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ABSTRACT

We comparethe two well-known global optimization
methods,simulatedannealingand geneticoptimization, to
a local gradient-basedoptimizationtechnique.We rate the
applicabilityof eachmethodin termsof theminimalachiev-
abletargetvaluefor a givennumberof simulationrunsin an
inversemodelingapplication.

The gradient-basedoptimizerusedin the experimentis
basedon the Levenberg-Marquardt algorithm. The actual
implementation(lmmin) wastakenfrom MINPACK [1]. The
geneticoptimizer(genopt) is basedon GALIB [2]. For the
simulatedannealing[3] optimizer (siman) an implementa-
tion by L. Ingberwas taken. All optimizersarecapableof
evaluatingseveraltargetsin parallel.

���������
	���

: OptimizationTechniques,InverseModeling,

Simulation,Semiconductors,Microelectronics

1 INTRODUCTION

In our inversemodelingexperimentthe dopantconcen-
tration profile of an NMOS transistorshouldbe identified.
We usethe deviation of computed������� and ������� curves
from measuredonesas a target for optimization. The tar-
get function asdeliveredto the optimizer is determinedby� ������ �������� where

�� is the � -dimensionalerror vector.
The error vector is computedas a modified relative error:�! " � � �$# �&% � ��' � for �&%�()��' and

�! " � � ��' � �!% #*� � oth-
erwise[4], where �&% and ��' denotethecomputedandmea-
suredcurrents,respectively. Thedopantprofilesareapprox-
imatedby PearsonType IV functionsas describedin [5].
Fig. 1 shows the two-dimensionalmodelof the device un-
derconsideration.Theelliptically shapedregionsdenotethe
analyticaldopantconcentrations.Fig. 2 shows a plot of the
donorandacceptorconcentrationsandthegeometryof atyp-
ical device. A total of +-, freeparameterswasoptimized.In
order to utilize a clusterof workstationswe usedour sim-
ulation environment SIESTA [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-basedoptimizerapproximatesthetargetfunc-
tion by a terminatedTaylorseriesexpansion:. �!��0/21 ��
�43 . �!���/��51 �76 . �!���/8�9�;: ��<1 �+ ���: 6<= . �!��0/>� �� (1)

The actual optimization is performediteratively. The di-
rectionandstepwidth aredeterminedby numericallycom-
puting the JACOBIAN and HESSIAN matricesof the target
function. Our optimizerusesa finite-differenceapproxima-
tion of thefirst derivativesthustwo evaluationsfor eachpa-
rameterarenecessary. Thesecondderivativesarecomputed
by usingthe gradientof the recentandof the last stepand
the HESSIAN of the last step(Broyden-Fletcher-Goldfarb-
Shannoupdate[10]). Theevaluationsareindependentfrom
eachotherwhich meansthey canbe carriedout in parallel.
The dependenceof the numberof evaluationson the num-
berof freeparameterslimits thescalabilityof theoptimizer
andthustheutilizationof theworkstationcluster(for asmall
numberof parameters).

The performance of the gradient-based methods
strongly dependson the initial values supplied. Several
optimization runs with different initial guessesmight be
necessaryif no a priori knowledge (e.g., the result of a
processsimulation)about the dopantconcentrationprofile
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Figure2: Plotof devicewith donorsandacceptors
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Figure3: Progressof thegradient-basedoptimizer

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

2.2 Genetic Algorithms

Geneticalgorithmsgo backto [11]. A geneticalgorithm
(GA) is a so calledpopulationbasedsearchstrategy. GA ’s
maintainasetof points(genomes)in afunctionspace.When
the optimizer is startedan initial populationof genomesis
chosen.The parametersof the genomesareinitialized ran-
domlybut within givenbounds.Thefitnessof theindividuals
in thepopulationis thencomputed(in ourcaseby meansof a
devicesimulation).Thesimulationresulti.e. thetargetvalue

?�?�?�?�?�??�?�?�?�?�?@�@�@�@�@@�@�@�@�@A�A�A�A�A�AA�A�A�A�A�AB�B�B�B�BB�B�B�B�BC�C�C�C�C�CC�C�C�C�C�CD�D�D�D�DD�D�D�D�DE�E�E�E�E�EE�E�E�E�E�EF�F�F�F�FF�F�F�F�FGHGHGGHGHGGHGHGIHIHIIHIHIIHIHIJHJHJJHJHJJHJHJKHKHKKHKHKKHKHKLHLHLLHLHLLHLHLMHMHMMHMHMMHMHM NHNHNHNNHNHNHNNHNHNHNOHOHOHOOHOHOHOOHOHOHOPHPHPHPPHPHPHPPHPHPHPQHQHQHQQHQHQHQQHQHQHQRHRHRHRRHRHRHRRHRHRHRSHSHSHSSHSHSHSSHSHSHS
T�T�T�T�T�T�TT�T�T�T�T�T�TU�U�U�U�UU�U�U�U�UV�V�V�V�V�V�VV�V�V�V�V�V�VW�W�W�W�WW�W�W�W�WX�X�X�X�X�X�XX�X�X�X�X�X�XY�Y�Y�Y�YY�Y�Y�Y�Y
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Figure4: CrossoverOperator

is usedfor selectingindividualsfor reproduction.Thelibrary
(GALIB) we usedsupportsfour differentflavors of genetic
algorithmsnamelySIMPLE (asdescribedin [12]), STEADY-
STATE, INCREMENTAL andDEME. They differ in thewayin-
dividualsareselectedfor mating,dyingandfor surviving. In
caseof theSIMPLE geneticalgorithmthewholepopulationis
replacedeachgeneration.TheSTEADY-STATE algorithmre-
placesonly a partof thepopulation.Someof theindividuals
survive into the next generation.The replacementpercent-
agedefineshow many individualsarereplaced. In the IN-
CREMENTAL algorithmeachgenerationconsistsof only one
or two children.Finally, theDEME algorithmevolvesseveral
populationsindependentlyeachwith a STEADY-STATE algo-
rithm. Eachgenerationsomeindividualsaremigratedacross
thepopulations.

Genetic Reproduction

Reproductionis controlledby mutation and crossover op-
erators. Crossover definesthe procedurefor generatinga
child from two parents.The crossover probability ( \$]_^_`9a7a )
is usedto decidewhetherthe parentsor their children are
taken over into the next generation.Fig. 4 shows the one-
point-crossovermethod,whereapoint is chosenrandomlyto
determinewhichpartof thegenometo takefrom motherand
fatherrespectively. GALIB supportsseveralcrossover meth-
ods. For our experimentswe usedthe one-point-crossover
and two-point-crossover algorithms. For the optimization
task crossover is the attemptto find better individuals by
combiningtheparametersof thebestindividualssofar.

Mutation introducesnew geneticmaterialinto a popula-
tion. Mutation occurswith the probability \cbcd�e . Onepa-
rameterin a genomeis replacedby arandomlychosenvalue
(within theallowedrange).

Genopt

Our genetic optimizer (genopt) is written using GALIB.
For our applicationwe obtainedthe best resultswith the
STEADY-STATE algorithm. We useda replacementpercent-
ageof \ ^_fhg!ikjl]_fnm  0o , anda populationsize of p  . Since
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Figure5: Evolutionof thegeneticoptimizerfor \$]q^_`9aqa m ro srt \ bcd�e m  0o + andtwo-point-crossover
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Figure6: Evolutionof thegeneticoptimizerfor \$]q^_`9aqa m ro urt \ bcd�e m  0o v
andone-point-crossover

GALIB doesnot supportparallel target evaluationour opti-
mizertakescareof evaluatingseveraljobsin parallel.

The parametersof genopt with the mostimpactarethe
crossover probability \w]q^_`9aqa and the mutation probability\ bcd�e . Severalexperimentswith differentcrossoverandmu-
tation probabilitieswerecarriedout. Fig. 5 andFig. 6 de-
pict the evolution of the geneticalgorithm for two differ-
ent combinationsof crossover andmutationprobabilityand
crossovermethod.Thesolid line is aplot of thebestindivid-
ual of eachgeneration.Note that the bestindividual within
a populationsometimesoccursata lowerevaluationnumber
thusappearingbelow thesolid line.

Theparametercombinationdepictedin Fig.5 leadsto the
bestresultfor ourapplication.

2.3 Simulated Annealing

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

tion x �!��
� , where
�� mzy �
{;|9} m �~t����

with dimension
�

, the
acceptancefunction � �!���� andthe annealingschedulefunc-
tion � �q� � with thetime step

�
. Theoptimizationitself takes

placeiteratively. Initially, the algorithm startsfrom a ran-
domlychosenpointfrom whichthefitnessis computed.Next
a new point is chosenusing x �!���� . In casethefitnessof this
point is betterthanthefitnessof theotherone,thenew point
is takenover. In casethefitnessis worsethepoint is accepted
by a probability � �!���� . Anotherpoint is alwayschosenbased
on thebestpoint sofar. With eachiterationtheprobabilities
for large deviationsfrom the bestpoint and for acceptance
decrease.This resultsin a behavior wheredistantpointsare
exploredat the beginning (high temperature)but not gener-
atedor rejectedrespectively asthetemperaturecoolsdown.

For the standardBoltzmannAnnealing x �>��
� , � �>���� and� �7� � aregivenby:x �!���� m � +���� ���2� ���&����� #�� �� =+���� t (2)� �!���� m �� 1��&�����
���9��� � ���: � t (3)

� �q� � m � /� � � (4)

with the deviation � �� m �� # ��0/ of the new statefrom the
previousone.It wasshown [14] thata globalminimumwill
be found if the temperatureis decreasedno fasterasgiven
by (4).

Siman

Our simulator(siman) is basedon the VERY FAST SIMU-
LATED RE-ANNEALING [3] algorithmby L. Ingber. Theal-
gorithmdefinesa generationratewhich allows for anexpo-
nentiallydecreasingtimestepfunction:� { �q� � m � / { ����� � #¢¡ { � �� � (5)

with
¡ { m¤£ { �&����¥ #�¦8§�©¨ , where£ { andª { aretuningparam-

eters.Thevalues� / { aretheinitial annealingtemperatures.
To accountfor different sensibilitiesof the parameters

the algorithm periodically re-scalesthe annealingtime
�
.

The rangeover which the more insensitive parametersare
searchedis stretchedout with respectto the moresensitive
parameters(RE-ANNEALING).

Fig. 7 shows the progressof siman. Standardparame-
ter settingswereused. Comparedto genopt this optimizer
reachesthesametargetvaluewithin approximatelyonethird
of evaluations.

3 CONCLUSION

We conclude that among the global optimization
strategies we evaluated,simulatedannealingseemsto be
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Figure7: Evolutionof thesimulatedannealingoptimizer

bestsuitedfor thecaseof our inversemodelingapplication.
We observed that for a larger numberof evaluations(sev-
eralthousands)siman deliverednearlyoptimaltargetvalues,
whereasgenopt’soptimadid notdropbelow acertainvalue.
This calls for further experimentingwith \$]_^_`9aqa and \ b4d>e
andotherparametersduringtheevolution. However, theop-
timal settingsfor theseparametersaredifficult to extract.We
foundthattheVERY FAST SIMULATED RE-ANNEALING al-
gorithm is fasterthanthe STEADY-STATE geneticalgorithm
by at leasta factor of three. This conformsto the experi-
mentsdoneby L. Ingber[15] who reportsaspeeddifference
of aboutonemagnitude.

Thelocalgradient-basedmethodis thefastestif theinitial
guessis chosenappropriatelybut stopsin a local minimum
or evenfails to converge.In thiscasethewholeoptimization
mustberestartedwith adifferentinitial guess.

Comparedto a local optimizerthepresentedglobalopti-
mizationtechniquesdemonstraterobustoptimizationstrate-
gieswhich areessentialin caseswhereanappropriateinitial
guessis not available.

Further investigationswill combine the advantagesof
globalandlocaloptimizationtechniques.Onecouldimagine
a scenariowherefor eachglobally foundtargetvaluebelow
acertainlimit (e.g.

�>«
), aseparatelocaloptimizeris triedfor

a certaintime period. This combinesthe robustnessof the
globaltechniquewith thespeedof thelocalone.

ACKNOWLEDGMENT

This work is supported by the “Christian Doppler
Forschungsgesellschaft”,Vienna,Austria.

REFERENCES
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