A Qualitative Study on Global and L ocal
Optimization Techniquesfor TCAD Analysis Tasks

T. Binder, C. Heitzinger andS. Selberherr

Institutefor Microelectronics,TU Wien, GusshausstP7—29
A-1040Vienna,Austria, Thomas.Binder@iue.tuwien.ac.at

ABSTRACT

We comparethe two well-known global optimization
methods,simulatedannealingand geneticoptimization, to
a local gradient-base@ptimizationtechnique. We rate the
applicability of eachmethodin termsof the minimal achies-
abletargetvaluefor a givennumberof simulationrunsin an
inversemodelingapplication.

The gradient-base@ptimizer usedin the experimentis
basedon the Levenbeg-Marquadt algorithm. The actual
implementatior(Immin) wastakenfrom MINPACK [1]. The
geneticoptimizer (genopt) is basedon GALIB [2]. For the
simulatedannealing[3] optimizer (siman) an implementa-
tion by L. Ingberwastaken. All optimizersare capableof
evaluatingseveraltargetsin parallel.

Keywords: OptimizationTechniques]nverseModeling,
Simulation,Semiconductorsylicroelectronics

1 INTRODUCTION

In our inversemodelingexperimentthe dopantconcen-
tration profile of an NMOS transistorshouldbe identified.
We usethe deviation of computedipVp andIpVg curves
from measurednesas a target for optimization. The tar
get function as deliveredto the optimizeris determinedoy
V(Z-Z) /[N where # is the N-dimensionalerror vector
The error vectoris computedas a modified relative error:
100- (1-1./1,) for I. < I, and100 - (I, /I. — 1) oth-
erwise[4], wherel. and I, denotethe computedandmea-
suredcurrentsyespectiely. The dopantprofilesareapprox-
imated by PearsonType IV functionsas describedin [5].
Fig. 1 shows the two-dimensionaimodel of the device un-
derconsiderationTheelliptically shapedegionsdenotethe
analyticaldopantconcentrationsFig. 2 shavs a plot of the
donorandacceptoconcentrationandthegeometryof atyp-
ical device. A total of 27 free parametersvasoptimized.In
orderto utilize a clusterof workstationswe usedour sim-
ulation ervironmentsIESTA [6], [7] to distribute the com-
putationalload. For the extractionof the curvesthe device
simulatorMINIMOS-NT [8], [9] wasused.
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Figure 1: Two-dimensionaldevice model with analytical
dopingpeaks

2 OPTIMIZERS
2.1 Gradient-Based Optimizer

A gradient-basedptimizerapproximateshetargetfunc-
tion by aterminatedTaylor seriesexpansion:

[+ ) ~ [(@) + (V@) + 227V f(@0)F (1)

The actual optimizationis performediteratively. The di-

rectionand stepwidth are determinecby numericallycom-
puting the JAcoBIAN and HESSIAN matricesof the target
function. Our optimizerusesa finite-differenceapproxima-
tion of thefirst derivativesthustwo evaluationsfor eachpa-
rameterarenecessaryThe secondderivativesarecomputed
by usingthe gradientof the recentand of the last stepand
the HEsSIAN of the last step (Broyden-FletcheGoldfarb-
Shannaupdate[10]). The evaluationsareindependenfrom

eachotherwhich meansthey canbe carriedoutin parallel.
The dependencef the numberof evaluationson the num-
ber of free parameteréimits the scalability of the optimizer
andthusthe utilization of theworkstationcluster(for asmall
numberof parameters).

The performance of the gradient-based methods
strongly dependson the initial valuessupplied. Several
optimization runs with different initial guesseamight be
necessanif no a priori knowledge (e.g., the result of a
processsimulation) aboutthe dopantconcentratiorprofile
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Figure2: Plot of device with donorsandacceptors
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Figure3: Progres®f thegradient-basedptimizer

is applied. Fig. 3 shaws the evolution of the target values
for a certaininitial guess. In this example the optimizer
was stoppedat a local minimum. Care must be taken to
provide physicallysoundboundsfor all parameterso avoid
simulationfailures.

2.2 Genetic Algorithms

Geneticalgorithmsgo backto [11]. A geneticalgorithm
(cA) is a so called populationbasedsearchstratgy. GA's
maintainasetof points(genomesjn afunctionspace When
the optimizeris startedan initial populationof genomess
chosen.The parametersf the genomesareinitialized ran-
domly butwithin givenbounds.Thefitnessof theindividuals
in thepopulationis thencomputedin our caseby meansof a
device simulation). Thesimulationresulti.e. thetargetvalue
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Figure4: Crossw@er Operator

is usedfor selectingndividualsfor reproductionThelibrary
(caL1B) we usedsupportsfour differentflavors of genetic
algorithmsnamelysimpLE (asdescribedn [12]), STEADY-
STATE, INCREMENTAL andDEME. They differin thewayin-
dividualsareselectedor mating,dying andfor surviving. In
caseof thesIMPLE geneticalgorithmthewholepopulationis
replacedeachgeneration.The STEADY-STATE algorithmre-
placesonly a partof the population.Someof theindividuals
survive into the next generation.The replacemenpercent-
agedefineshow mary individualsare replaced. In the IN-
CREMENTAL algorithmeachgeneratiorconsistof only one
or two children.Finally, the DEME algorithmevolvesseveral
populationgndependentheachwith a STEADY-STATE algo-
rithm. Eachgeneratiorsomeindividualsaremigratedacross
the populations.

Genetic Reproduction

Reproductionis controlled by mutationand cross@er op-
erators. Crosseer definesthe procedurefor generatinga
child from two parents. The crosswer probability (Pcrss)
is usedto decidewhetherthe parentsor their childrenare
taken over into the next generation.Fig. 4 shows the one-
point-crosseermethodwhereapointis choserrandomlyto
determinewhich partof thegenomeo take from motherand
fatherrespectiely. GALIB supportsseveral cross@er meth-
ods. For our experimentswe usedthe one-point-crosseer
and two-point-crossweer algorithms. For the optimization
task crosswer is the attemptto find better individuals by
combiningthe parametersf the bestindividualssofar.

Mutation introducesnew geneticmaterialinto a popula-
tion. Mutation occurswith the probability P,,,;. One pa-
rameterin agenomds replacedoy arandomlychoservalue
(within theallowedrange).

Genopt

Our genetic optimizer (genopt) is written using GALIB.
For our applicationwe obtainedthe bestresultswith the
STEADY-STATE algorithm. We useda replacemenpercent-
ageof Prepiace = 0.7 anda populationsize of 40. Since
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Figure5: Evolution of thegeneticoptimizerfor P,,ss =
0.9, P,y = 0.2 andtwo-point-crosseer
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Figure6: Evolution of thegeneticoptimizerfor P,,ss =
0.8, P,,u¢+ = 0.3 andone-point-crosseer

GALIB doesnot supportparallel target evaluationour opti-
mizertakescareof evaluatingseveraljobsin parallel.

The parametersf genopt with the mostimpactarethe
crosswer probability P..,ss and the mutation probability
P, Severalexperimentswith differentcrosseerandmu-
tation probabilitieswere carriedout. Fig. 5 andFig. 6 de-
pict the evolution of the geneticalgorithm for two differ-
entcombinationof cross@er and mutationprobability and
crosseermethod.Thesolid line is a plot of the bestindivid-
ual of eachgeneration.Note thatthe bestindividual within
a populationsometime®ccursat a lower evaluationnumber
thusappearingelow thesolid line.

Theparametecombinatiordepictedn Fig. 5 leadsto the
bestresultfor our application.

2.3 Simulated Annealing

SimulatedAnnealingis anoptimizationtechniquewhich
wasfirst introducedby Kirkpatrick in 1983[13]. It is com-
prisedof threefunctionalrelationshipsThegeneratiorfunc-

uon g \r), wnerer = 1x-;* = 1, Uy wWith aimensiont/, tne
acceptancéunction k(%) andthe annealingschedulefunc-
tion T'(k) with thetime stepk. The optimizationitself takes
placeiteratively. Initially, the algorithm startsfrom a ran-
domly choserpointfrom whichthefitnesss computed Next
anew pointis chosernusingg(Z). In casethe fithessof this
pointis betterthanthefitnessof the otherone,the new point
istakenover. In casehefitnessis worsethepointis accepted
by a probability »(#). Anotherpointis alwayschoserbased
onthebestpoint sofar. With eachiterationthe probabilities
for large deviationsfrom the bestpoint and for acceptance
decreaseThis resultsin a behaior wheredistantpointsare
exploredat the beginning (high temperatureput not gener
atedor rejectedrespectiely asthetemperatur&oolsdown.

For the standardBoltzmannAnnealing g(Z), h(Z) and
T (k) aregivenby:

b =2
9@ = @) Eew (<50), @
1
h 7) = 9 (3)
@) 1+ exp (EHlT_Ek)
T(k) = 1—% (@)

with the deviation ATF = ¥ — &, of the new statefrom the
previousone. It wasshavn [14] thata globalminimumwill
be foundif the temperaturds decreasedho fasterasgiven

by (4).

Siman

Our simulator(siman) is basedon the VERY FAST SIMU-
LATED RE-ANNEALING [3] algorithmby L. Ingber Theal-
gorithm definesa generatiorratewhich allows for an expo-
nentially decreasindime stepfunction:

Ti(k) = Toi exp (_Cik%) 5)

with ¢; = m; exp (— %), wherem; andn; aretuningparam-
eters.ThevaluesTy; aretheinitial annealingemperatures.

To accountfor different sensibilitiesof the parameters
the algorithm periodically re-scalesthe annealingtime &.
The rangeover which the more insensitve parametersare
searcheds stretchedout with respectto the more sensitve
parameter$RE-ANNEALING).

Fig. 7 shavs the progressof siman. Standardparame-
ter settingswere used. Comparedo genopt this optimizer
reacheshe sametargetvaluewithin approximatelonethird
of evaluations.

3 CONCLUSION

We conclude that among the global optimization
stratgjies we evaluated, simulatedannealingseemsto be
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Figure7: Evolution of the simulatedannealingoptimizer

bestsuitedfor the caseof our inversemodelingapplication.
We obsened that for a larger numberof evaluations(sev-

eralthousands$iman deliverednearlyoptimaltargetvalues,
whereagienopt’s optimadid notdropbelow a certainvalue.
This calls for further experimentingwith P.,ss and Pi,,;

andotherparametersgluringthe evolution. However, the op-

timal settingsfor theseparameteraredifficult to extract. We

foundthattheVERY FAST SIMULATED RE-ANNEALING al-

gorithm s fasterthanthe STEADY-STATE geneticalgorithm
by at leasta factor of three. This conformsto the experi-

mentsdoneby L. Ingber[15] who reportsa speedifference
of aboutonemagnitude.

Thelocalgradient-basethethods thefastestf theinitial
guessis chosenappropriatelybut stopsin a local minimum
or evenfailsto corverge. In this casethewholeoptimization
mustberestartedvith adifferentinitial guess.

Comparedo alocal optimizerthe presentedlobal opti-
mizationtechniqueslemonstrateobust optimizationstrate-
gieswhich areessentialn casesvhereanappropriatenitial
guesss notavailable.

Further investigationswill combine the advantagesof
globalandlocal optimizationtechniquesOnecouldimagine
a scenariovherefor eachglobally foundtargetvaluebelow
acertainlimit (e.g.15), aseparatéocal optimizeris tried for
a certaintime period. This combinesthe robustnessof the
globaltechniquewith the speedf thelocal one.
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