the problem. Forcomparison, the nominal design had an
average V ref of2.413 volts overthe 450 samples and a
yield of29percent, whereyield wasdefined as the frac­
tionofcircuits whose outputvoltage wasbetween 2.4 and
2.6 volts. In 2.75 CPU hours, the SAO strategy yielded a
circuit with an average outputvoltage of2.526 volts and
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Table II. Results of Voltage Reference Circuit Optimization

V,ef for Average V'e! Yield CPU
Case Wp W. nominal conditions of 450 samples (percent) (hours)

Initial 5.00 3.00 2.463 2.374 27
Nominal 5.34 2.54 2.500 2.413 29 0.25
SAO strategy 7.08 2.40 2.615 2.526 35 2.75
Simulated annealing 2.72 1.10 2.573 2.515 41 25.0
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a yield of35percent. Interpolating Gaussians were
used,and becausesuch approximations accountfor
multiple optima, the optimization strategychosen was
that ofsimulated annealing, followed by the quasi­
Newton solver.

In contrast, whenthe simulated annealing algo­
rithmwasapplied directly to the problem, wefound a
design with an average outputvoltage of2.515 voltsand a
yield of41 percent. However, the optimization took 25
CPU hours. Notethat the SAO strategydid not findthe
samesolution as the simulated annealing optimization
becausethe initial samplesused in building the approxi­
mation did not pickup a small valley in the z(x) surface.
The SAO strategydid, however, provide good design
improvement witha reasonable expenditure ofcomputa­
tional effort.

Table II is the results ofthe various design stra­
tegies. The fourthcolumn of the table lists the outputvol­
tage Vref for the circuitmanufactured withthe process
parameters and operating environment conditions at
their nominal values. The fifth column lists the average
ofthe values for the 450 samples ofprocessingand oper­
atingconditions. The initial case represents the design
before application of CENTER; the nominal case repre­
sents the results of CENTER for the designfor nominal
processing and operatingconditions. The last two cases
showthe results of robust design using the SAO strategy
and simulated annealing. Interestingly, the nominal out­
putvoltage for the SAO robust design is outsidethe
acceptable range of2.4to 2.6volts. Nevertheless, the
SAO design is statistically superiorto the nominal design
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because it has an average outputvoltage closerto 2.5
volts and a greater yield. Morecircuits manufactured
withthe SAO designwill haveoutputvoltages within the
2.4 to 2.6range than those manufactured withthe nomi­
nalcase design. The distributions ofthe outputvoltages
for the 450 samplesare shownin Figure5 forboth the
nominal designand the simulated annealing design.

Our seemingly simple voltage reference design
problem highlights severalvaluable points:
- First, it showsthe importance of robust design. In

practice, it is the performance ofproductswith manu­
facturing variations and operating in different environ­
ments that is ofimportance, rather than the perfor­
mance ofa nominal productin a standardenviron­
ment.

- Second, it showsthat robust designcan be substan­
tially more complex and costly, in terms ofcomputa­
tion,than nominal design. The SAO strategyis tar­
geted towards efficient, near-optimization ofrobust
designproblems.

- Third, a fundamental limitation ofthe sample and
approximate methodhas been highlighted: the low­
density sampling done to makethe methodefficient
maymiss somevalleys ofthe performance response
surface. The simulated annealing algorithm works
well for such cases, at considerably greater computa­
tional cost. (Gradient-based optimizers started in the
"wrong" spot alsomiss these valleys and, thus, find a
local, rather than a global, optimum.)

- Asa final point, note that accounting for manufactur­
ing processvariations in the designproblem specifica-
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tion allows the sensitivity ofthe final design to the
manufacturing process variations to be determined.
This provides information about the most efficient way
to deploy resources to improve the yieldofthe
manufacturing process.

In this example, we have presented a simple
implementation of robust design. Morecomplex algo­
rithms exist. (See, for example, Reference 19.)

A Repeater Circuit Design. Aversionof CENTER
has been linkedwith the ADVICE circuitsimulatorand
the resultingCENTER/ADVICE systemhas been used
for circuitoptimization. Asan example, we use the opti­
mization ofa repeater circuitfor an undersea lightwave
system. For the repeater, the designgoal is to maximize
bandwidth withoutappreciable loss in gain,while keep­
ing ripple to a minimum. [The repeater is an amplifier
witha nearlyconstantgainfor frequencies within a cer­
tain range (called the passband) and a rapiddrop in gain
withfrequency for frequencies extendingabove and
below the passband. Ripple is a measure ofvariation in
gain for frequencieswithin the passband. It is desirable
to havecircuitswithhigh gain,widebandwidth ofthe
passband,and littleripple.] The designvariables are
three resistor values, three capacitor values, and two
transistor sizes.The initial design had a bandwidth of 347

megahertz (MHz), a gain of75.4 decibels (dB), and exhi­
bitedvirtually no ripple.

The designgoalwasloosely specified initially;
hence the design proceededin stages so that the perfor­
manceofthe evolving designcouldbe evaluated by the
designers.Table III showsthe results of the optimization.

Initially, the simulated annealing methodwas
applied, witha design goalofmaximizing bandwidth and
constraining gain to greater than 70dB. This led to a
designwitha bandwidth of670 MHzand a gainof72.9
dB,but with6.6dB ofripple. Byadditionally constraining
the gain at 550 MHzto be less than the mid-frequency
gain,WATOITproduced a design in whichthe ripple
was reduced to 2.9dBwithonlya slight drop in band­
widthto 644 MHzand withvirtually no loss ofgain.
Adding further constraintsto reduce ripple allowed
WATOITto yieldthe final designshowninTable III.
The approximate CPU times quotedin the tableare for a
VPif!M 11/785computer. 01AX is a trademarkofDigital
Equipment Corporation.) The improvement ofthe
design by CENTER/ADVICE is apparent.

CENTERfor Semiconductor Technology Optimization
The other major area ofapplication ofCENTER

is in semiconductor device technology optimization. For
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Table III. Results of Repeater Circuit Optimization

Bandwidth Gain Ripple CPU
Case Objective/Constraint (MHz) (dB) (dB) (hours)

Initial 347 75.4 0
Simulated annealing Maximum bandwidth; gain > 70dB 670 72.9 6.6 0.5
WATOPT (a) Also gain (550) <gain (mid-band) 644 72.8 2.9 2.0
WATOPT (b) Also ripple < 1 632 73.3 1.0 0.3
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this type ofproblem, CENTER has been integrated into
the MECCA system.s" The input to MECCA is a semi­
conductortechnology specification, whichincludes
design variables such as transistor lengths and control
settings for the machineryused in IC manufacturing.
MECCA produces an optimized technology specification,
in whichthe design variablesare set to valuesthat yield
the highest performancesemiconductordevices. A typi­
caldesign goal of MECCA is to maximize both device
gainand current drivecapability.

Figure 6 is a diagramof the MECCA system.
The simulation of the design performances in MECCA is
a two-step process. First, the BICEPS21 process simula­
tor generates dopingprofilesfromthe technology specif­
ication. Doping profilesspecify the physical structure
and chemicalcomposition ofa semiconductordevice,
fromwhichits performancecan be determined.Second,
the MEDUSA22 devicesimulatorquantifies device per­
formance using the dopingprofiles. The MECCA system

has been used for parts ofthe process and device design
for a 1.25-llm CMOS technology. Results ofoptimization
ofan n-channel MOSFET are showninTable IV. The
design goal is to maximize transistor gain and current
drivecapability whilekeepingthe leakagecurrent below
a specified value. The design variables are the oxide
thickness and channel length of the transistor and two
impurity implantation doses of the manufacturing pro­
cess.The changes in designvariablesand performances
quoted inTable IVare with respect to a good initial
design estimate provided by semiconductor processing
technologists. They showthat substantial changes in the
valuesof the design variables maybe needed to improve
designs.

Conclusion
In this paper,we describe the functional capabili­

ties and unique architecture of the CENTER generalized
design optimization system.The functionality is directed

Table IV. Results of n-Channel MOSFETTechnology Optimization

Design
variable

Oxide thickness
Channel length
Tub dose
Thresholddose

Design
objective/constraint

Gain
Currentdrivecapability
Leakage current

Specification

Maximize
Maximize
< I pA!llm
> 1501\
> 0.51lm
> 2x 1012

> 2x 1011

Optimization
result

Up120%
Up95%

Satisfied
Down 25%
Down 25%
Down 30%
Down 60%

NOTE: pA= picoampere; A= angstrom.
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toward ICdesignoptimization, viathe CENTER/
ADVICE system, and semiconductor technology optimi­
zation, viathe MECCA system. The breadth ofcapabili­
ties alsomakes it useful forgeneraldesignoptimization,
statistical analysis, and robust design. Ease ofintegration
ofsimulation codes is a major strength ofthe architec­
ture, as is ease ofintegration ofnewtask modules.
CENTER is a dynamic systemto which new, state-of-the­
art optimization and statistical designsoftware will con­
tinueto be added.

Perhaps the greatest strength ofCENTER is its
evolution as an integratedsystem. The ability to create
analysis and designstrategiesusingthe modules avail­
ablewithin CENTER magnifies the powerofeach indivi­
dualmodule. The SAO strategy (which uses sampling,
approximation, and optimization modules) exemplifies
this cohesiveness.
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