
SAND REPORT
SAND2001-3515
Unlimited Release
Printed April 2002

DAKOTA,
A Multilevel Parallel Object-Oriented
Framework for Design Optimization,
Parameter Estimation, Uncertainty
Quantification, and Sensitivity Analysis

Version 3.0 Reference Manual
Michael S. Eldred, Anthony A. Giunta, Bart G. van Bloemen Waanders,
Steven F. Wojtkiewicz, Jr., William E. Hart, and Mario P. Alleva

Prepared by
Sandia National Laboratories
Albuquerque, New Mexico  87185 and Livermore, California  94550

Sandia is a multiprogram laboratory operated by Sandia Corporation,
a Lockheed Martin Company, for the United States Department of
Energy under Contract DE-AC04-94AL85000.

Approved for public release; further dissemination unlimited.



Issued by Sandia National Laboratories, operated for the United States Department
of Energy by Sandia Corporation.

NOTICE:  This report was prepared as an account of work sponsored by an agency of
the United States Government.  Neither the United States Government, nor any
agency thereof, nor any of their employees, nor any of their contractors,
subcontractors, or their employees, make any warranty, express or implied, or assume
any legal liability or responsibility for the accuracy, completeness, or usefulness of any
information, apparatus, product, or process disclosed, or represent that its use would
not infringe privately owned rights. Reference herein to any specific commercial
product, process, or service by trade name, trademark, manufacturer, or otherwise,
does not necessarily constitute or imply its endorsement, recommendation, or favoring
by the United States Government, any agency thereof, or any of their contractors or
subcontractors.  The views and opinions expressed herein do not necessarily state or
reflect those of the United States Government, any agency thereof, or any of their
contractors.

Printed in the United States of America. This report has been reproduced directly
from the best available copy.

Available to DOE and DOE contractors from
U.S. Department of Energy
Office of Scientific and Technical Information
P.O. Box 62
Oak Ridge, TN  37831

Telephone: (865)576-8401
Facsimile: (865)576-5728
E-Mail: reports@adonis.osti.gov
Online ordering:  http://www.doe.gov/bridge

Available to the public from
U.S. Department of Commerce
National Technical Information Service
5285 Port Royal Rd
Springfield, VA  22161

Telephone: (800)553-6847
Facsimile: (703)605-6900
E-Mail: orders@ntis.fedworld.gov
Online order:  http://www.ntis.gov/ordering.htm



SAND2001-3515
UnlimitedRelease
PrintedApril 2002

DAKOTA, A Multilevel Parallel Object-OrientedFramework
for DesignOptimization,ParameterEstimation, Uncertainty

Quantification,andSensitivity Analysis

Version3.0ReferenceManual

Michael S.Eldr ed, Anthony A. Giunta, and Bart G. van BloemenWaanders
OptimizationandUncertaintyEstimationDepartment

Steven F. Wojtkiewicz, Jr.
StructuralDynamicsResearchDepartment

William E. Hart
OptimizationandUncertaintyEstimationDepartment

SandiaNationalLaboratories
P.O. Box 5800

Albuquerque,New Mexico 87185-0847

Mario P. Alleva
CompaqFederal

Albuquerque,New Mexico 87109-3432

Abstract

TheDAKOTA (DesignAnalysisKit for OptimizationandTerascaleApplications) toolkit providesa flex-
ible andextensibleinterface betweensimulationcodesanditerative analysismethods. DAKOTA contains
algorithmsfor optimizationwith gradient andnongradient-basedmethods; uncertainty quantification with
sampling, analyticreliability, andstochasticfinite elementmethods; parameter estimationwith nonlinear
leastsquares methods; andsensitivity analysiswith designof experimentsandparameterstudymethods.
Thesecapabilities maybeusedontheirownorascomponentswithin advancedstrategiessuchassurrogate-
basedoptimization, mixedintegernonlinear programming, or optimizationunder uncertainty. By employ-
ing object-orienteddesignto implement abstractions of thekey componentsrequired for iterative systems
analyses,theDAKOTA toolkit providesa flexible andextensibleproblem-solvingenvironmentfor design
andperformanceanalysisof computationalmodelsonhighperformancecomputers.

This report servesasa referencemanual for thecommandsspecificationfor theDAKOTA software,pro-
viding inputoverviews,option descriptions,andexample specifications.
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Chapter 1

DAKOTA ReferenceManual

Author:
MichaelS.Eldred, Anthony A. Giunta, Bart G. vanBloemenWaanders, StevenF. Wojtkiewicz, Jr. ,
William E. Hart , Mario P. Alleva

1.1 Intr oduction

TheDAKOTA (DesignAnalysisKit for OptimizationandTerascaleApplications) toolkit providesa flexi-
ble,extensible interfacebetweenanalysiscodesanditerationmethods. DAKOTA contains algorithmsfor
optimization with gradient andnongradient-basedmethods,uncertainty quantification with sampling, an-
alytic reliability, andstochasticfinite elementmethods, parameterestimationwith nonlinear leastsquares
methods, andsensitivity/primary effectsanalysis with designof experimentsandparameterstudycapa-
bilities. Thesecapabilitiesmay be usedon their own or as components within advancedstrategies for
surrogate-basedoptimization, mixed integer nonlinear programming, or optimization under uncertainty.
By employing object-orienteddesignto implementabstractions of thekey componentsrequired for itera-
tivesystemsanalyses,theDAKOTA toolkit providesaflexibleandextensibleproblem-solvingenvironment
aswell asaplatform for rapidprototypingof advancedsolutionmethodologies.

TheReferenceManual focusesondocumentationof thevarious input commandsfor theDAKOTA system.
It followscloselythestructureof dakota.input.spec, themasterinputspecification. For informationonsoft-
warestructure,referto theDevelopers Manual, andfor a tourof DAKOTA featuresandcapabilities,
referto theUsersManual [Eldredet al., 2001].

1.2 Input SpecificationReference

In theDAKOTA system,thestrategycreatesandmanagesiteratorsandmodels. A model containsa setof
variables, an interface, anda setof responses, andtheiteratoroperateson themodel to mapthevariables
into responsesusingthe interface. In a DAKOTA input file, theuserspecifiesthesecomponents through
strategy, method, variables,interface,andresponseskeyword specifications.Theinputspecificationrefer-
encecloselyfollows this structure,with introductory materialfollowed by detaileddocumentationof the
strategy, method, variables,interface,andresponseskeywordspecifications:

file:../html/index.html
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CommandsIntroduction

Strategy Commands

MethodCommands

VariablesCommands

InterfaceCommands

ResponsesCommands

1.3 WebResources

Projectweb pagesaremaintained at http://endo.sandia.gov/DAKOTA with softwarespecifics
anddocumentationpointersprovidedat http://endo.sandia.gov/DAKOTA/software.html ,
anda list of publications providedat http://endo.sandia.gov/DAKOTA/references.html
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Chapter 2

DAKOTA File Documentation

2.1 dakota.input.specFile Reference

file containing theinputspecificationfor DAKOTA.

2.1.1 DetailedDescription

file containing theinputspecificationfor DAKOTA.

This file is usedin thegenerationof parsersystemfiles whicharecompiled into theDAKOTA executable.
Therefore,this file is thedefinitive source for input syntax, capability options, andassociateddatainputs.
Referto Instructions for Modifying DAKOTA’s Input Specificationfor informationon how to modify the
inputspecificationandpropagatethechangesthroughtheparsingsystem.

Key featuresof theinputspecificationandtheassociateduserinputfiles include:

� In theinput specification,requiredparametersareenclosedin ��� , optional parameters areenclosed
in [], requiredgroupsareenclosedin (), optional groups areenclosedin [], andeither-or rela-
tionships aredenotedby the � symbol. Thesesymbolsonly appearin dakota.input.spec; they must
notappear in actualuserinputfiles.

� Keyword specifications(i.e., strategy, method,variables, interface,andresponses)aredelimitedby
newline characters,both in the input specificationandin userinput files. Therefore, to continuea
keyword specificationonto multiple lines, the back-slashcharacter (” � ”) is needed at the endof a
line in order to escapethenewline. Continuation ontomultiple lines is not required; however, it is
commonly usedto enhancereadability .

� Eachof thefivekeywordsin theinput specificationbegins with a

<KEYWORD = name>, <FUNCTION = handler_name>

header whichnamesthekeywordandprovidesthebinding to thekeyword handlerwithin DAKOTA’s
problem description database. In a userinput file, only the nameof the keyword appears (e.g.,
variables).
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� Someof the keyword componentswithin the input specificationindicatethat the usermust sup-
ply � INTEGER � , � REAL � , � STRING � , � LISTof �	� INTEGER � , � LISTof �	� REAL � , or� LISTof �	� STRING � dataaspartof thespecification.In a userinput file, the"=" is optional,
the � LISTof � datacanbe separatedby commasor whitespace, and the � STRING � dataare
enclosedin singlequotes(e.g.,‘text book’).

� In userinputfiles, input is order-independent(exceptfor entriesin datalists) andwhite-spaceinsen-
sitive. Although theorderof input shown in the Sampledakota.inFiles generally follows theorder
of optionsin theinput specification,this is not required.

� In userinput files,specificationsmaybeabbreviatedsolongastheabbreviationis unique.For exam-
ple,theapplication specificationwithin theinterfacekeywordcouldbeabbreviatedasapplic,
but shouldnotbeabbreviatedasapp sincethiswouldbeambiguouswith approximation.

� In boththeinputspecificationanduserinputfiles,comments areprecededby #.

Thedakota.input.specfile usedin DAKOTA V3.0 is:

# DO NOT CHANGE THIS FILE UNLESS YOU UNDERSTAND THE COMPLETE UPDATE PROCESS
#
# Any changes made to the input specification require the manual merging
# of code fragments generated by IDR into the DAKOTA code. If this manual
# merging is not performed, then libidr.a and the Dakota src files
# (ProblemDescDB.C, keywordtable.C) will be out of synch which will cause
# errors that are difficult to track. Please be sure to consult the
# documentation in Dakota/docs/SpecChange.dox before you modify the input
# specification or otherwise change the IDR subsystem.
#
<KEYWORD = variables>, <FUNCTION = variables_kwhandler> \

[id_variables = <STRING>] \
[ {continuous_design = <INTEGER>} \

[cdv_initial_point = <LISTof><REAL>] \
[cdv_lower_bounds = <LISTof><REAL>] \
[cdv_upper_bounds = <LISTof><REAL>] \
[cdv_descriptor = <LISTof><STRING>] ] \

[ {discrete_design = <INTEGER>} \
[ddv_initial_point = <LISTof><INTEGER>] \
[ddv_lower_bounds = <LISTof><INTEGER>] \
[ddv_upper_bounds = <LISTof><INTEGER>] \
[ddv_descriptor = <LISTof><STRING>] ] \

[ {normal_uncertain = <INTEGER>} \
{nuv_means = <LISTof><REAL>} \
{nuv_std_deviations = <LISTof><REAL>} \
[nuv_dist_lower_bounds = <LISTof><REAL>] \
[nuv_dist_upper_bounds = <LISTof><REAL>] \
[nuv_descriptor = <LISTof><STRING>] ] \

[ {lognormal_uncertain = <INTEGER>} \
{lnuv_means = <LISTof><REAL>} \
{lnuv_std_deviations = <LISTof><REAL>} \

| {lnuv_error_factors = <LISTof><REAL>} \
[lnuv_dist_lower_bounds = <LISTof><REAL>] \
[lnuv_dist_upper_bounds = <LISTof><REAL>] \
[lnuv_descriptor = <LISTof><STRING>] ] \

[ {uniform_uncertain = <INTEGER>} \
{uuv_dist_lower_bounds = <LISTof><REAL>} \
{uuv_dist_upper_bounds = <LISTof><REAL>} \
[uuv_descriptor = <LISTof><STRING>] ] \

[ {loguniform_uncertain = <INTEGER>} \
{luuv_dist_lower_bounds = <LISTof><REAL>} \
{luuv_dist_upper_bounds = <LISTof><REAL>} \
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[luuv_descriptor = <LISTof><STRING>] ] \
[ {weibull_uncertain = <INTEGER>} \

{wuv_alphas = <LISTof><REAL>} \
{wuv_betas = <LISTof><REAL>} \
[wuv_dist_lower_bounds = <LISTof><REAL>] \
[wuv_dist_upper_bounds = <LISTof><REAL>] \
[wuv_descriptor = <LISTof><STRING>] ] \

[ {histogram_uncertain = <INTEGER>} \
{huv_filenames = <LISTof><STRING>} \
[huv_dist_lower_bounds = <LISTof><REAL>] \
[huv_dist_upper_bounds = <LISTof><REAL>] \
[huv_descriptor = <LISTof><STRING>] ] \

[uncertain_correlation_matrix = <LISTof><REAL>] \
[ {continuous_state = <INTEGER>} \

[csv_initial_state = <LISTof><REAL>] \
[csv_lower_bounds = <LISTof><REAL>] \
[csv_upper_bounds = <LISTof><REAL>] \
[csv_descriptor = <LISTof><STRING>] ] \

[ {discrete_state = <INTEGER>} \
[dsv_initial_state = <LISTof><INTEGER>] \
[dsv_lower_bounds = <LISTof><INTEGER>] \
[dsv_upper_bounds = <LISTof><INTEGER>] \
[dsv_descriptor = <LISTof><STRING>] ]

<KEYWORD = interface>, <FUNCTION = interface_kwhandler> \
[id_interface = <STRING>] \
( {application} \

{analysis_drivers = <LISTof><STRING>} \
[input_filter = <STRING>] \
[output_filter = <STRING>] \
( {system} \
[parameters_file = <STRING>] \
[results_file = <STRING>] \
[analysis_usage = <STRING>] \
[aprepro] [file_tag] [file_save] ) \

| \
( {fork} \
[parameters_file = <STRING>] \
[results_file = <STRING>] \
[aprepro] [file_tag] [file_save] ) \

| \
( {direct} \
[processors_per_analysis = <INTEGER>] ) \

# [processors_per_analysis = <LISTof><INTEGER>] ) \
| \
( {xml} \
{hostnames = <LISTof><STRING>} \
[processors_per_host = <LISTof><INTEGER>] ) \

[ {asynchronous} [evaluation_concurrency = <INTEGER>] \
[analysis_concurrency = <INTEGER>] ] \

[evaluation_servers = <INTEGER>] \
[evaluation_self_scheduling] \
[evaluation_static_scheduling] \
[analysis_servers = <INTEGER>] \
[analysis_self_scheduling] \
[analysis_static_scheduling] \
[ {failure_capture} {abort} | {retry = <INTEGER>} | \
{recover = <LISTof><REAL>} | {continuation} ] \

[ {active_set_vector} {constant} | {variable} ] ) \
| \
( {approximation} \

( {global} \
{neural_network} | {polynomial} | \
{mars} | {hermite} | \
( {kriging} [correlations = <LISTof><REAL>] ) \
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12 DAK OTA File Documentation

[dace_method_pointer = <STRING>] \
[ {reuse_samples} {all} | {region} ] \
[ {correction} {offset} | {scaled} | {beta} ] \
[use_gradients] ) \

| \
( {multipoint} \

# {tana?} [use_gradients?] [correction?] \
{actual_interface_pointer = <STRING>} ) \

| \
( {local} \
{taylor_series} \
{actual_interface_pointer = <STRING>} \
[actual_interface_responses_pointer = <STRING>] ) \

| \
( {hierarchical} \
{low_fidelity_interface_pointer = <STRING>} \
{high_fidelity_interface_pointer = <STRING>} \

# {high_fidelity_interface_responses_pointer = <STRING>}\
# {interface_pointer_hierarchy = <LISTof><STRING>} \

{correction} {offset} | {scaled} | {beta} ) )

<KEYWORD = responses>, <FUNCTION = responses_kwhandler> \
[id_responses = <STRING>] \
( {num_objective_functions = <INTEGER>} \

[multi_objective_weights = <LISTof><REAL>] \
[num_nonlinear_inequality_constraints = <INTEGER>] \
[nonlinear_inequality_lower_bounds = <LISTof><REAL>] \
[nonlinear_inequality_upper_bounds = <LISTof><REAL>] \
[num_nonlinear_equality_constraints = <INTEGER>] \
[nonlinear_equality_targets = <LISTof><REAL>] ) \

| \
{num_least_squares_terms = <INTEGER>} \
| \
{num_response_functions = <INTEGER>} \
{no_gradients} \
| \
( {numerical_gradients} \

[ {method_source} {dakota} | {vendor} ] \
[ {interval_type} {forward} | {central} ] \
[fd_step_size = <REAL>] ) \

| \
{analytic_gradients} \
| \
( {mixed_gradients} \

{id_numerical = <LISTof><INTEGER>} \
[ {method_source} {dakota} | {vendor} ] \
[ {interval_type} {forward} | {central} ] \
[fd_step_size = <REAL>] \

{id_analytic = <LISTof><INTEGER>} ) \
{no_hessians} \
| \
{analytic_hessians}

<KEYWORD = strategy>, <FUNCTION = strategy_kwhandler> \
[graphics] \
[ {tabular_graphics_data} [tabular_graphics_file = <STRING>] ] \
[iterator_servers = <INTEGER>] \
[iterator_self_scheduling] [iterator_static_scheduling] \
( {multi_level} \

( {uncoupled} \
[ {adaptive} {progress_threshold = <REAL>} ] \
{method_list = <LISTof><STRING>} ) \

| \
( {coupled} \

{global_method_pointer = <STRING>} \
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2.1dakota.input.specFile Reference 13

{local_method_pointer = <STRING>} \
[local_search_probability = <REAL>] ) ) \

| \
( {surrogate_based_opt} \

{opt_method_pointer = <STRING>} \
[max_iterations = <INTEGER>] \
[ {trust_region} [initial_size = <REAL>] \
[contraction_factor = <REAL>] \
[expansion_factor = <REAL>] ] ) \

| \
( {opt_under_uncertainty} \

{opt_method_pointer = <STRING>} ) \
| \
( {branch_and_bound} \

{opt_method_pointer = <STRING>} \
[num_samples_at_root = <INTEGER>] \
[num_samples_at_node = <INTEGER>] ) \

| \
( {multi_start} \

{method_pointer = <STRING>} \
{num_starts = <INTEGER>} | \
{starting_points = <LISTof><REAL>} ) \

| \
( {pareto_set} \

{opt_method_pointer = <STRING>} \
{num_optima = <INTEGER>} | \
{multi_objective_weight_sets = <LISTof><REAL>} ) \

| \
( {single_method} \

[method_pointer = <STRING>] )

<KEYWORD = method>, <FUNCTION = method_kwhandler> \
[id_method = <STRING>] \
[ {model_type} \

[variables_pointer= <STRING>] \
[responses_pointer = <STRING>] \
( {single} [interface_pointer = <STRING>] ) \

| ( {nested} {sub_method_pointer = <STRING>} \
[ {interface_pointer = <STRING>} \

{interface_responses_pointer = <STRING>} ] \
[primary_mapping_matrix = <LISTof><REAL>] \
[secondary_mapping_matrix = <LISTof><REAL>] ) \

| ( {layered} {interface_pointer = <STRING>} ) ] \
[speculative] \
[ {output} {quiet} | {verbose} | {debug} ] \
[max_iterations = <INTEGER>] \
[max_function_evaluations = <INTEGER>] \
[constraint_tolerance = <REAL>] \
[convergence_tolerance = <REAL>] \
[linear_inequality_constraint_matrix = <LISTof><REAL>] \
[linear_inequality_lower_bounds = <LISTof><REAL>] \
[linear_inequality_upper_bounds = <LISTof><REAL>] \
[linear_equality_constraint_matrix = <LISTof><REAL>] \
[linear_equality_targets = <LISTof><REAL>] \
( {dot_frcg} \

[ {optimization_type} {minimize} | {maximize} ] ) \
| \
( {dot_mmfd} \

[ {optimization_type} {minimize} | {maximize} ] ) \
| \
( {dot_bfgs} \

[ {optimization_type} {minimize} | {maximize} ] ) \
| \
( {dot_slp} \

[ {optimization_type} {minimize} | {maximize} ] ) \
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14 DAK OTA File Documentation

| \
( {dot_sqp} \

[ {optimization_type} {minimize} | {maximize} ] ) \
| \
( {npsol_sqp} \

[verify_level = <INTEGER>] \
[function_precision = <REAL>] \
[linesearch_tolerance = <REAL>] ) \

| \
( {conmin_frcg} ) \
| \
( {conmin_mfd} ) \
| \
( {optpp_cg} \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_q_newton} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} | \
{tr_pds} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_g_newton} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_newton} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} | \
{tr_pds} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_fd_newton} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} | \
{tr_pds} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_baq_newton} \

[gradient_tolerance = <REAL>] ) \
| \
( {optpp_ba_newton} \

[gradient_tolerance = <REAL>] ) \
| \
( {optpp_bcq_newton} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_bcg_newton} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_bc_newton} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] ) \
| \
( {optpp_bc_ellipsoid} \

[initial_radius = <REAL>] \
[gradient_tolerance = <REAL>] ) \

| \
( {optpp_nips} \
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[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] \
[merit_function = <STRING>] [central_path = <STRING>] \
[steplength_to_boundary = <REAL>] \
[centering_parameter = <REAL>] ) \

| \
( {optpp_q_nips} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] \
[merit_function = <STRING>] [central_path = <STRING>] \
[steplength_to_boundary = <REAL>] \
[centering_parameter = <REAL>] ) \

| \
( {optpp_fd_nips} \

[ {search_method} {value_based_line_search} | \
{gradient_based_line_search} | {trust_region} ] \

[max_step = <REAL>] [gradient_tolerance = <REAL>] \
[merit_function = <STRING>] [central_path = <STRING>] \
[steplength_to_boundary = <REAL>] \
[centering_parameter = <REAL>] ) \

| \
( {optpp_pds} \

[search_scheme_size = <INTEGER>] ) \
| \
( {apps} \

{initial_delta = <REAL>} {threshold_delta = <REAL>} \
[ {pattern_basis} {coordinate} | {simplex} ] \
[total_pattern_size = <INTEGER>] \
[no_expansion] [contraction_factor = <REAL>] ) \

| \
( {sgopt_pga_real} \

[solution_accuracy = <REAL>] [max_cpu_time = <REAL>] \
[seed = <INTEGER>] [population_size = <INTEGER>] \
[ {selection_pressure} {rank} | {proportional} ] \
[ {replacement_type} {random = <INTEGER>} | \
{chc = <INTEGER>} | {elitist = <INTEGER>} \
[new_solutions_generated = <INTEGER>] ] \

[ {crossover_type} {two_point} | {blend} | {uniform} \
[crossover_rate = <REAL>] ] \

[ {mutation_type} {replace_uniform} | \
( {offset_normal} [mutation_scale = <REAL>] ) | \
( {offset_cauchy} [mutation_scale = <REAL>] ) | \
( {offset_uniform} [mutation_scale = <REAL>] ) | \
( {offset_triangular} [mutation_scale = <REAL>] ) \

[dimension_rate = <REAL>] [population_rate = <REAL>] \
[non_adaptive] ] ) \

| \
( {sgopt_pga_int} \

[solution_accuracy = <REAL>] [max_cpu_time = <REAL>] \
[seed = <INTEGER>] [population_size = <INTEGER>] \
[ {selection_pressure} {rank} | {proportional} ] \
[ {replacement_type} {random = <INTEGER>} | \
{chc = <INTEGER>} | {elitist = <INTEGER>} \
[new_solutions_generated = <INTEGER>] ] \

[ {crossover_type} {two_point} | {uniform} \
[crossover_rate = <REAL>] ] \

[ {mutation_type} {replace_uniform} | \
( {offset_uniform} [mutation_range = <INTEGER>] ) \

[dimension_rate = <REAL>] \
[population_rate = <REAL>] ] ) \

| \
( {sgopt_epsa} \

[solution_accuracy = <REAL>] [max_cpu_time = <REAL>] \
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[seed = <INTEGER>] [population_size = <INTEGER>] \
[ {selection_pressure} {rank} | {proportional} ] \
[ {replacement_type} {random = <INTEGER>} | \
{chc = <INTEGER>} | {elitist = <INTEGER>} \
[new_solutions_generated = <INTEGER>] ] \

[ {crossover_type} {two_point} | {uniform} \
[crossover_rate = <REAL>] ] \

[ {mutation_type} {unary_coord} | {unary_simplex} | \
( {multi_coord} [dimension_rate = <REAL>] ) | \
( {multi_simplex} [dimension_rate = <REAL>] ) \

[mutation_scale = <REAL>] [min_scale = <REAL>] \
[population_rate = <REAL>] ] \

[num_partitions = <INTEGER>] ) \
| \
( {sgopt_pattern_search} \

[solution_accuracy = <REAL>] [max_cpu_time = <REAL>] \
[ {stochastic} [seed = <INTEGER>] ] \
{initial_delta = <REAL>} {threshold_delta = <REAL>} \
[ {pattern_basis} {coordinate} | {simplex} ] \
[total_pattern_size = <INTEGER>] \
[no_expansion] [expand_after_success = <INTEGER>] \
[contraction_factor = <REAL>] \
[ {exploratory_moves} {multi_step} | {best_all} | \
{best_first} | {biased_best_first} | \
{adaptive_pattern} | {test} ] ) \

| \
( {sgopt_solis_wets} \

[solution_accuracy = <REAL>] [max_cpu_time = <REAL>] \
[seed = <INTEGER>] \
{initial_delta = <REAL>} {threshold_delta = <REAL>} \
[no_expansion] [expand_after_success = <INTEGER>] \
[contract_after_failure = <INTEGER>] \
[contraction_factor = <REAL>] ) \

| \
( {sgopt_strat_mc} \

[solution_accuracy = <REAL>] [max_cpu_time = <REAL>] \
[seed = <INTEGER>] [batch_size = <INTEGER>] \
[partitions = <LISTof><INTEGER>] ) \

| \
( {nond_polynomial_chaos} \

{expansion_terms = <INTEGER>} | \
{expansion_order = <INTEGER>} \
[seed = <INTEGER>] [samples = <INTEGER>] \
[ {sample_type} {random} | {lhs} ] \
[response_thresholds = <LISTof><REAL>] ) \

| \
( {nond_sampling} \

[seed = <INTEGER>] [samples = <INTEGER>] \
[ {sample_type} {random} | {lhs} ] \
[all_variables] \
[response_thresholds = <LISTof><REAL>] ) \

| \
( {nond_analytic_reliability} \

( {mv} [response_levels = <LISTof><REAL>] ) | \
( {amv} {response_levels = <LISTof><REAL>} ) | \
( {iterated_amv} {response_levels = <LISTof><REAL>} | \
{probability_levels = <LISTof><REAL>} ) | \

( {form} {response_levels = <LISTof><REAL>} ) | \
( {sorm} {response_levels = <LISTof><REAL>} ) ) \

| \
( {dace} \

{grid} | {random} | {oas} | {lhs} | {oa_lhs} | \
{box_behnken_design} | {central_composite_design} \
[seed = <INTEGER>] \
[samples = <INTEGER>] [symbols = <INTEGER>] ) \
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| \
( {vector_parameter_study} \

( {final_point = <LISTof><REAL>} \
{step_length = <REAL>} | {num_steps = <INTEGER>} ) \

| \
( {step_vector = <LISTof><REAL>} \
{num_steps = <INTEGER>} ) ) \

| \
( {list_parameter_study} \

{list_of_points = <LISTof><REAL>} ) \
| \
( {centered_parameter_study} \

{percent_delta = <REAL>} \
{deltas_per_variable = <INTEGER>} ) \

| \
( {multidim_parameter_study} \

{partitions = <LISTof><INTEGER>} )
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Chapter 3

CommandsIntr oduction

3.1 Overview

In theDAKOTA system,a strategy governshow eachmethodmapsvariablesinto responsesthrough the
useof aninterface. Eachof thesefivepieces(strategy, method,variables,responses,andinterface)aresep-
aratespecificationsin theuser’s input file, andasa whole,determine thestudyto beperformedduringan
executionof theDAKOTA software.Thenumberof strategieswhichcanbeinvokedduring aDAKOTA ex-
ecutionis limited to one.Thisstrategy, however, mayinvokemultiple methods.Furthermore,eachmethod
may (in general) have its own ”model,” consistingof its own setof variables, its own setof responses,
andits own interface.Thus,theremaybemultiple specificationsof themethod, variables,responses,and
interfacesections.

The syntax of DAKOTA specificationis governedby the Input Deck Reader(IDR) parsing system
[Weatherbyet al., 1996], which usesthedakota.input.specfile to describetheallowableinputs to thesys-
tem.Thisinput specificationfile providesatemplateof theallowablesysteminputsfrom whichaparticular
inputfile (referredto hereinasadakota.infile) canbederived.

This Reference Manual focuseson providing complete detailsfor the allowablespecifications in an in-
put file to the DAKOTA program. Relateddetailson the nameandlocationof the DAKOTA program,
command line inputs,andexecutionsyntaxareprovidedin theUsersManual[ Eldredet al., 2001].

3.2 IDR Input Specification File

DAKOTA input is governedby the IDR input specificationfile. This file (dakota.input.spec) is usedby
a codegenerator to createparsingsystemcomponentswhich arecompiled into theDAKOTA executable
(referto Instructionsfor Modifying DAKOTA’s Input Specificationfor additional information).Therefore,
dakota.input.spec is the definitive sourcefor input syntax,capabilityoptions, andoptional andrequired
capabilitysub-parameters.Beginningusersmayfind thisfile moreconfusingthanhelpful and,in thiscase,
adaptation of example input files to a particular problem may be a moreeffective approach. However,
advanceduserscanmasterall of thevarious inputspecificationpossibilitiesoncethestructure of theinput
specificationfile is understood.

Refer to dakota.input.specfor a listing of the current version. From this file listing, it canbe seenthat
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the main structure of the variables keyword is that of ten optional group specifications for continuous
design,discretedesign,normaluncertain, lognormal uncertain, uniform uncertain, loguniform uncertain,
weibull uncertain,histogramuncertain,continuousstate,anddiscretestatevariables.Eachof thesespeci-
ficationscaneitherappear or not appearasa group. Next, the interface keyword requirestheselectionof
eitheranapplication OR anapproximation interface.The typeof application interfacemustbespecified
with eithera systemOR fork OR xml OR direct required group specification,or the typeof approxima-
tion interfacemust be specifiedwith eithera global OR multipoint OR local OR hierarchical required
group specification. Within the responseskeyword, the primary structureis the required specification
of the function set (eitheroptimization functionsOR leastsquares functions OR genericresponsefunc-
tions),followedby therequired specificationof thegradients(eithernoneOR numerical OR analyticOR
mixed) and the required specificationof the Hessians(eithernone OR analytic). The strategy specifi-
cationrequireseithera multi-level OR surrogate-basedoptimization OR optimizationunderuncertainty
OR branchandbound OR multi-startOR paretosetOR singlemethodstrategy specification. Within the
multilevel group specification,eitheran uncoupledOR a coupled group specificationmustbe supplied.
Lastly, the methodkeyword is the most lengthy specification;however, its structure is relatively simple.
The structureis simply that of a setof optional method-independent settingsfollowed by a long list of
possiblemethods appearing asrequired group specifications(containing a variety of method-dependent
settings)separatedby OR’s. Refer to Strategy Commands, Method Commands, VariablesCommands,
InterfaceCommands, andResponsesCommands for detailedinformationon thekeywordsandtheir vari-
ousoptionalandrequired specifications. And for additional detailson IDR specificationlogic andrules,
referto [Weatherbyetal., 1996].

3.3 CommonSpecification Mistakes

Spellingandomissionof requiredparametersarethemostcommonerrors. Lessobviouserrorsinclude:

� Documentationof new capabilitysometimeslagsthe useof new capabilityin executables. When
parsingerrors occurwhichthedocumentationcannot explain, referenceto theparticularinputspec-
ification usedin building the executable (which is installedalongsidethe executable) will often
resolve theerrors.

� Sincekeywordsareterminated with thenewline character, caremustbetakento avoid following the
backslashcharacterwith any white spacesincethenewline characterwill not beproperly escaped,
resultingin parsing errors dueto thetruncation of thekeyword specification.

� Caremustbetakento includenewline escapeswhenembedding comments within a keyword spec-
ification. That is, newline characterswill signaltheendof a keyword specificationevenif they are
partof a comment line. For example, the following specificationwill be truncatedbecauseoneof
theembeddedcommentsneglectsto escapethenewline:

# No error here: newline need not be escaped since comment is not embedded
responses, \
# No error here: newline is escaped \

num_objective_functions = 1 \
# Error here: this comment must escape the newline

analytic_gradients \
no_hessians

In mostcases,theIDR systemprovideshelpful errormessageswhich will helptheuserisolatethesource
of theparsingproblem.
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3.4Sampledakota.in Files 21

3.4 Sampledakota.in Files

A DAKOTA input file is a collectionof thefieldsallowedin the dakota.input.specspecificationfile which
describetheproblemto besolvedby theDAKOTA system.Severalexamplesfollow.

3.4.1 Sample1: Optimization

Thefollowing sampleinput file shows single-method optimization of theTextbook Example usingDOT’s
modifiedmethodof feasibledirections.A similarfile (with helpfulnotesincludedascomments)isavailable
in thetestdirectory asDakota/test/dakota textbook.in.

strategy, \
single_method

method, \
dot_mmfd \

max_iterations = 50, \
convergence_tolerance = 1e-4 \
output verbose \
optimization_type minimize

variables, \
continuous_design = 2 \

cdv_initial_point 0.9 1.1 \
cdv_upper_bounds 5.8 2.9 \
cdv_lower_bounds 0.5 -2.9 \
cdv_descriptor ’x1’ ’x2’

interface, \
application system \

analysis_driver = ’text_book’ \
parameters_file = ’text_book.in’ \
results_file = ’text_book.out’ \
file_tag \
file_save

responses, \
num_objective_functions = 1 \
num_nonlinear_inequality_constraints = 2 \
analytic_gradients \
no_hessians

3.4.2 Sample2: Least Squares

Thefollowing sampleinputfile showsanonlinear leastsquaressolutionof theRosenbrock Example using
OPT++’s Gauss-Newton method. A similar file (with helpful notesincludedascomments) is availablein
thetestdirectory asDakota/test/dakota rosenbrock.in.

strategy, \
single_method

method, \
optpp_bcg_newton \

max_iterations = 50, \
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convergence_tolerance = 1e-4

variables, \
continuous_design = 2 \

cdv_initial_point -1.2 1.0 \
cdv_lower_bounds -2.0 -2.0 \
cdv_upper_bounds 2.0 2.0 \
cdv_descriptor ’x1’ ’x2’

interface, \
application system \

analysis_driver = ’rosenbrock_ls’

responses, \
num_least_squares_terms = 2 \
analytic_gradients \
no_hessians

3.4.3 Sample3: Nondeterministic Analysis

Thefollowing sampleinputfile showsLatin HypercubeMonteCarlosamplingusingtheTextbook Exam-
ple. A similarfile is availablein thetestdirectoryasDakota/test/dakota textbook lhs.in.

strategy, \
single_method graphics

method, \
nond_sampling \

samples = 100 seed = 1 \
sample_type lhs \
response_thresholds = 3.6e+11 6.e+04 3.5e+05

variables, \
normal_uncertain = 2 \

nuv_means = 248.89, 593.33 \
nuv_std_deviations = 12.4, 29.7 \
nuv_descriptor = ’TF1n’ ’TF2n’ \

uniform_uncertain = 2 \
uuv_dist_lower_bounds = 199.3, 474.63 \
uuv_dist_upper_bounds = 298.5, 712. \
uuv_descriptor = ’TF1u’ ’TF2u’ \

weibull_uncertain = 2 \
wuv_alphas = 12., 30. \
wuv_betas = 250., 590. \
wuv_descriptor = ’TF1w’ ’TF2w’

interface, \
application system asynch evaluation_concurrency = 5 \

analysis_driver = ’text_book’

responses, \
num_response_functions = 3 \
no_gradients \
no_hessians
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3.4.4 Sample4: Parameter Study

Thefollowingsampleinputfile showsa1-Dvector parameterstudyusingtheTextbookExample.A similar
file is availablein thetestdirectoryasDakota/test/dakota pstudy.in.

method, \
vector_parameter_study \

step_vector = .1 .1 .1 \
num_steps = 4

variables, \
continuous_design = 3 \

cdv_initial_point 1.0 1.0 1.0

interface, \
application system asynchronous \

analysis_driver = ’text_book’

responses, \
num_objective_functions = 1 \
num_nonlinear_inequality_constraints = 2 \
analytic_gradients \
analytic_hessians

3.4.5 Sample5: Multile vel Hybrid Strategy

The following sampleinput file shows a multilevel hybrid strategy using threeiterators. It employs a
geneticalgorithm, coordinatepatternsearchandfull Newton gradient-basedoptimization in successionto
solvetheTextbookExample. A similarfile is availablein thetestdirectoryasDakota/test/dakota -
multilevel.in.

strategy, \
graphics \
multi_level uncoupled \

method_list = ’GA’ ’CPS’ ’NLP’

method, \
id_method = ’GA’ \
model_type single \

variables_pointer = ’V1’ \
interface_pointer = ’I1’ \
responses_pointer = ’R1’ \

sgopt_pga_real \
population_size = 10 \
verbose output

method, \
id_method = ’CPS’ \
model_type single \

variables_pointer = ’V1’ \
interface_pointer = ’I1’ \
responses_pointer = ’R1’ \

sgopt_pattern_search stochastic \
verbose output \
initial_delta = 0.1 \
threshold_delta = 1.e-4 \
solution_accuracy = 1.e-10 \
exploratory_moves best_first
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method, \
id_method = ’NLP’ \
model_type single \

variables_pointer = ’V1’ \
interface_pointer = ’I1’ \
responses_pointer = ’R2’ \

optpp_newton \
gradient_tolerance = 1.e-12 \
convergence_tolerance = 1.e-15

variables, \
id_variables = ’V1’ \
continuous_design = 2 \

cdv_initial_point 0.6 0.7 \
cdv_upper_bounds 5.8 2.9 \
cdv_lower_bounds 0.5 -2.9 \
cdv_descriptor ’x1’ ’x2’

interface, \
id_interface = ’I1’ \
application direct, \

analysis_driver= ’text_book’

responses, \
id_responses = ’R1’ \
num_objective_functions = 1 \
no_gradients \
no_hessians

responses, \
id_responses = ’R2’ \
num_objective_functions = 1 \
analytic_gradients \
analytic_hessians

Additionalexample inputfiles,aswell asthecorrespondingoutputandgraphics,areprovidedin theGetting
Startedchapterof theUsersManual[Eldredet al., 2001].

3.5 Tabular descriptions

In the following discussionsof keyword specifications, tabular formats(Tables4.1 through 8.6) areused
to presenta shortdescription of thespecification,thekeyword usedin thespecification,the typeof data
associatedwith thekeyword, thestatusof thespecification(required,optional, required group, or optional
group), andthedefault for anoptional specification.

It canbe difficult to capture in a simple tabular format the complex relationshipsthat canoccurwhen
specificationsarenestedwithin multiple groupings.For example, in aninterfacekeyword, theparame-
ters file specificationis anoptional specificationwithin thesystem andfork required group spec-
ifications, which are separatedfrom eachotherand from other required groupspecifications(xml and
direct) by logical OR’s. The selectionbetweenthesystem, fork, xml, or direct required groups
is containedwithin another required group specification(application), which is separatedfrom the
approximation requiredgroupspecificationby a logicalOR.Ratherthanunnecessarilyproliferatethe
number of tablesin attempting to captureall of theseinter-relationships,a balance is sought,sincesome
inter-relationshipsaremoreeasilydiscussedin theassociatedtext. Thegeneral structureof thefollowing
sectionsis to presenttheoutermostspecificationgroupsfirst (e.g., application in Table7.2), followed
by lower levels of specifications (e.g., system, fork, xml, or direct in Tables 7.3 through 7.6) in
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succession.
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Chapter 4

StrategyCommands

4.1 StrategyDescription

The strategy sectionin a DAKOTA input file specifiesthe top level technique which will govern the
managementof iteratorsand modelsin the solution of the problem of interest. Seven strategies cur-
rentlyexist: multi level,surrogate based opt,opt under uncertainty,branch and -
bound, multi start, pareto set, and single method. Thesealgorithms are implemented
within theDakotaStrategy classhierarchy in theMultile velOptStrategy, SurrBasedOptStrategy, Non-
DOptStrategy, BranchBndStrategy, ConcurrentStrategy, and SingleMethodStrategy classes. For
eachof the strategies,a brief algorithm description is given below. Additional informationon the algo-
rithm logic is availablein theUsersManual.

In a multi-level hybrid optimizationstrategy (multi level), a list of methods is specifiedwhich will
beusedsynergistically in seekinganoptimaldesign.Thegoal hereis to exploit thestrengths of different
optimization algorithms through different stagesof the optimization process.Global/local hybrids (e.g.,
geneticalgorithms combinedwith nonlinearprogramming) area commonexample in whichthedesirefor
a global optimum is balancedwith theneedfor efficientnavigation to a localoptimum.

In surrogate-basedoptimization (surrogate based opt), an approximatemodel is built usingdata
from a ”truth” model (e.g., usinga setof points from a designof computer experiments).This approxi-
mationcouldbe a global datafit, a multipoint approximation, a local seriesexpansion,or a hierarchical
approximation. An optimizeriterateson this approximatemodelandcomputesanapproximateoptimum.
This point is evaluatedwith the truth model andthe measured improvement in the simulationmodel is
usedto eitheracceptor rejectthenew point andthenmodify theboundaries(i.e., shrink/expand/translate
the trust region) of the approximation. The cycle thenrepeatswith the construction of a new approxi-
mationandadditional approximateoptimizationcyclesareperformeduntil convergence.Thegoalswith
surrogate-basedoptimization areto reducethetotal numberof truth model simulationsand,in theglobal
approximationcase,to smoothnoisydatawith aneasilynavigatedanalyticfit.

In optimization under uncertainty (opt under uncertainty), a nondeterministic iteratoris usedto
evaluatetheeffectof uncertainvariables,modeledusingprobabilisticdistributions,onresponsesof interest.
Statisticson theseresponsesarethenincludedin theobjectiveandconstraint functionsof theoptimization
problem (for example, to minimize probability of failure). The nondeterministiciteratormay be nested
directly within theoptimizationfunction evaluations,which canbe prohibitively expensive, or thedirect
nestingcanbe broken througha variety of surrogate-basedoptimizationunder uncertainty formulations.
Thesub-modelrecursion featuresof NestedModel, SurrLay eredModel, andHierLay eredModel enable
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theseformulations.

In thebranchandbound strategy (branch and bound), mixed integernonlinearprograms(nonlinear
applicationswith amixtureof continuousanddiscretevariables)canbesolvedthroughthecombinationof
thePICOparallel branchingalgorithm with thenonlinearprogramming algorithms availablein DAKOTA.
SincePICO supports parallel branchand bound techniques, multiple bounding operationscan be per-
formed concurrently for different branches,which provides for concurrency in nonlinear optimizations
for DAKOTA. This is an additional level of parallelism,beyond thosefor concurrentevaluations within
an iterator, concurrentanalyseswithin an evaluation, andmultiprocessoranalyses. Branchandbound is
applicable whenthediscretevariablescanassumecontinuousvaluesduring thesolutionprocess(i.e., the
integrality conditionsarerelaxable). It proceedsby performingaseriesof continuous-valuedoptimizations
for differentvariable boundswhich,in theend,drive thediscretevariablesto integervalues.

In themulti-startiterationstrategy (multi start), a seriesof iteratorrunsareperformedfor different
valuesof someparametersin the model. A common useis for multi-start optimization (i.e., different
optimization runsfrom differentstartingpointsfor thedesignvariables),but theconcept andthecodeare
moregeneral. An important featureis that theseiteratorrunsareperformedconcurrently, similar to the
branch andbound strategy discussedabove.

In the paretosetoptimization strategy (pareto set), a seriesof optimization runs areperformedfor
differentweightingsappliedto multipleobjectivefunctions.Thissetof optimalsolutionsdefinesa”Pareto
set”,whichis usefulfor investigatingdesigntrade-offsbetweencompetingobjectives. An important feature
is that theseiterator runs are performed concurrently, similar to the branch and bound and multi-start
strategiesdiscussedabove. Thecodeis similarenough to themulti start techniquethatbothstrategies
areimplementedin thesameConcurrentStrategyclass.

Lastly, thesingle method strategy is a ”f all through” strategy in that it doesnot provide controlover
multiple iteratorsandmodels.Rather, it providesthemeansfor simpleexecution of a singleiteratoron a
singlemodel.

Eachof the strategy specificationsidentifiesoneor moremethodpointers(e.g., method list, opt -
method pointer) to identify the iteratorsthat will be usedin the strategy. Thesemethodpoint-
ersarestringsthat correspond to theid method identifier stringsfrom the methodspecifications(see
MethodIndependent Controls). Thesestringidentifiers(e.g.,‘NLP1’) shouldnotbeconfusedwith method
selections(e.g., dot mmfd). Eachof themethodspecificationsidentifiedin thismanner hastheresponsi-
bility for identifying thevariables,interface,andresponsesspecifications(usingvariables pointer,
interface pointer, andresponses pointer from MethodIndependent Controls) thatareused
to build the modelusedby the iterator. If a methodspecificationdoesnot provide a particularpointer,
thenthatcomponentof themodelwill bebuilt usingthe last specificationparsed. In addition to method
pointers,a varietyof graphicsoptions(e.g.,tabular graphics data), iteratorconcurrency controls
(e.g.,iterator servers), andstrategy data(e.g., starting points) canbespecified.

Specificationof a strategy block in an input file is optional, with single method being the default
strategy. If no strategy is specifiedor if single method is specifiedwithout its optional method -
pointer specification, thenthe default behavior is to employ the last method, variables, interface,and
responsesspecifications parsed. This default behavior is most appropriate if only one specificationis
presentfor method, variables,interface, andresponses,sincethereis nosourcefor confusionin this case.

Example specificationsfor eachof thestrategiesfollow. A multi level exampleis:

strategy, \
multi_level uncoupled \

method_list = ‘GA1’, ‘CPS1’, ‘NLP1’

A surrogate based opt example specificationis:

strategy, \
graphics \
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surrogate_based_opt \
opt_method_pointer = ‘NLP1’ \
trust_region initial_size = 0.10

An opt under uncertainty example specificationis:

strategy, \
opt_under_uncertainty \

opt_method = ‘NLP1’

A branch and bound examplespecificationis:

strategy, \
iterator_servers = 4 \
branch_and_bound \

opt_method = ‘NLP1’

A multi start examplespecificationis:

strategy, \
multi_start \

method_pointer = ‘NLP1’ \
num_starts = 10

A pareto set examplespecificationis:

strategy, \
pareto_set \

opt_method_pointer = ‘NLP1’ \
num_optima = 10

And finally, asingle method example specificationis:

strategy, \
single_method \

method_pointer = ‘NLP1’

4.2 StrategySpecification

Thestrategy specificationhasthefollowing structure:

strategy, \
<strategy independent controls> \
<strategy selection> \

<strategy dependent controls>

where � strategy selection� is oneof thefollowing:

multi level, surrogate based opt, opt under uncertainty, branch and bound,
multi start, pareto set, or single method

The � strategy independentcontrols� arethosecontrols which arevalid for a varietyof strategies.Unlike
theMethodIndependentControls, which canbeabstractions with slightly differentimplementationsfrom
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onemethodto the next, the implementationsof eachof the strategy independentcontrols areconsistent
for all strategies that usethem. The � strategy dependent controls� are thosecontrols which areonly
meaningful for a specificstrategy. Referring to dakota.input.spec, the strategy independentcontrols are
thosecontrols definedexternally from andprior to thestrategy selectionblocks.They areall optional. The
strategyselectionblocksareall requiredgroup specificationsseparatedby logicalOR’s(multi level or
surrogate based opt oropt under uncertainty orbranch and bound ormulti start
orpareto set orsingle method). Thus,oneandonly onestrategy selectionmustbeprovided.The
strategy dependentcontrols arethosecontrols definedwithin thestrategy selectionblocks.Thefollowing
sectionsprovide additional detailon thestrategy independentcontrols followedby thestrategy selections
andtheir corresponding strategy dependentcontrols.

4.3 Strategy Independent Controls

The strategy independent controls include graphics, tabular graphics data, tabular -
graphics file, iterator servers, iterator self scheduling, and iterator -
static scheduling. Thegraphics flag activatesa 2D graphics window containing history plots
for thevariablesandresponsefunctionsin thestudy. Thiswindow is updatedin anevent loopwith approxi-
matelya2secondcycletime.Forapplicationsutilizing approximationsover2variables,a3Dgraphicswin-
dow containing a surfaceplot of theapproximationwill alsobeactivated. Thetabular graphics -
data flagactivatesfile tabulationof thesamevariablesandresponsefunctionhistorydatathatgetspassed
to graphics windows with useof the graphics flag. The tabular graphics file specification
optionally specifiesa nameto usefor this file (dakota tabular.dat is thedefault). Within thefile,
thevariables andresponsefunctionsappear ascolumnsandeachfunction evaluationprovidesa new table
row. This capabilityis mostusefulfor post-processingof DAKOTA resultswith 3rd partygraphics tools
suchasMATLAB or Tecplot. Thereis no dependencebetweenthegraphics flag andthetabular -
graphics data flag; they may be usedindependently or concurrently. The iterator servers,
iterator self scheduling, anditerator static scheduling specificationsprovideman-
ual overrides for the number of concurrent iterator partitions and the scheduling policy for concurrent
iteratorjobs. Thesesettingsarenormally determinedautomatically in the parallel configuration routines
(seeParallelLibrary ) but canbe overriddenwith userinputsif desired.Thegraphics, tabular -
graphics data, andtabular graphics file specificationsarevalid for all strategies.However,
theiterator servers,iterator self scheduling, anditerator static scheduling
overridesareonly useful inputsfor thosestrategiessupporting concurrency in iterators,i.e., branch -
and bound, multi start, andpareto set (opt under uncertainty will support this in the
future oncefull NestedModelparallelismsupport is in place).Table4.1summarizesthestrategy indepen-
dentcontrols.

Table 4.1Specificationdetail for strategy independentcontrols

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimitri van Heesch c
�

1997-2001



4.4Multile vel Hybrid Optimization Commands 31

Description Keyword AssociatedData Status Default
Graphics flag graphics none Optional nographics
Tabulationof
graphicsdata

tabular -
graphics -
data

none Optional group nodatatabulation

File namefor
tabulargraphics
data

tabular -
graphics -
file

string Optional dakota tabular.dat

Number of
iteratorservers

iterator -
servers

integer Optional nooverrideof
autoconfigure

Self-scheduling
of iteratorjobs

iterator -
self -
scheduling

none Optional nooverrideof
autoconfigure

Staticscheduling
of iteratorjobs

iterator -
static -
scheduling

none Optional nooverrideof
autoconfigure

4.4 Multile vel Hybrid Optimization Commands

Themulti-level hybrid optimizationstrategy hasuncoupled, uncoupled adaptive, andcoupled
approaches(seetheUsersManual for moreinformationonthealgorithmsemployed).In thetwouncoupled
approaches,a list of methodstringssuppliedwith themethod list specificationspecifiesthe identity
andsequenceof iteratorsto beused.Any number of iteratorsmaybespecified.Theuncoupledadaptive
approachmaybespecifiedby turning on theadaptive flag. If this flag in specified,thenprogress -
threshold mustalsobespecifiedsinceit is a required partof theoptional group specification.In the
nonadaptivecase,method switchingis managedthroughtheseparateconvergencecontrols of eachmethod.
In the adaptive case,however, method switchingoccurs whenthe internalprogressmetric (normalized
between0.0and1.0) falls below theuserspecifiedprogress threshold. Table4.2 summarizesthe
uncoupledmulti-level strategy inputs.

Table 4.2Specificationdetail for uncoupledmulti-level strategies

Description Keyword AssociatedData Status Default
Multi-level
hybrid strategy

multi level none Requiredgroup
(1 of 7 selections)

N/A

Uncoupled
hybrid

uncoupled none Requiredgroup
(1 of 2 selections)

N/A

Adaptive flag uncoupled none Optional group nonadaptive
hybrid

Adaptive
progress
threshold

progress -
threshold

real Required N/A

List of methods method list list of strings Required N/A

In the coupled approach, global and local methodstrings supplied with the global method -
pointer andlocal method pointer specifications identify thetwo methods to beused.Thelo-
cal search probability settingis anoptional specificationfor supplying theprobability (between
0.0and1.0)of employing localsearchto improveestimateswithin theglobal search.Table4.3summarizes
thecoupledmulti-level strategy inputs.

Table 4.3Specificationdetail for coupledmulti-level strategies
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Description Keyword AssociatedData Status Default
Multi-level
hybrid strategy

multi level none Requiredgroup
(1 of 7 selections)

N/A

Coupledhybrid coupled none Requiredgroup
(1 of 2 selections)

N/A

Pointerto the
global method
specification

global -
method -
pointer

string Required N/A

Pointerto the
localmethod
specification

local -
method -
pointer

string Required N/A

Probability of
executing local
searches

local -
search -
probability

real Optional 0.1

4.5 Surrogate-basedOptimization Commands

The surrogate based opt strategy must specify an optimization methodusing opt method -
pointer. Themethod specificationidentifiedby opt method pointer is responsiblefor selectinga
layered modelfor useasthesurrogate(seeMethodIndependent Controls). In addition, thetrust -
region optional group specificationcanbeusedto specifytheinitial sizeof thetrustregion(usingini-
tial size), thecontractionfactorfor thetrustregion(usingcontraction factor) usedwhenthe
approximation is performing poorly, andtheexpansion factorfor the trust region (usingexpansion -
factor) usedwhenthetheapproximationis performingwell. Table4.4summarizesthesurrogatebased
optimization strategy inputs.

Table 4.4Specificationdetail for surrogate basedoptimization strategies

Description Keyword AssociatedData Status Default
Surrogate-based
optimization
strategy

surrogate -
based opt

none Requiredgroup
(1 of 7 selections)

N/A

Optimization
method pointer

opt method -
pointer

string Required N/A

Maximum
numberof SBO
iterations

max -
iterations

integer Optional 100

Trustregion
group
specification

trust region none Optional group N/A

Trustregion
initial size

initial size real Optional 0.05

Trustregion
contractionfactor

contrac-
tion factor

real Optional 0.25

Trustregion
expansionfactor

expansion -
factor

real Optional 2.0

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimitri van Heesch c
�

1997-2001
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4.6 Optimization Under Uncertainty Commands

Theopt under uncertainty strategy mustspecifyan optimization iteratorusingopt method -
pointer. In the caseof a direct nestingof an uncertainty quantificationiteratorwithin the top level
model, the methodspecificationidentifiedby opt method pointer would selecta nested model
(seeMethodIndependent Controls). In the caseof surrogate-basedoptimization under uncertainty, the
methodspecificationidentified by opt method pointer might selecteithera nested model or a
layeredmodel, sincetherecursivepropertiesof NestedModel, SurrLay eredModel, andHierLay ered-
Model couldbeutilized to configure any of thefollowing:

� ”layeredcontaining nested”(i.e.,optimizationof a datafit surrogatebuilt usingstatisticaldatafrom
nondeterministicanalyses)

� ”nestedcontaining layered” (i.e., optimization usingnondeterministicanalysisdataevaluatedfrom
adatafit or hierarchical surrogate)

� ”layeredcontaining nestedcontaining layered” (i.e.,combinationof thetwo above: optimization of
a datafit surrogatebuilt usingstatisticaldatafrom nondeterministic analyses,wherethe nondeter-
ministicanalysesareperformedonadatafit or hierarchical surrogate)

Sincemostof thesophisticationis encapsulatedwithin thenestedandlayeredmodelclasses,theoptimiza-
tion under uncertaintystrategy inputsareminimal. Table4.5summarizes theseinputs.

Table 4.5Specificationdetail for optimization under uncertainty strategies

Description Keyword AssociatedData Status Default
Optimization
under uncertainty
strategy

opt under -
uncertainty

none Requiredgroup
(1 of 7 selections)

N/A

Optimization
method pointer

opt method -
pointer

string Required N/A

4.7 Branch and Bound Commands

Thebranch and bound strategy mustspecifyanoptimizationmethodusingopt method pointer.
Thisoptimizationmethod is responsiblefor computingoptimalsolutionstononlinearprogramswhicharise
from differentbranchesof the mixed variable problem. Thesebranchescorrespond to different bounds
on thediscretevariableswheretheintegrality constraints on thesevariableshave beenrelaxed. Solutions
whicharecompletelyfeasiblewith respectto theintegrality constraintsprovideanupperboundonthefinal
solutionandcanbeusedto prunebrancheswhich arenot yet completely feasibleandwhich have higher
objective functions. Theoptional num samples at root andnum samples at node specifications
specify the number of additional function evaluations to perform at the root of the branching structure
andat eachnode of the branching structure,respectively. Thesesamplesareselectedrandomly within
the current variable bounds of the branch. This feature is a simpleway to globalizethe optimization of
thebranches,sincenonlinearproblemsmaybemultimodal. Table4.6 summarizesthebranch andbound
strategy inputs.

Table 4.6Specificationdetail for branch and bound strategies
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Description Keyword AssociatedData Status Default
Branchand
boundstrategy

branch and -
bound

none Requiredgroup
(1 of 7 selections)

N/A

Optimization
method pointer

opt method -
pointer

string Required N/A

Number of
samplesat the
branchingroot

num -
samples at -
root

integer Optional 0

Number of
samplesat each
branchingnode

num -
samples at -
node

integer Optional 0

4.8 Multistart Iteration Commands

Themulti start strategy mustspecifyaniteratorusingmethod pointer. This iteratoris responsi-
ble for completinga seriesof iterativeanalysesfrom a userspecifiedsetof different startingpoints.These
startingpointsarespecifiedusingeithernum starts, in whichcasestartingvaluesareselectedrandomly
within thebounds,or starting points, in which thestartingvaluesareprovidedin a list. Themost
common example of a multi-startstrategy is multi-startoptimization, in which a seriesof optimizations
areperformedfrom different startingvaluesfor thedesignvariables.Thiscanbeaneffectiveapproachfor
problemswith multipleminima. Table4.7summarizesthemulti-startstrategy inputs.

Table 4.7Specificationdetail for multi-start strategies

Description Keyword AssociatedData Status Default
Multi-start
iterationstrategy

multi start none Requiredgroup
(1 of 7 selections)

N/A

Methodpointer method -
pointer

string Required N/A

Number of
startingpoints

num starts integer Required(1 of 2
selections)

N/A

List of starting
points

starting -
points

list of reals Required(1 of 2
selections)

N/A

4.9 ParetoSetOptimization Commands

Thepareto set strategy mustspecifyan optimization methodusingopt method pointer. This
optimizer is responsible for computing a setof optimal solutionsfor a userspecifiedsetof multiobjec-
tive weightings. Theseweightings arespecifiedusingeithernum optima, in which caseweightingsare
selectedrandomly within [0,1] bounds,or multi objective weight sets, in which theweighting
setsareprovidedin a list. Thesetof optimal solutions is calleda ”paretoset,” whichcanprovide valuable
designtrade-off information whentherearecompeting objectives. Table4.8 summarizes the paretoset
strategy inputs.

Table 4.8Specificationdetail for paretosetstrategies
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Description Keyword AssociatedData Status Default
Paretoset
optimization
strategy

pareto set none Requiredgroup
(1 of 7 selections)

N/A

Optimization
method pointer

opt method -
pointer

string Required N/A

Number of
optimato
compute

num optima integer Required(1 of 2
selections)

N/A

Setsof
multiobjective
weights

multi -
objective -
weight sets

list of reals Required(1 of 2
selections)

N/A

4.10 SingleMethod Commands

The singlemethod strategy is the default if no strategy specificationis included in a userinput file. It
mayalsobespecifiedusingthesingle method keyword within a strategy specification.An optional
method pointer specificationmaybeusedto point to a particular methodspecification.If method -
pointer is not used,then the last methodspecificationparsedwill be usedas the iterator. Table4.9
summarizesthesinglemethod strategy inputs.

Table 4.9Specificationdetail for singlemethodstrategies

Description Keyword AssociatedData Status Default
Singlemethod
strategy

single -
method

string Requiredgroup
(1 of 7 selections)

N/A

Methodpointer method -
pointer

string Optional useof last
methodparsed
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Chapter 5

Method Commands

5.1 Method Description

The method sectionin a DAKOTA input file specifiesthe nameandcontrols of an iterator. The terms
”method” and”iterator” canbeusedinterchangeably, although methodusuallyrefersto an input specifi-
cationwhereasiteratorusuallyrefersto anobjectwithin theDakotaIterat or hierarchy. A methodspecifi-
cation,then,is usedto selectaniteratorfrom theiteratorhierarchy (seeDakotaIterator ), which includes
optimization,uncertaintyquantification,leastsquares,designof experiments,andparameterstudyiterators
(seeUsersManualfor moreinformationon theseiteratorbranches).This iteratormaybeusedaloneor in
combinationwith otheriteratorsasdictatedby thestrategy specification(referto Strategy Commands for
strategy command syntaxandto theUsersManualfor strategy algorithmdescriptions).

Severalexamples follow. Thefirst example showsa minimal specificationfor anoptimizationmethod.

method, \
dot_sqp

Thisexample usesall of themethod defaults.

A more sophisticatedexample wouldbe

method, \
id_method = ’NLP1’ \
model_type single \

variables_pointer = ’V1’ \
interface_pointer = ’I1’ \
responses_pointer = ’R1’ \

dot_sqp \
max_iterations = 50 \
convergence_tolerance = 1e-4 \
output verbose \
optimization_type minimize

This example demonstratesthe use of identifiers and pointers (see MethodIndependent Controls) as
well assomemethod independentandmethod dependentcontrols for the sequentialquadratic program-
ming (SQP)algorithm from the DOT library. Themax iterations, convergence tolerance,
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andoutput settingsare method independent controls, in that they are definedfor a variety of meth-
ods(seeDOT method independentcontrols for DOT usageof thesecontrols). Theoptimization -
type control is a method dependent control, in that it is only meaningful for DOT methods (see
DOT methoddependentcontrols).

Thenext example showsa specificationfor a leastsquaresmethod.

method, \
optpp_g_newton \

max_iterations = 10 \
convergence_tolerance = 1.e-8 \
search_method trust_region \
gradient_tolerance = 1.e-6

Someof thesamemethodindependent controlsarepresentalongwith anew setof method dependentcon-
trols (search method andgradient tolerance) which areonly meaningful for OPT++methods
(seeOPT++method dependentcontrols).

The next example shows a specificationfor a nondeterministiciteratorwith several methoddependent
controls (referto Nondeterministicsamplingmethod).

method, \
nond_sampling \

samples = 100 seed = 1 \
sample_type lhs \
response_thresholds = 1000. 500.

Thelastexample showsaspecificationfor aparameterstudyiteratorwhere,again, eachof thecontrols are
methoddependent(refer to Vectorparameterstudy).

method, \
vector_parameter_study \

step_vector = 1. 1. 1. \
num_steps = 10

5.2 Method Specification

As alludedto already in theexamplesabove, themethod specificationhasthefollowing structure:

method, \
<method independent controls> \
<method selection> \

<method dependent controls>

where � method selection� is one of the following: dot frcg, dot mmfd, dot bfgs,
dot slp, dot sqp, npsol sqp, conmin frcg, conmin mfd, optpp cg, optpp q -
newton,optpp g newton,optpp newton, optpp fd newton, optpp baq newton,optpp -
ba newton, optpp bcq newton, optpp bcg newton, optpp bc newton, optpp bc -
ellipsoid, optpp nips, optpp q nips, optpp fd nips, optpp pds, apps, sgopt pga -
real, sgopt pga int, sgopt epsa, sgopt pattern search, sgopt solis wets, sgopt -
strat mc, nond polynomial chaos, nond sampling, nond analytic reliability,
dace, vector parameter study, list parameter study, centered parameter study,
or multidim parameter study.
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5.3Method IndependentControls 39

The � method independentcontrols� arethosecontrolswhicharevalid for a varietyof methods. In some
cases,thesecontrols areabstractionswhich mayhaveslightly different implementationsfrom onemethod
to thenext. The � methoddependentcontrols� arethosecontrols whichareonly meaningful for aspecific
methodor library. Referringto dakota.input.spec, themethodindependentcontrolsarethosecontrols de-
finedexternally from andprior to themethodselectionblocks. They areall optional. Themethod selection
blocks areall requiredgroupspecificationsseparatedby logicalOR’s. Themethod dependentcontrols are
thosecontrolsdefinedwithin themethod selectionblocks. Defaultsfor method independentandmethod
dependentcontrols aredefinedin DataMethod. The following sectionsprovide additional detail on the
methodindependent controls followedby themethod selectionsandtheircorresponding methoddependent
controls.

5.3 Method Independent Controls

Themethodindependentcontrols includeamethod identifierstring,amodel typespecificationwith point-
ersto variables,interface,andresponsesspecifications,aspeculativegradient selection,anoutput verbosity
control, maximumiterationandfunctionevaluation limits, constraintandconvergencetolerancespecifica-
tions,anda setof linear inequality andequalityconstraint specifications.While eachof thesecontrols is
not valid for every method, thecontrols arevalid for enough methods that it wasreasonableto pull them
outof themethoddependentblocks andconsolidatethespecifications.

Themethod identifierstringis supplied with id method andis usedto provide a uniqueidentifierstring
for usewith strategy specifications(referto Strategy Description). It is appropriateto omit amethodiden-
tifier stringif only onemethodis included in theinput file andsingle method is theselectedstrategy
(all otherstrategiesrequire oneor moremethod pointers), sincethesinglemethod to useis unambiguous
in this case.

Thetypeof model to beusedby themethodis supplied with model type andcanbesingle,nested,
or layered (refer to DakotaModel for the classhierarchy involved). In thesingle modelcase,the
optional variables pointer, interface pointer, andresponses pointer specifications
providestringsfor cross-referencingwith id variables,id interface, andid responses string
inputsfrom particular variables, interface, andresponseskeyword specifications.Thesepointersidentify
whichspecificationswill beusedin building thesinglemodel,whichis to beiteratedby themethodto map
thevariablesinto responsesthrough theinterface.In thelayeredmodel case,thespecificationis similar,
except that theinterface pointer specificationis required in orderto identify a global,multipoint,
local, or hierarchical approximation interface (seeApproximation Interface) to usein the layered model.
In thenested modelcase,asub method pointer mustbeprovidedin orderto specifythenestedit-
erator, andinterface pointer andinterface responses pointer provideanoptional group
specificationfor theoptional interfaceportion of nestedmodels(whereinterface pointer points to
the interfacespecificationandinterface responses pointer pointsto a responsesspecification
describing the datato be returned by this interface). This interface is usedto provide non-nesteddata,
which is thencombined with datafrom the nestediteratorusingtheprimary mapping matrix and
secondary mapping matrix inputs (referto NestedModel::responsemapping() for additional in-
formation). In all cases,if a pointer stringis specifiedandnocorresponding id is available,DAKOTA will
exit with anerrormessage.If no pointer string is specified,the last specificationparsedwill beused. It
is appropriateto omit this cross-referencingwhenever therelationships areunambiguousdueto thepres-
enceof only onespecification. Sincethe method specificationis responsiblefor cross-referencingwith
theinterface,variables,andresponsesspecifications, identificationof methodsat thestrategy layeris often
sufficient to completely specifyall of theobjectinterrelationships.

Table5.1providesthespecificationdetailfor themethodindependentcontrols involving identifiers,point-
ers,andmodel typecontrols.

Table 5.1Specificationdetail for the method independentcontrols: identifiers, pointers, and model
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type controls

Description Keyword AssociatedData Status Default
Methodset
identifier

id method String Optional strategy useof
lastmethod
parsed

Model type model type single �
nested �
layered

Optional group single

Variablesset
pointer

variables -
pointer

String Optional methoduseof
lastvariables
parsed

Responsesset
pointer

responses -
pointer

String Optional methoduseof
lastresponses
parsed

Responsesset
pointer

responses -
pointer

String Optional methoduseof
lastresponses
parsed

Interfaceset
pointer

interface -
pointer

String single:
Optional,
nested:
Optional group,
layered:
Required

single: method
useof last
interfaceparsed,
nested: no
optional
interface,
layered: N/A

Sub-method
pointer for nested
models

sub method -
pointer

String Required N/A

Responses
pointer for nested
model optional
interfaces

interface -
responses -
pointer

String Required N/A

Primarymapping
matrix for nested
models

primary -
mapping -
matrix

list of reals Optional nosub-iterator
contribution to
primaryfunctions

Secondary
mapping matrix
for nestedmodels

secondary -
mapping -
matrix

list of reals Optional nosub-iterator
contribution to
secondary
functions

Whenperforming gradient-basedoptimization in parallel,speculative gradients canbe selectedto
addresstheloadimbalance thatcanoccur betweengradient evaluationandline searchphases.In a typical
synchronous analysis,theline searchphaseconsistsprimarily of evaluating theobjective functionandany
constraints at a trial point,andthentestingthetrial point for a sufficientdecreasein theobjective function
valueand/or constraint violation. If a sufficient decreaseis not observed,thenoneor moreadditional trial
pointsmaybeattemptedin series.However, if thetrial point is acceptedthentheline searchphaseis com-
pleteandthegradientevaluation phasebegins. By speculatingthatthegradient informationassociatedwith
a given line searchtrial point will be usedlater, additional coarsegrainedparallelismcanbe introduced
during anasynchronous analysis.This is achieved by computing thegradient information,eitherby finite
differenceor analytically, in parallel,at thesametime astheline searchphasetrial-point function values.
Thisbalancesthetotalamount of computationto beperformedateachdesignpoint andallowsfor efficient
utilizationof multiple processors.While thetotalamount of work performedwill generally increase(since
somespeculativegradients will not beusedwhena trial point is rejectedin theline searchphase),therun
time will usuallydecrease(sincegradient evaluationsneeded at the startof eachnew optimizationcycle
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werealreadyperformed in parallelduring the line searchphase).Refer to [ Byrd et al., 1998] for addi-
tional details.Thespeculative specificationis implementedfor thegradient-basedoptimizers in theDOT,
NPSOL,andOPT++ libraries, andit canbe usedwith dakota numerical or analyticgradient selections
in the responsesspecification(refer to GradientSpecificationfor informationon thesespecifications).It
shouldnot beselectedwith vendor numerical gradientssincevendor internalfinite differencealgorithms
have not beenmodifiedfor this purpose.In full-Newton approaches,theHessianis alsocomputedspecu-
latively.

Outputverbositycontrol is specifiedwith output followedbyquiet,verbose ordebug. Thiscontrol
is mappedinto eachiteratoraswell ascomponentsof the model to manage the volumeof datathat is
returnedto theuserduring thecourseof theiteration.Outputverbosity is observed within DakotaIterator ,
DakotaInterface (scheduler verbosity), andAnalysisCode(file operationsverbosity) with the following
meanings:

� ”quiet”: quietiterators,quietinterface,quietfile operations� ”normal”: quietiterators,verboseinterface,quietfile operations� ”verbose”: verboseiterators,debug interface,verbosefile operations� ”debug”: debug iterators,debug interface,verbosefile operations

where”quiet”, ”verbose”,and”debug” mustbeuserspecifiedand”normal” is thedefault for nouserspec-
ification. With respectto iteratorverbosity, differentiterators implement this control in slightly different
ways,however themeaning is consistent.

Theconstraint tolerance specificationdeterminesthe maximum allowable valueof infeasibility
that any constraintin an optimizationproblem may possessandstill be considered to be satisfied. It is
specifiedasa positive real value. If a constraint function is greaterthanthis valuethenit is considered
to be violatedby the optimization algorithm. This specificationgives somecontrol over how tightly the
constraints will be satisfiedat convergence of the algorithm. However, if the value is set too small the
algorithm mayterminatewith oneor moreconstraintsbeingviolated.Thisspecificationis currentlymean-
ingful for the NPSOLandDOT constrainedoptimizers (refer to DOT method independent controls and
NPSOLmethod independent controls).

The convergence tolerance specificationprovides a real value for controlling the termination
of iteration. In most cases,it is a relative convergencetolerancefor the objective function; i.e., if
the change in the objective function betweensuccessive iterationsdivided by the previous objective
function is less than the amount specifiedby convergencetolerance,then this convergence criterion
is satisfiedon the current iteration. Since no progressmay be madeon one iteration followed by
significant progress on a subsequent iteration, some libraries require that the convergence tolerance
be satisfiedon two or more consecutive iterations prior to termination of iteration. This control is
used with optimization and least squares iterators and is not used within the uncertainty quantifi-
cation, design of experiments, or parameter study iterator branches. Refer to the DOT, NPSOL,
OPT++, and SGOPT specifications for the specific interpretation of convergence tolerance
for these libraries (see DOT methodindependentcontrols, NPSOLmethodindependentcontrols,
OPT++methodindependentcontrols, andSGOPTmethod independent controls).

The max iterations andmax function evaluations controls provide integer limits for the
maximum numberof iterationsandmaximum numberof function evaluations,respectively. Thedifference
betweenaniterationandafunctionevaluationis thatafunctionevaluation involvesasingleparameterto re-
sponsemapping throughaninterface, whereasaniterationinvolvesacompletecycleof computationwithin
theiterator. Thus,aniterationgenerallyinvolvesmultiple function evaluations(e.g.,aniterationcontains
descentdirectionand line searchcomputationsin gradient-basedoptimization, population andmultiple
offset evaluations in nongradient-basedoptimization, etc.). This control is not currentlyusedwithin the
uncertainty quantification, designof experiments,andparameterstudyiteratorbranches,andin the case
of optimization andleastsquares, doesnot currently capture function evaluationsthatoccuraspartof the
method source dakota finite differenceroutine(sincetheseadditional evaluations areintentionally
isolatedfrom theiterators).
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Table5.2providesthespecificationdetailfor themethodindependentcontrols involving tolerances,limits,
output verbosity, andspeculativegradients.

Table 5.2 Specificationdetail for the method independentcontrols: tolerances,limits, output ver-
bosity, and speculativegradients

Description Keyword AssociatedData Status Default
Speculative
gradientsand
Hessians

speculative none Optional nospeculation

Output verbosity output quiet �
verbose �
debug

Optional normal

Maximum
iterations

max -
iterations

integer Optional 100

Maximum
function
evaluations

max -
function -
evaluations

integer Optional 1000

Constraint
tolerance

constraint -
tolerance

real Optional Library default

Convergence
tolerance

conver-
gence -
tolerance

real Optional 1.e-4

Linearinequalityconstraints canbesupplied with thelinear inequality constraint matrix,
linear inequality lower bounds, and linear inequality upper bounds specifica-
tions, and linear equality constraints can be suppliedwith the linear equality constraint -
matrix andlinear equality targets specifications. In theinequality case,theconstraint matrix
providescoefficientsfor the variables, andthe lower andupper boundsprovide constraint limits for the
following two-sidedformulation: 
���������
��
As with nonlinear inequality constraints(seeObjectiveandconstraintfunctions(optimization dataset)),
thedefault linearinequalityconstraintboundsareselectedsothatone-sidedinequalitiesof theform�������� �
result when thereare no userbounds specifications(this provides backwards compatibility with previ-
ous DAKOTA versions). In a user bounds specification,any upper bound valuesgreaterthan +big-
BoundSize (1.e+30, asdefinedin DakotaOptimizer) are treatedas+infinity andany lower bound val-
ueslessthan-bigBoundSizearetreatedas-infinity. This feature is commonly usedto drop oneof the
bounds in order to specifya 1-sidedconstraint (just as the default lower boundsdrop out since-DBL -
MAX � -bigBoundSize).Thesameapproachis usedfor thenonlinearinequality boundsasdescribedin
Objectiveandconstraint functions(optimizationdataset). In theequalitycase,theconstraint matrixagain
providescoefficientsfor thevariables,andthetargetsprovide theequality constraint right hand sides:������
��
andthedefaults for theequalityconstraint targetsenforce a valueof 0.0 for eachconstraint��������� �

Currently, DOT, NPSOL,CONMIN, andOPT++ all support specializedhandling of linear constraints.
SGOPToptimizers will support linearconstraintsin futurereleases.Linearconstraints neednot becom-
putedby the user’s interfaceon every function evaluation; ratherthe coefficients, bounds,andtargetsof
the linear constraints canbe provided at startup, allowing the optimizers to track the linear constraints
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5.4DOT Methods 43

internally. It is important to recognize that linear constraintsarethoseconstraintsthat are linear in the
designvariables,e.g.: ��� � "!��$#&%('��*),+.-/�10	32546� �

�7#8+9�*):+;�10	<�-6� �
� # +9� ) %(� 0 �=2�� �

which is not to beconfusedwith something like

>@?BADC % >5EGFIH � J�K� �
which is linear in a responsequantity, but the response quantity is a nonlinear implicit function of the
designvariables.For thethreelinearconstraintsabove,thespecificationwouldappearas:

linear_inequality_constraint_matrix = 3.0 -4.0 2.0 \
1.0 1.0 1.0 \

linear_inequality_lower_bounds = 0.0 2.0 \
linear_inequality_upper_bounds = 15.0 1.e+50 \
linear_equality_constraint_matrix = 1.0 1.0 -1.0 \
linear_equality_targets = 1.0 \

wherethe1.e+50 is a dummy upper bound valuewhich defines a 1-sidedinequality sinceit is greater
thanbigBoundSize.Theconstraint matrixspecifications list thecoefficientsof thefirst constraint followed
by thecoefficients of thesecondconstraint, andsoon. They aredividedinto individual constraints based
on thenumberof designvariables,andcanbebrokenontomultiple linesfor readability asshown above.

Table5.3providesthespecificationdetailfor themethodindependentcontrols involving linearconstraints.

Table 5.3 Specificationdetail for the method independentcontrols: linear inequality and equality
constraints

Description Keyword AssociatedData Status Default
Linearinequality
coefficient matrix

linear -
inequality -
constraint -
matrix

list of reals Optional no linear
inequality
constraints

Linearinequality
lowerbounds

linear -
inequality -
lower bounds

list of reals Optional Vectorvalues=
-DBL MAX

Linearinequality
upper bounds

linear -
inequality -
upper bounds

list of reals Optional Vectorvalues=
0.0

Linearequality
coefficient matrix

linear -
equality -
constraint -
matrix

list of reals Optional no linearequality
constraints

Linearequality
targets

linear -
equality -
targets

list of reals Optional Vectorvalues=
0.0

5.4 DOT Methods

The DOT library [VanderplaatsResearchandDevelopment,1995] containsnonlinear programming opti-
mizers,specificallytheBroyden-Fletcher-Goldfarb-Shanno(DAKOTA’sdot bfgsmethod)andFletcher-
Reeves conjugate gradient (DAKOTA’s dot frcg method) methods for unconstrainedoptimization,
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andthe modifiedmethodof feasibledirections(DAKOTA’s dot mmfd method), sequential linear pro-
gramming (DAKOTA’sdot slp method), andsequentialquadraticprogramming(DAKOTA’sdot sqp
method) methods for constrainedoptimization. DAKOTA providesaccessto theDOT library throughthe
DOTOptimizer class.

5.4.1 DOT method independent controls

Themethodindependentcontrols for max iterations andmax function evaluations limit the
number of major iterationsandthenumber of function evaluations thatcanbe performedduring a DOT
optimization. Theconvergence tolerance control definesthe threshold value on relative change
in theobjective function that indicatesconvergence. This convergencecriterion mustbesatisfiedfor two
consecutive iterationsbefore DOT will terminate. Theconstraint tolerance specificationdefines
how tightly constraint functionsareto besatisfiedat convergence.Thedefault value for DOT constrained
optimizers is 0.003. Extremely small values for constraint tolerance may not be attainable.The output
verbosityspecificationcontrolstheamount of informationgeneratedby DOT: thequiet settingresultsin
headerinformation,final results,andobjectivefunction, constraint, andparameterinformationoneachiter-
ation;whereastheverbose ordebug settingaddsadditional informationongradients,searchdirection,
one-dimensional searchresults,andparameter scalingfactors.DOT contains noparallelalgorithmswhich
candirectly take advantageof asynchronous evaluations. However, if numerical gradients with
method source dakota is specified,thenthefinite differencefunction evaluationscanbeperformed
concurrently (usingany of theparallelmodesdescribedin theUsersManual). In addition, if specula-
tive is specified,thengradients(dakota numerical or analytic gradients) will becomputedon
eachline searchevaluation in order to balancetheloadandlowerthetotal runtimein paralleloptimization
studies.Lastly, specializedhandling of linearconstraintsis supportedwith DOT; linearconstraint coeffi-
cients,bounds, andtargetscanbeprovidedto DOT at start-upandtrackedinternally. Specificationdetail
for thesemethod independent controls is providedin Tables5.1 through5.3.

5.4.2 DOT method dependent controls

DOT’s only methoddependentcontrol is optimization type which may be eitherminimize or
maximize. DOT hastheonly methodswithin DAKOTA which provide this control; to convert a maxi-
mizationprobleminto theminimization formulationassumedby othermethods,simplychangethesignon
theobjectivefunction(i.e.,multiply by -1). Table5.4providesthespecificationdetailfor theDOT methods
andtheirmethod dependentcontrols.

Table 5.4Specificationdetail for the DOT methods

Description Keyword AssociatedData Status Default
Optimization
type

optimiza-
tion type

minimize �
maximize

Optional group minimize

5.5 NPSOL Method

The NPSOL library [Gill etal., 1986] containsa sequential quadratic programming (SQP)implementa-
tion (thenpsol sqp method). SQPis a nonlinearprogrammingoptimizerfor constrainedminimization.
DAKOTA providesaccessto theNPSOLlibrary through theNPSOLOptimizer class.

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimitri van Heesch c
�

1997-2001
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5.5.1 NPSOL method independent controls

Themethodindependentcontrols for max iterations andmax function evaluations limit the
number of major SQPiterations and the number of function evaluations that can be performedduring
anNPSOLoptimization. Theconvergence tolerance control definesNPSOL’s internaloptimality
tolerancewhichis usedin evaluating if aniteratesatisfiesthefirst-orderKuhn-Tuckerconditionsfor amin-
imum. Themagnitudeof convergence tolerance approximatelyspecifiesthenumber of significant
digits of accuracy desiredin the final objective function (e.g.,convergence tolerance = 1.e-6
will resultin approximatelysix digits of accuracy in thefinal objective function). Theconstraint -
tolerance control defineshow tightly theconstraintfunctionsaresatisfiedat convergence.Thedefault
valueis dependentuponthemachineprecisionof theplatform in use,but is typically ontheorder of 1.e-
8 for double precisioncomputations.Extremely smallvaluesfor constraint tolerance maynotbe
attainable.Theoutput verbosity settingcontrols theamount of informationgeneratedateachmajorSQP
iteration:thequiet settingresultsin only oneline of diagnosticoutputfor eachmajoriterationandprints
the final optimization solution, whereastheverbose or debug settingaddsadditional information on
theobjective function, constraints,andvariablesat eachmajoriteration.

NPSOLis not a parallelalgorithm andcannot directly take advantageof asynchronousevaluations. How-
ever, if numerical gradients with method source dakota is specified,thenthefinite difference
function evaluationscanbeperformedconcurrently(usingany of theparallelmodesdescribedin theUsers
Manual). An importantrelatedobservationis thefactthatNPSOLusestwo differentline searchesdepend-
ing on how gradientsarecomputed. For eitheranalytic gradients or numerical gradients
with method source dakota, NPSOLis placedin user-suppliedgradient mode(NPSOL’s ”Deriva-
tive Level” is set to 3) and it usesa gradient-basedline search(presumably sinceit assumesthat the
user-supplied gradientsare inexpensive). On the other hand,if numerical gradients areselected
with method source vendor, thenNPSOLis computing finite differencesinternally andit will usea
value-basedline search(presumablysinceit assumesthatfinite differencingoneachline searchevaluation
is too expensive). The ramifications of this are: (1) performancewill vary betweenmethod source
dakota andmethod source vendor for numerical gradients, and(2) gradient speculationis
unnecessarywhenperforming optimization in parallelsincethe gradient-basedline searchin user- sup-
plied gradient modeis alreadyloadbalanced for multiple processorexecution. Therefore,a specula-
tive specificationwill be ignored by NPSOL,andoptimizationwith numerical gradients shouldselect
method source dakota for loadbalanced paralleloperation andmethod source vendor for effi-
cientserialoperation.

Lastly, NPSOLsupports specializedhandling of linear inequalityandequalityconstraints. By specifying
thecoefficients andboundsof thelinearinequality constraints andthecoefficients andtargetsof thelinear
equalityconstraints, this informationcanbe provided to NPSOLat initialization andtracked internally,
removing theneedfor theuserto provide thevaluesof thelinearconstraints onevery function evaluation.
Referto MethodIndependent Controlsfor additional informationandto Tables5.1through5.3for method
independentcontrol specificationdetail.

5.5.2 NPSOL method dependent controls

NPSOL’s method dependent controls are verify level, function precision, and line-
search tolerance. Theverify level controlinstructsNPSOLto perform finite differenceverifi-
cationsonuser-supplied gradient components. Thefunction precision control providesNPSOLan
estimateof theaccuracy to whichtheproblemfunctions canbecomputed.This is usedto preventNPSOL
from trying to distinguishbetweenfunction valuesthatdiffer by lessthantheinherent error in thecalcula-
tion. And thelinesearch tolerance settingcontrols theaccuracy of theline search.Thesmallerthe
value(between0 and1), themoreaccuratelyNPSOLwill attemptto compute a preciseminimumalong
thesearchdirection. Table5.5providesthespecificationdetailfor theNPSOLSQPmethodandits method
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dependentcontrols.

Table 5.5Specificationdetail for the NPSOL SQPmethod

Description Keyword AssociatedData Status Default
Gradient
verification level

verify level integer Optional -1 (nogradient
verification)

Function
precision

function -
precision

real Optional 1.e-10

Line search
tolerance

linesearch -
tolerance

real Optional 0.9 (inaccurate
line search)

5.6 CONMIN Methods

TheCONMIN library [Vanderplaats,1973] is a publicdomainlibrary of nonlinearprogramming optimiz-
ers,specificallytheFletcher-Reeves conjugategradient (DAKOTA’sconmin frcg method) methodfor
unconstrainedoptimization, andthemethod of feasibledirections (DAKOTA’sconmin mfd method) for
constrainedoptimization. As CONMIN wasa predecessorto theDOT commercial library, thealgorithm
controls arevery similar. DAKOTA providesaccessto theCONMIN library throughtheCONMINOpti-
mizer class.

5.6.1 CONMIN method independent controls

Theinterpretationsof themethodindependentcontrols for CONMIN areessentiallyidenticalto thosefor
DOT. Therefore,thediscussionin DOT method independent controls is relevantfor CONMIN.

5.6.2 CONMIN method dependent controls

CONMIN doesnotcurrently support any method dependentcontrols.

5.7 OPT++ Methods

The OPT++ library [Meza,1994] containsprimarily nonlinear programming optimizers for uncon-
strained,bound-constrained,andnonlinearlyconstrained minimization: Polak-Ribiereconjugategradient
(DAKOTA’s optpp cg method), quasi-Newton, barrier function quasi-Newton, andbound constrained
quasi-Newton (DAKOTA’soptpp q newton, optpp baq newton, andoptpp bcq newton meth-
ods),Gauss-Newton andbound constrainedGauss-Newton (DAKOTA’soptpp g newton andoptpp -
bcg newton methods - seeLeastSquaresMethods), full Newton, barrier function full Newton, and
bound constrained full Newton (DAKOTA’s optpp newton, optpp ba newton, andoptpp bc -
newton methods), finite differenceNewton (DAKOTA’s optpp fd newton method), bound con-
strainedellipsoid (DAKOTA’s optpp bc ellipsoid method), and full Newton, quasi-Newton, and
finite differenceNewton nonlinear interior point (DAKOTA’s optpp nips, optpp q nips, and
optpp fd nips methods). The nonlinear interior point algorithms support general boundconstraints,
linearconstraints, andgeneral nonlinearconstraints. The library alsocontains a direct searchalgorithm,
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PDS(parallel directsearch,DAKOTA’s optpp pds method). DAKOTA providesaccessto theOPT++
library throughtheSNLLOptimizer class,where”SNLL” denotesSandiaNationalLaboratories- Liver-
more.

5.7.1 OPT++ method independent controls

Themethodindependentcontrols for max iterations andmax function evaluations limit the
numberof majoriterationsandthenumber of function evaluations thatcanbeperformedduringanOPT++
optimization. Theconvergence tolerance control definesthe threshold value on relative change
in the objective function that indicatesconvergence. The output verbosity specificationcontrols the
amount of informationgeneratedby OPT++: theverbose anddebug settingsturn on OPT++’s inter-
nal debug mode. OPT++’s gradient-basedmethods arenot parallelalgorithms andcannot directly take
advantageof concurrent function evaluations. However, if numerical gradients with method -
source dakota is specified,a parallelDAKOTA configurationcanutilize concurrent evaluationsfor
thefinite differencegradient computations.OPT++’s nongradient-basedPDSmethodcandirectly exploit
asynchronous evaluations;however, thiscapabilityhasnotbeenimplemented within DAKOTA V1.1.

Thespeculative specificationenablesspeculativecomputationof gradientand/orHessianinformation,
whereapplicable,for parallel load balancing purposes. The specificationis applicable to the computa-
tion of gradient informationin caseswheretrust region or value based line search methods
canbe applied(seeOPT++method dependentcontrols for information on theseoptions). The spec-
ulative specificationmustbe usedin conjunction with dakota numerical or analytic gradi-
ents. The specificationis ignoredanda warningmessageis printed for gradient computationswhena
gradient based line search is used,or whentheoptpp ba newton, optpp baq newton or
optpp bc ellipsoid methodsareused.Thespeculative specificationcanalsobeappliedto the full
Newtonmethods,whichrequirecomputationof analyticHessians,or for theoptpp fd newtonmethod.
However, thespecificationis ignoredfor theoptpp g newton andoptpp bcg newton Hessiancom-
putation, whichapproximatestheHessianfrom functionandgradient values.

Lastly, specializedhandlingof linear constraints is supported by the nonlinear interior point methods
(optpp nips, optpp q nips, andoptpp fd nips); all other OPT++methods mustbe eitherun-
constrained or, at most,bound-constrained.Specificationdetail for the method independentcontrols is
providedin Tables5.1 through 5.3.

5.7.2 OPT++ method dependent controls

OPT++’s method dependent controls are max step, gradient tolerance, search method,
initial radius, merit function, central path, steplength to boundary, center-
ing parameter, andsearch scheme size. Themax step control specifiesthe maximum step
that canbe taken whencomputing a change in the current designpoint (e.g., limiting the Newton step
computedfrom currentgradient andHessianinformation). It is equivalent to a move limit or a maximum
trust region size. Thegradient tolerance control definesthe threshold valueon the L2 norm of
theobjective function gradient that indicatesconvergenceto anunconstrainedminimum (no active bound
constraints). Thegradient tolerance control is definedfor all gradient-basedoptimizers.

The search method control is defined for all Newton-based optimizers and is used to select
betweentrust region, gradient based line search, and value based line search
methods. The gradient based line search option usesthe line searchmethodproposedby
[MoreandThuente,1994]. The gradient based line search option satisfiessufficient decrease
andcurvature conditions; whereas,value base line search only satisfiesthe sufficient decrease
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condition. At eachline searchiteration, thegradient based line search method computes the
function andgradient at thetrial point. Consequently, given expensive function evaluationsthevalue -
based line search method is preferredto thegradient based line search method.

The optpp q newton, optpp newton, andoptpp fd newton methods additionally support the
tr pds selectionfor performing a robust trust region searchusingpatternsearchtechniques. Useof a
line searchis thedefault for barrier, bound-constrained, andnonlinearinterior pointmethods,anduseof a
trust region searchmethod is thedefault for all others.Theellipsoidandbarriermethods usebuilt-in
directional searches,andthus,thesearch method control is notpartof their specifications.

Table5.6 coverstheOPT++conjugategradient methodspecification.Table5.7, Table5.8, andTable5.9
provide thedetailsfor theunconstrained,bound-constrained,andbarrier function Newton-basedmethods,
respectively.

Table 5.6Specificationdetail for the OPT++ conjugategradient method

Description Keyword AssociatedData Status Default
OPT++conjugate
gradient method

optpp cg none Required N/A

Maximum step
size

max step real Optional 1000.

Gradient
tolerance

gradient -
tolerance

real Optional 1.e-4

Table 5.7Specificationdetail for unconstrainedNewton-basedOPT++ methods

Description Keyword AssociatedData Status Default
OPT++
Newton-based
methods

optpp q -
newton �
optpp newton� optpp fd -
newton

none Requiredgroup N/A

Searchmethod value -
based line -
search �
gradient -
based line -
search �
trust region� tr pds

none Optional group trust region

Maximum step
size

max step real Optional 1000.

Gradient
tolerance

gradient -
tolerance

real Optional 1.e-4

Table 5.8Specificationdetail for bound-constrainedNewton-basedOPT++ methods
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Description Keyword AssociatedData Status Default
OPT++bound-
constrained
Newton-based
methods

optpp bcq -
newton �
optpp bc -
newton

none Requiredgroup N/A

Searchmethod value -
based line -
search �
gradient -
based line -
search �
trust region

none Optional group value -
based line -
search

Maximum step
size

max step real Optional 1000.

Gradient
tolerance

gradient -
tolerance

real Optional 1.e-4

Table 5.9Specificationdetail for barrier NewtonOPT++ methods

Description Keyword AssociatedData Status Default
OPT++barrier
Newton-based
methods

optpp baq -
newton �
optpp ba -
newton

none Requiredgroup N/A

Gradient
tolerance

gradient -
tolerance

real Optional 1.e-4

The initial radius control is definedfor the ellipsoid methodto specify the initial radius of the
ellipsoid,andsearch scheme size is definedfor thePDSmethod to specifythenumberof pointsto
be usedin the direct searchtemplate. Table5.10 providesthe detail for the bound constrained ellipsoid
methodandTable5.11 providesthedetailfor theparalleldirectsearchmethod.

Table 5.10Specificationdetail for the OPT++ bound constrainedellipsoid method

Description Keyword AssociatedData Status Default
OPT++bound
constrained
ellipsoidmethod

optpp bc -
ellipsoid

none Requiredgroup N/A

Initial radius initial -
radius

real Optional 1000.

Gradient
tolerance

gradient -
tolerance

real Optional 1.e-4

Table 5.11Specificationdetail for the OPT++ PDSmethod

Description Keyword AssociatedData Status Default
OPT++parallel
directsearch
method

optpp pds none Requiredgroup N/A

Searchscheme
size

search -
scheme size

integer Optional 32

The merit function, central path, steplength to boundary, and centering -
parameter specificationsaredefinedfor the OPT++nonlinear interior point methods (optpp nips,
optpp q nips, andoptpp fd nips). A merit function is afunctionin constrainedoptimization
thatattemptsto providejoint progresstowardreducing theobjectivefunction andsatisfyingtheconstraints.
Valid string inputs are”el bakry”, ”argaeztapia”, or ”van shanno”, whereuserinput is not casesensitive
in this case.Detailsfor theseselectionsareasfollows:
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� The”el bakry” merit functionis theL2-normof thefirst order optimalityconditionsfor thenonlinear
programming problem. The cost per linesearchiteration is n+1 function evaluations. For more
information,see[El-Bakryet al., 1996].

� The”argaeztapia” merit functioncanbeclassifiedasa modified augmentedLagrangianfunction.
TheaugmentedLagrangianis modified by adding to its penaltyterma potential reductionfunction
to handletheperturbedcomplementaritycondition. Thecostperlinesearchiterationis onefunction
evaluation. For moreinformation,see[ TapiaandArgaez].

� The”van shanno” merit function canbeclassifiedasa penaltyfunction for the logarithmic barrier
formulationof thenonlinearprogrammingproblem.Thecostperlinesearchiterationis onefunction
evaluation. For moreinformationsee[Vanderbei andShanno,1999].

If thefunction evaluationis expensive or noisy, setthemerit function to ”argaeztapia”or ”van shanno”.

Thecentral path specificationrepresentsa measureof proximity to thecentralpathandspecifiesan
update strategy for theperturbationparametermu. Referto [ Argaezet al., 2002] for a detaileddiscussion
onproximity measuresto thecentralregion. Valid optionsare,again, ”el bakry”, ”argaez tapia”,or ”van -
shanno”, whereuserinput is not casesensitive. The default valuefor central path is the valueof
merit function (eitheruser-selectedor default). Thesteplength to boundary specificationis
a parameter(between0 and1) thatcontrols how closeto theboundaryof thefeasibleregionthealgorithm
is allowed to move. A valueof 1 meansthat the algorithm is allowed to take stepsthat may reachthe
boundaryof the feasibleregion. If theuserwishesto maintainstrict feasibility of thedesignparameters
this value shouldbe less than 1. Default valuesare .8, .99995, and .95 for the ”el bakry”, ”argaez-
tapia”, and”van shanno” merit functions, respectively. Thecentering parameter specificationis a
parameter(between0 and1) thatcontrolshow closelythealgorithmshouldfollow the”central path”. See
[Wright] for thedefinitionof centralpath.Thelargerthevalue,themore closelythealgorithm follows the
centralpath,whichresultsin smallsteps.A valueof 0 indicatesthatthealgorithm will takeapureNewton
step.Defaultvaluesare.2, .2,and.1 for the”el bakry”, ”argaeztapia”,and”van shanno”merit functions,
respectively. Table5.12providesthedetailfor thenonlinearinteriorpointmethods.

Table 5.12Specificationdetail for the OPT++ nonlinear interior point methods
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Description Keyword AssociatedData Status Default
OPT++nonlinear
interiorpoint
methods

optpp nips �
optpp q nips� optpp fd -
nips

none Requiredgroup N/A

Searchmethod value -
based line -
search �
gradient -
based line -
search �
trust region

none Optional group value -
based line -
search

Maximum step
size

max step real Optional 1000.

Gradient
tolerance

gradient -
tolerance

real Optional 1.e-4

Merit function merit -
function

string Optional ”argaez -
tapia”

Centralpath central path string Optional valueof
merit -
function

Steplength to
boundary

steplength -
to boundary

real Optional Merit function
dependent:0.8
(”el bakry"),
0.99995
(”argaez -
tapia"), 0.95
(”van -
shanno")

Centering
parameter

centering -
parameter

real Optional Merit function
dependent:0.2
(”el bakry"),
0.2
(”argaez -
tapia"), 0.1
(”van -
shanno")

5.8 AsynchronousParallel Pattern Search Method

Patternsearchtechniquesarenongradient-basedoptimization methods which usea setof offsetsfrom the
current iterateto locateimproved points in the designspace. The asynchronousparallelpatternsearch
(APPS)algorithm[Hough et al., 2000] is a fully asynchronous patternsearchtechnique,in thatthesearch
alongeachoffsetdirectioncontinueswithout waitingfor searchesalong otherdirectionstofinish. It utilizes
thenonblockingschedulers in DAKOTA (seeDakotaModel::synchronize nowait()).
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5.8.1 APPSmethod independent controls

Theonly methodindependent control currently mappedto APPSis theoutput verbosity control. The
APPSinternal”debug” and”profile” levelsaremappedto theDAKOTA debug, verbose,normal, and
quiet settingsasfollows:

� DAKOTA ”debug”: APPSdebuglevel = 10,profile level = 1� DAKOTA ”verbose”: APPSdebuglevel = 10,profile level = 1� DAKOTA ”normal”: APPSdebuglevel = 2, profile level = 1� DAKOTA ”quiet”: APPSdebuglevel = 0, profile level = 0

5.8.2 APPSmethod dependent controls

The APPSmethodis invoked usinganapps group specification. Componentswithin this specification
group includeinitial delta, threshold delta, pattern basis, total pattern size,
no expansion, andcontraction factor. Theinitial delta andthreshold delta spec-
ificationsarerequired in orderto provide theinitial offsetsizeandthethreshold sizeatwhich to terminate
thealgorithm, respectively. Thesesizesaredimensionalandarenot relative to theboundedregion (asthey
arewith sgopt pattern search). Thepattern basis specificationis usedto selectbetweena
coordinate basisor a simplex basis. The former usesa plus andminus offset in eachcoordinate
direction, for a total of 2n function evaluations in the pattern,whereas the latterusesa minimal positive
basissimplex for theparameter space,for a totalof n+1 function evaluationsin thepattern.Thetotal -
pattern size specificationcanbe usedto augment the basiccoordinate andsimplex patterns
with additional function evaluations,andis particularly usefulfor parallel loadbalancing. For example,
if somefunctionevaluationsin thepatternaredroppeddueto duplication or bound constraint interaction,
thenthetotal pattern size specificationinstructsthealgorithm to generatenew offsetsto bring the
total number of evaluationsup to this consistenttotal. Theno expansion flag instructsthealgorithm
to omit patternexpansion, which is normally performedafter a sequence of improving offsetsis found.
Finally, thecontraction factor specificationselectsthescalingfactorusedin computinga reduced
offsetfor a new patternsearchcycleafterthepreviouscyclehasbeenunsuccessful in findinganimproved
point. Table5.13summarizestheAPPSspecification.

Table 5.13Specificationdetail for the APPSmethod

Description Keyword AssociatedData Status Default
APPSmethod apps none Requiredgroup N/A
Initial offset
value

initial -
delta

real Required N/A

Threshold for
offsetvalues

threshold -
delta

real Required N/A

Patternbasis
selection

pattern -
basis

coordinate �
simplex

Optional coordinate

Totalnumber of
points in pattern

total -
pattern size

integer Optional noaugmentation
of basicpattern

No expansion
flag

no expansion none Optional algorithmmay
expand pattern
size

Pattern
contractionfactor

contrac-
tion factor

real Optional 0.5
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5.9 SGOPT Methods

TheSGOPT(StochasticGlobal OPTimization) library [Hart,W.E.,2001a; Hart,W.E.,2001b] contains a
variety of nongradient-basedoptimization algorithms, with an emphasison stochasticglobal methods.
SGOPTcurrently includesthefollowing global optimizationmethods: evolutionaryalgorithms(sgopt -
pga real, sgopt pga int, and sgopt epsa) and stratifiedMonte Carlo (sgopt strat mc).
Additionally, SGOPTincludesnongradient-basedlocal searchalgorithms suchasSolis-Wets(sgopt -
solis wets) and patternsearch(sgopt pattern search). DAKOTA provides accessto the
SGOPTlibrary through theSGOPTOptimizer class.

5.9.1 SGOPT method independentcontrols

Themethodindependentcontrols for max iterations andmax function evaluations limit the
numberof majoriterationsandthenumberof function evaluationsthatcanbeperformedduring anSGOPT
optimization. Theconvergence tolerance controldefinesthethreshold valueon relativechange in
theobjectivefunctionthatindicatesconvergence.Theoutput verbosityspecificationcontrols theamount
of informationgenerated by SGOPT: thequiet andnormal settingscorrespond to minimal reporting
from SGOPT, whereastheverbose settingcorrespondsto ahigher level of information,anddebug out-
putsmethodinitializationandavarietyof internalSGOPTdiagnostics.Themajority of SGOPT’smethods
have independentfunctionevaluations thatcandirectly take advantageof DAKOTA’s parallelcapabilities.
Only sgopt solis wets is inherently serial. Theparallelmethods automaticallyutilize parallellogic
whentheDAKOTA configurationsupports parallelism.Note thatparallelusageof sgopt pattern -
search overridesany settingfor exploratory moves (seePatternsearch), sincethemulti step,
best first,biased best first, andadaptive pattern settingsonly involverelevant distinc-
tionsfor thecaseof serialoperation. Lastly, neitherspeculative gradientsnorspecializedhandling of
linearconstraints arecurrently supportedwith SGOPTsinceSGOPTmethods arenongradient-basedand
support, at most,bound constraints.Specificationdetail for methodindependentcontrols is provided in
Tables5.1 through 5.3.

5.9.2 SGOPT methoddependent controls

solution accuracy andmax cpu time aremethoddependent controls which aredefinedfor all
SGOPTmethods. Solutionaccuracy defines a convergencecriterionin which theoptimizer will terminate
if it finds an objective function value lower than the specifiedaccuracy. Note that the default of 1.e-5
shouldbe overriddenin thoseapplications whereit could causepremature termination. The maximum
CPUtimesettingis anotherconvergencecriterion in whichtheoptimizerwill terminateif its CPUusagein
secondsexceeds thespecifiedlimit. Table5.14providesthespecificationdetailfor theserecurring method
dependentcontrols.

Table 5.14Specificationdetail for SGOPT methoddependentcontrols

Description Keyword AssociatedData Status Default
Desiredsolution
accuracy

solution -
accuracy

real Optional 1.e-5

Maximum
amount of CPU
time

max cpu time real Optional unlimitedCPU

EachSGOPTmethodsupplementsthesettingsof Table5.14with controls whicharespecificto its partic-
ularclassof method.
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5.9.3 Evolutionary Algorithms

DAKOTA currently provides threetypesof evolutionary algorithms (EAs): a real-valuedgenetic algo-
rithm (sgopt pga real), an integer-valuedgeneticalgorithm (sgopt pga int), andanevolution-
arypatternsearchtechnique(sgopt epsa), where”real-valued” and”integer-valued” referto theuseof
continuousor discretevariable domains, respectively (theresponsedataarereal-valuedin all cases).

Thebasicstepsof anevolutionaryalgorithm areasfollows:

1. Selectaninitial population randomly andperformfunction evaluations on theseindividuals

2. Perform selectionfor parentsbasedonrelativefitness

3. Apply crossover andmutationto generatenew solutions generated new individuals from
theselectedparents

� Apply crossoverwith afixedprobability from two selectedparents� If crossoverisapplied,applymutation to thenewly generatedindividualwith afixedprobability� If crossover is notapplied, applymutationwith a fixedprobability to a singleselectedparent

4. Perform functionevaluationson thenew individuals

5. Perform replacementto determinethenew population

6. Returnto step2 andcontinuethealgorithm until convergencecriteriaaresatisfiedor iterationlimits
areexceeded

Controlsfor seed,population size, selection,and replacement are identical for the threeEA methods,
whereasthe crossover andmutationcontrols contain slight differencesandthesgopt epsa specifica-
tion containsanadditional num partitions input. Table5.15providesthespecificationdetail for the
controls whicharecommon betweenthethreeEA methods.

Table 5.15Specificationdetail for the SGOPTEA methods
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Description Keyword AssociatedData Status Default
EA selection sgopt pga -

real �
sgopt pga -
int �
sgopt epsa

none Requiredgroup N/A

Randomseed seed integer Optional randomly
generatedseed

Number of
population
members

population -
size

integer Optional 100

Selection
pressure

selection -
pressure

rank �
proportional

Optional proportional

Replacement type replace-
ment type

random � chc �
elitist

Optional group random = 0

Random
replacement

random integer Required N/A

CHC replacement
type

chc integer Required N/A

Elitist
replacementtype

elitist integer Required N/A

New solutions
generated

new -
solutions -
generated

integer Optional population -
size -
replace-
ment size

Therandom seed control providesamechanismfor makinga stochasticoptimization repeatable. Thatis,
theuseof thesamerandom seedin identicalstudieswill generateidenticalresults.Thepopulation -
size control specifieshow many individuals will comprise the EA’s population. The selection -
pressure controls how stronglydifferencesin ”fitness” (i.e., theobjective function) areweightedin the
processof selecting”parents”for crossover:

� therank settingusesa linear scalingof probability of selectionbasedon the rank order of each
individual’s objective functionwithin thepopulation

� the proportional settingusesa proportional scalingof probability of selectionbasedon the
relativevalueof eachindividual’sobjective function within thepopulation

Thereplacement type controls how current populationsandnewly generatedindividualsarecom-
binedto createa new population. Eachof thereplacement type selectionsacceptsaninteger value,
whichwill is referredto below andin Table5.15asthereplacement size:

� Therandom setting(the default) createsa new population using(a) replacement size ran-
domly selectedindividualsfrom thecurrent population,and(b)population size - replace-
ment size individualsrandomly selectedfrom among thenewly generatedindividuals(thenum-
berof whichis optionally specifiedusingnew solutions generated) thatarecreatedfor each
generation(usingtheselection,crossover, andmutation procedures).

� TheCHC settingcreatesanew populationusing(a) thereplacement size bestindividualsfrom
thecombination of the current populationandthenewly generatedindividuals,and(b) popula-
tion size - replacement size individualsrandomly selectedfrom amongtheremaining in-
dividualsin this combinedpool. CHC is thepreferredselectionfor many engineeringproblems.

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimit ri van Heesch c
�

1997-2001



56 Method Commands

� Theelitist settingcreatesa new population using(a) thereplacement size bestindividu-
als from thecurrentpopulation,(b) andpopulation size - replacement size individuals
randomly selectedfrom thenewly generatedindividuals.It is possiblein thiscaseto loseagoodso-
lution from thenewly generatedindividualsif it is not randomly selectedfor replacement;however,
thedefaultnew solutions generated valueis setsuchthattheentiresetof newly generated
individualswill beselectedfor replacement.

Table5.16, Table5.17, and Table5.18 show the controls which differ betweensgopt pga real,
sgopt pga int, andsgopt epsa, respectively.

Table 5.16Specificationdetail for SGOPT real-valuedgeneticalgorithm crossover and mutation

Description Keyword AssociatedData Status Default
Crossover type crossover -

type
two point �
blend �
uniform

Optional group two point

Crossover rate crossover -
rate

real Optional 0.8

Mutationtype mutation -
type

replace -
uniform �
offset -
normal �
offset -
cauchy �
offset -
uniform �
offset -
triangular

Optional group offset -
normal

Mutationscale mutation -
scale

real Optional 0.1

Mutation
dimensionrate

dimension -
rate

real Optional
L MONQPRTSUR �5� F � H S P V HXW M

Mutation
populationrate

population -
rate

real Optional 1.0

Non-adaptive
mutation flag

non adaptive none Optional Adaptive
mutation

Table5.17Specificationdetail for SGOPTinteger-valuedgeneticalgorithm crossover and mutation

Description Keyword AssociatedData Status Default
Crossover type crossover -

type
two point �
uniform

Optional group two point

Crossover rate crossover -
rate

real Optional 0.8

Mutationtype mutation -
type

replace -
uniform �
offset -
uniform

Optional group replace -
uniform

Mutationrange mutation -
range

integer Optional 1

Mutation
dimensionrate

dimension -
rate

real Optional
L MONQPRTSUR �5� F � H S P V HXW M

Mutation
populationrate

population -
rate

real Optional 1.0
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Table 5.18 Specification detail for SGOPT evolutionary pattern search crossover, mutation, and
number of partitions

Description Keyword AssociatedData Status Default
Crossover type crossover -

type
two point �
uniform

Optional group two point

Crossover rate crossover -
rate

real Optional 0.8

Mutationtype mutation -
type

unary coord �
unary -
simplex �
multi coord �
multi -
simplex

Optional group unary coord

Mutation
dimensionrate

dimension -
rate

real Optional
L MONQPRTSUR �5� F � H S P V HXW M

Mutationscale mutation -
scale

real Optional 0.1

Minimum
mutation scale

min scale real Optional 0.001

Mutation
populationrate

population -
rate

real Optional 1.0

Number of
partitions

num -
partitions

integer Optional 100

Thecrossover type controls what approachis employed for combining parent geneticinformation
to createoffspring, andthecrossover rate specifiesthe probability of a crossover operation being
performedto generatea new offspring. SGOPTsupports two genericforms of crossover, two point
anduniform, which generatea new individual through coordinate-wisecombinationsof two parent in-
dividuals.Two-point crossoverdivideseachparent into threeregions,whereoffspring arecreatedfrom the
combinationof themiddleregion from oneparent andtheendregionsfrom theotherparent.SinceSGOPT
doesnotutilize bit representationsof variablevalues,thecrossoverpointsonly occuroncoordinatebound-
aries,never within thebitsof aparticularcoordinate.Uniform crossovercreatesoffspring throughrandom
combinationof coordinatesfrom thetwo parents.Thesgopt pga real optimizer supports a third op-
tion, theblend crossovermethod, whichgeneratesanew individualrandomly alongthemultidimensional
vectorconnectingthetwo parents.

Themutation type controlswhatapproachis employedin randomly modifyingdesignvariableswithin
theEA population.Eachof themutationmethodsgeneratescoordinate-wisechangesto individuals,usually
byaddingarandomvariable toagivencoordinatevalue(an”offset”mutation),butalsobyreplacingagiven
coordinatevaluewith a random variable (a ”replace” mutation). Thepopulation rate controls the
probability of mutation beingperformedonanindividual, bothfor new individualsgeneratedby crossover
(if crossover occurs)and for individuals from the existing population (if crossover doesnot occur; see
algorithm description in EvolutionaryAlgorithms). The dimension rate specifiesthe probabilities
thata givendimension is changedgiventhat the individual is having mutationappliedto it. Thedefault
dimension rate usesthe specialformula shown in the preceding tables,wheren is the number of
designvariablesande is thenaturallogarithm constant.Themutation scale specifiesa scalefactor
whichscalesmutation offsetsfor sgopt pga real andsgopt epsa; thisis afractionof thetotalrange
of eachdimension, somutation scale is a relative value between0 and1. Themutation range
provides an analogous control for sgopt pga int, but is not a relative value in that it specifiesthe
total integerrange of themutation. Theoffset normal, offset cauchy, offset uniform, and
offset triangular mutation typesare”offset” mutations in thatthey adda 0-meanrandom variable
with a normal, cauchy, uniform, or triangular distribution, respectively, to the existing coordinatevalue.
Theseoffsetsarelimited in magnitude by mutation scale. Thereplace uniform mutationtype
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is not limited by mutation scale; ratherit generates a replacementvalue for a coordinateusinga
uniformly distributedvalueover the total rangefor that coordinate. The real-valued geneticalgorithm
supports eachof these5 mutationtypes,andinteger-valuedgenetic algorithmsupports thereplace -
uniform andoffset uniform types. The mutationtypesfor evolutionary patternsearcharemore
specialized:

� multi coord: Mutateeachcoordinatedimensionwith probability dimension rate usingan
”offset” approachwith initial scalemutation scale Y variablerange. Multiple coordinatesmay
or maynotbemutated.

� unary coord: Mutateasinglerandomly selectedcoordinatedimensionusingan”offset”approach
with initial scalemutation scale Y variable range. Oneandonly onecoordinateis mutated.

� multi simplex: Apply eachof the vector offsets from a regular simplex (n+1 vectors for n
dimensions)with probability dimension rate andinitial scalemutation scale Y variable
range. A singlevectoroffset may alter multiple coordinatedimensions. Multiple simplex vectors
mayor maynotbeapplied.

� unary simplex: Add a singlerandomly selectedvector offset from a regular simplex with an
initial scaleof mutation scale Y variablerange. Oneandonly onesimplex vectoris applied,
but this simplex vectormayaltermultiplecoordinatedimensions.

andaredescribedin moredetailin [HartandHunter, 1999]. Boththereal-valuedgeneticalgorithm andthe
evolutionarypatternsearchalgorithm useadaptive mutationthatmodifies themutation scaledynamically.
Thenon adaptive flag canbeusedto deactivatetheself-adaptation in real-valuedgeneticalgorithms,
which may facilitatea more global search. The adaptive mutation in evolutionary patternsearchis an
inherent componentthatcannotbe deactivated. Themin scale input specifiesthe minimum mutation
scalefor evolutionarypatternsearch;sgopt epsa terminates if theadaptedmutation scalefalls below
this threshold.

Thenum partitions specificationis notpartof thecrossoveror mutationgroup specifications;it spec-
ifies thenumber of possiblevaluesfor eachdimension(fractionsof thevariable ranges)usedin theinitial
evolutionarypatternsearchpopulation.It is neededfor theoreticalreasons.

For additional informationon theseoptions, seetheuserandreferencemanuals for SGOPT[ Hart,2001a;
Hart,2001b].

5.9.4 Pattern search

SGOPTprovidesa patternsearchtechnique (sgopt pattern search) whoseoperation andcontrols
aresimilar to that of APPS(seeAsynchronous ParallelPatternSearchMethod). Table5.19providesthe
specificationdetailfor theSGOPTPSmethodandits method dependentcontrols.

Table 5.19Specificationdetail for the SGOPTpattern search method
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Description Keyword AssociatedData Status Default
SGOPTpattern
searchmethod

sgopt -
pattern -
search

none Requiredgroup N/A

Stochasticpattern
search

stochastic none Optional group N/A

Randomseedfor
stochasticpattern
search

seed integer Optional randomly
generatedseed

Initial offset
value

initial -
delta

real Required N/A

Threshold for
offsetvalues

threshold -
delta

real Required N/A

Patternbasis
selection

pattern -
basis

coordinate �
simplex

Optional simplex

Totalnumber of
points in pattern

total -
pattern size

integer Optional noaugmentation
of basicpattern

No expansion
flag

no expansion none Optional algorithmmay
expand pattern
size

Number of
consecutive
improvements
before expansion

expand -
after -
success

integer Optional 1

Pattern
contractionfactor

contrac-
tion factor

real Optional 0.5

Exploratory
movesselection

ex-
ploratory -
moves

multi step �
best all �
best first �
biased -
best first �
adaptive -
pattern �
test

Optional group best first for
serial,
best all for
parallel

The initial delta, threshold delta, pattern basis, total pattern size, no -
expansion, andcontraction factor controlsareidenticalin meaning to thecorrespondingAPPS
controls (seeAsynchronous ParallelPatternSearchMethod). Differing controlsinclude thestochas-
tic, seed, expand after success, andexploratory moves specifications. TheSGOPTpat-
tern searchprovidesthe capability for stochastic shuffling of offset evaluation order, for which the
random seed canbeusedto maketheoptimizationsrepeatable.Theexpand after success control
specifieshow many successfulobjective function improvements mustoccurwith a specificdeltaprior to
expansionof thedelta.

Theexploratory moves settingcontrolshow theoffsetevaluationsareordered aswell asthelogic for
acceptanceof animprovedpoint. Thefollowing exploratorymoves selectionsaresupportedby SGOPT:

� Themulti step caseexamineseachtrial stepin thepatternin turn. If a successfulstepis found,
thepatternsearchcontinuesexamining trial stepsabout thisnew point. In thismanner, theeffects of
multiplesuccessfulstepsarecumulative within asingleiteration.

� Thebest all casewaits for completion of all offsetevaluations in thepatternbefore selectinga
new iterate.Thismethodis mostappropriatefor parallelexecutionof thepatternsearch.

� Thebest first caseimmediatelyselectsthefirst improving point foundasthenew iterate,with-
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outwaiting for completion of all offsetevaluationsin thecycle.

� Thebiased best first caseimmediatelyselectsthefirst improvedpointasthenew iterate,but
alsointroducesa biastowarddirections in which improving pointshave beenfound previously by
reorderingtheoffsetevaluations.

� The adaptive pattern caseinvokes a patternsearchtechnique that adaptively rescalesthe
different searchdirections to maximize the number of redundant function evaluations. See
[Hartet al., 2001] for detailsof this method. In preliminary experiments, this methodhadmore
robust performancethanthestandard best first case.

� Thetest caseis usedfor development purposes.This currently utilizesa nonblocking scheduler
(i.e.,DakotaModel::synchronize nowait()) for performingthefunction evaluations.

5.9.5 Solis-Wets

DAKOTA’s implementationof SGOPTalsocontainstheSolis-Wetsalgorithm. TheSolis-Wetsmethodis
a simplegreedy local searchheuristicfor continuousparameter spaces.Solis-Wetsgeneratestrial points
usingamultivariatenormaldistribution,andunsuccessful trial pointsarereflectedaboutthecurrent pointto
find a descentdirection. This algorithmis inherently serialandwill not utilize any parallelism.Table5.20
providesthespecificationdetailfor this method andits methoddependentcontrols.

Table 5.20Specificationdetail for the SGOPTSolis-Wetsmethod

Description Keyword AssociatedData Status Default
SGOPT
Solis-Wets
method

sgopt -
solis wets

none Requiredgroup N/A

Randomseedfor
stochasticpattern
search

seed integer Optional randomly
generatedseed

Initial offset
value

initial -
delta

real Required N/A

Threshold for
offsetvalues

threshold -
delta

real Required N/A

No expansion
flag

no expansion none Optional algorithmmay
expand pattern
size

Number of
consecutive
improvements
before expansion

expand -
after -
success

integer Optional 5

Number of
consecutive
failuresbefore
contraction

contract -
after -
failure

integer Optional 3

Pattern
contractionfactor

contrac-
tion factor

real Optional 0.5

The seed, initial delta, threshold delta, no expansion, expand after success,
and contraction factor specifications have identical meaning to the corresponding specifica-
tions for apps andsgopt pattern search (seeAsynchronous ParallelPatternSearchMethod and
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Patternsearch). Theonly new specificationis contract after failure, whichspecifiesthenumber
of unsuccessfulcycleswhichmustoccurwith a specificdeltaprior to contractionof thedelta.

5.9.6 Stratified Monte Carlo

Lastly, DAKOTA’s implementation of SGOPT contains a stratified Monte Carlo (sMC) algorithm.
One of the distinguishing characteristicsof this samplingtechnique from other samplingmethods in
Designof Computer ExperimentsMethods andNondeterministic samplingmethod is its stopping criteria.
Usingsolution accuracy (seeSGOPTmethoddependentcontrols), the sMC algorithm cantermi-
nateadaptively whena designpoint with a desiredperformancehasbeenlocated. Table5.21providesthe
specificationdetailfor this method andits method dependentcontrols.

Table 5.21Specificationdetail for the SGOPTsMC method

Description Keyword AssociatedData Status Default
SGOPTstratified
MonteCarlo
method

sgopt -
strat mc

none Requiredgroup N/A

Randomseedfor
stochasticpattern
search

seed integer Optional randomly
generatedseed

Number of
samplesper
stratification

batch size integer Optional 1

Partitionsper
variable

partitions list of integers Optional No partitioning

As for otherSGOPTmethods,therandomseed is usedto makestochasticoptimizationsrepeatable. The
batch size inputspecifiesthenumbersamplesto beevaluatedin eachmultidimensionalpartition.And
thepartitions list is usedto specifythenumberof partitions for eachdesignvariable. For example,
partitions = 2, 4, 3 specifies2 partitionsin the first designvariable,4 partitions in thesecond
designvariable,and3 partitions in the third designvariable. This createsa total of 24 multidimensional
partitions, anda batch size of 2 would select2 randomsamplesin eachpartition, for a total of 48
sampleson eachiterationof thesMC algorithm. Iterationscontaining 48 sampleswill continueuntil the
maximum number of iterationsor function evaluations is exceeded,or the desiredsolutionaccuracy is
obtained.

5.10 LeastSquaresMethods

The Gauss-Newton algorithm is available from the OPT++ library as either optpp g newton or
optpp bcg newton, wherethe latter addsbound constraint support. The codefor the Gauss-Newton
approximation (objective functionvalue,gradient, andapproximateHessiandefined from residualfunc-
tion valuesandgradients)is availablein SNLLOptimizer::nlf2 evaluator gn(). Theimportant difference
with thesealgorithms is that the responsesetmust involve leastsquaresterms,ratherthanan objective
function. Thus,a lower granularity of datamustbereturnedto leastsquaressolversin comparisonto the
datareturnedto optimizers.Referto Leastsquaresterms(leastsquaresdataset)for additional information
on theleastsquaresresponsedataset.

Mappings for themethodindependent controls areasdescribed in OPT++methodindependentcontrols,
and the search method, max step, and gradient tolerance controls are as described in

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimit ri van Heesch c
�

1997-2001



62 Method Commands

OPT++methoddependentcontrols. Table5.22 provides the detailsfor the Gauss-Newton leastsquares
methods.

Table 5.22Specificationdetail for Gauss-NewtonOPT++ methods

Description Keyword AssociatedData Status Default
OPT++
Gauss-Newton
methods

optpp g -
newton �
optppbcg -
newton

none Requiredgroup N/A

Searchmethod value -
based line -
search �
gradient -
based line -
search �
trust region

none Optional group optpp g -
newton:
trust -
region,
optpp bcg -
newton:
value -
based line -
search

Maximum step
size

max step real Optional 1000.

Gradient
tolerance

gradient -
tolerance

real Optional 1.e-4

5.11 Nondeterministic Methods

DAKOTA’s nondeterministic branch doesnot currently make useof any methodindependentcontrols.
As such,the nondeterministicbranchdocumentationwhich follows is limited to the methoddependent
controls for thesampling, analyticreliability, andpolynomialchaosexpansionmethods.

5.11.1 Nondeterministic samplingmethod

Thenondeterministicsamplingiteratoris selectedusingthenond sampling specification.This iterator
performssamplingwithin specifiedparameterdistributions in order to assessthedistributionsfor response
functions.Probability of eventoccurrence(e.g., failure) is thenassessedby comparingtheresponseresults
against responsethresholds. DAKOTA currently providesaccessto nondeterministicsamplingmethods
within theNonDProbability class.

Theseed integer specificationspecifiestheseedfor therandomnumber generator which is usedto make
samplingstudiesrepeatable.Thenumberof samplesto beevaluatedis selectedwith thesamples integer
specification.Thealgorithmusedto generatethesamplescanbespecifiedusingsample type followed
by eitherrandom, for pure random Monte Carlo sampling, or lhs, for latin hypercubesampling. The
response thresholds specificationsuppliesa list of thresholds for comparisonwith the response
functionsbeingcomputed.Statisticsonresponsesaboveandbelow thesethresholds arethengenerated.

The nondeterministicsamplingiteratoralsosupports a designof experimentsmodethrough the all -
variables flag. Normally, nond sampling generatessamplesonly for theuncertain variables, and
treatsany designorstatevariablesasconstants.Theall variables flagaltersthisbehavior by instruct-
ing thesamplingalgorithm to treatany continuousdesignor continuousstatevariablesasparameters with
uniform probability distributions betweentheir upper andlower bounds. Samplesarethengeneratedover
all of thecontinuousvariables(design,uncertain,andstate)in thevariablesspecification.This is similar to
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thebehavior of thedesignof experimentsmethodsdescribedin Designof ComputerExperimentsMethods,
sincethey will alsogeneratesamplesoverall continuousdesign, uncertain, andstatevariablesin thevari-
ablesspecification.However, thedesignof experimentsmethodswill treatall variablesasbeinguniformly
distributedbetweentheir upper andlowerbounds,whereasthenond sampling iteratorwill samplethe
uncertain variableswithin their specifiedprobability distributions. Table5.23 providesthe specification
detailfor thesamplingmethods.

Table 5.23Specificationdetail for nondeterministic sampling method

Description Keyword AssociatedData Status Default
Nondeterministic
samplingiterator

nond -
sampling

none Requiredgroup N/A

Randomseed seed integer Optional randomly
generatedseed

Number of
samples

samples integer Optional minimum
required

Samplingtype sample type random � lhs Optional group lhs
All variablesflag all -

variables
none Optional samplingonly

overuncertain
variables

Response
thresholds

response -
thresholds

list of reals Optional Vectorvalues=
0.0

5.11.2 Analytic reliability methods

Analytic reliability methods areselectedusingthenond analytic reliability specification.This
iteratorcomputesapproximateresponsefunctiondistribution statisticsbasedon specifiedparameterdis-
tributions. Analytic reliability methods perform an internal nonlinear optimization to compute a most
probablepoint (MPP)andthenintegrateaboutthis point to compute probabilities. Supported techniques
includetheMeanValuemethod (MV), Advanced MeanValuemethod (AMV), aniteratedform of AMV
(AMV+), first order reliability method(FORM), andsecondorderreliability method(SORM),which are
selectedusing the mv, amv, iterated amv, form, andsorm specifications,respectively. Eachof
thesemethods involvesa required group specification, separatedby OR’s. All of the techniquessupport
a response levels specification, which provide the target responsevalues for generating probabili-
ties. In combination,theseresponselevel probabilitiesprovideacumulativedistribution function,or CDF,
for a response function. The AMV+ method additionally supports a probability levels option,
which iteratesto find the responselevel which correspondsto a specifiedprobability (the inverseof the
response levels problem). Table5.24providesthespecificationdetailfor thesemethods.

Table 5.24Specificationdetail for analytic reliability methods
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Description Keyword AssociatedData Status Default
Analytic
reliability method

nond -
analytic -
reliability

none Requiredgroup N/A

Methodselection mv � amv �
iterated amv� form � sorm

none Requiredgroup N/A

Responselevels
for probability
calculations

response -
levels

list of reals Optional (mv);
Required(amv,
iterated -
amv, form,
sorm)

noCDF
calculation(mv);
N/A (amv,
iterated -
amv, form,
sorm)

Probability levels
for response
calculations

probabil-
ity levels

list of reals Required
(iterated -
amv
only)

N/A

5.11.3 Polynomial chaosexpansionmethod

Thepolynomialchaosexpansionmethodis ageneral framework for theapproximaterepresentationof ran-
domresponsefunctionsin termsof finite dimensionalseriesexpansionsin standard unit Gaussianrandom
variables.An important distinguishingfeatureof themethodologyis thatthesolutionseriesexpansionsare
expressedasrandomprocessesnotmerelyasstatisticsasin thecaseof many nondeterministicmethodolo-
gies.

Themethodrequireseithertheexpansion terms or theexpansion order specificationin orderto
specifythe number of termsin the expansionor the highestorderof Gaussianvariable appearing in the
expansion.Thenumber of terms,P, in a completepolynomialchaosexpansionof arbitrary order, p, for a
responsefunction involving n uncertain input variablesis given by

Z �=2:+ R[ V]\ #
2
>@^
V`_ #a
b \7c ?Bd

+9e C �

Onemustbe careful whenusingtheexpansion terms specification, asthe satisfactionof the above
equation for someorder p is not rigidly enforced. As a result, in somecases,only a subsetof terms
of a certainorderwill be included in the serieswhile othersof the sameorder will be omitted. This
omissionof termscan increasethe efficacy of the methodology for someproblems but have extremely
deleterious effects for others. The method outputs either the first expansion terms coefficients of
theseriesor thecoefficients of all termsup to order expansion order in theseriesdepending on the
specification.Theseed, samples, sample type, andresponse thresholds specifications are
usedto specifysettingsfor aninternalinvocationof theNonDProbability samplingtechniques. Referto
Nondeterministicsamplingmethodfor informationon thesespecifications.Table5.25providesthespeci-
ficationdetailfor thepolynomialchaosexpansionmethod.

Table 5.25Specificationdetail for polynomial chaosexpansionmethod
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Description Keyword AssociatedData Status Default
Polynomial chaos
expansioniterator

nond -
polynomial -
chaos

none Requiredgroup N/A

Expansionterms expansion -
terms

integer Required N/A

Expansionorder expansion -
order

integer Required N/A

Randomseed seed integer Optional randomly
generatedseed

Number of
samples

samples integer Optional minimum
required

Samplingtype sample type random � lhs Optional group lhs
Response
thresholds

response -
thresholds

list of reals Optional Vectorvalues=
0.0

5.12 Designof Computer ExperimentsMethods

TheDistributedDesignandAnalysisof ComputerExperiments(DDACE) library providesdesignof ex-
perimentsmethodsfor computingresponsedatasetsataselectionof points in theparameterspace.Current
techniquesinclude grid sampling(grid), purerandom sampling(random), orthogonal arraysampling
(oas), latin hypercubesampling(lhs), orthogonal array latin hypercube sampling(oa lhs), Box-
Behnken(box behnken design), andcentralcompositedesign(central composite design).
It is worth noting that thereis someoverlap in sampling techniqueswith thoseavailable from the non-
deterministic branch. Thecurrent distinctionis that thenondeterministicbranch methodsaredesignedto
samplewithin a varietyof probability distributionsfor uncertain variables, whereasthe designof exper-
imentsmethods treatall variablesashaving uniform distributions. As such,the designof experiments
methods arewell-suitedfor performing parametric studiesandfor generatingdatasetsusedin building
global approximations (seeGlobalapproximation interface), but arenot designed for assessingtheeffect
of uncertainties. If a designof experimentsover bothdesign/statevariables(treatedasuniform) andun-
certainvariables (with probability distributions) is desired,thennond sampling cansupport this with
its all variables option (seeNondeterministicsamplingmethod). DAKOTA providesaccessto the
DDACElibrary through theDACEIterator class.

Thedesignof experimentsmethodsdo not currently makeuseof any of themethod independentcontrols.
In termsof methoddependentcontrols, thespecificationstructureis straightforward.First, thereis asetof
designof experimentsalgorithm selectionsseparatedby logicalOR’s(grid orrandom oroas orlhs or
oa lhs or box behnken design or central composite design). Second, thereareoptional
specificationsfor therandom seedto usein generating thesampleset(seed), thenumberof samplesto
perform (samples), andthenumber of symbolsto use(symbols). Theseed control is usedto make
samplesetsrepeatable,andthesymbols control is relatedto thenumberof replicationsin thesampleset
(a larger number of symbols equatesto morestratificationandfewer replications). Designof experiments
specificationdetail is given in Table5.26.

Table 5.26Specificationdetail for designof experimentsmethods
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Description Keyword AssociatedData Status Default
Designof
experiments
iterator

dace none Requiredgroup N/A

dacealgorithm
selection

grid � random� oas � lhs �
oa lhs � box -
behnken -
design �
central -
composite -
design

none Required N/A

Randomseed seed integer Optional randomly
generatedseed

Number of
samples

samples integer Optional minimum
required

Number of
symbols

symbols integer Optional default for
sampling
algorithm

5.13 Parameter Study Methods

DAKOTA’s parameter studymethodscompute responsedatasetsat a selectionof pointsin theparameter
space.Thesepoints maybespecifiedasa vector, a list, a setof centeredvectors, or a multi-dimensional
grid. Capabilityoverviews andexamples of the different typesof parameter studiesareprovided in the
UsersManual. DAKOTA implements all of theparameterstudymethodswithin theParamStudy class.

DAKOTA’sparameterstudymethodsdonotcurrently makeuseof any of themethod independentcontrols.
Therefore,theparameter studydocumentationwhich follows is limited to themethoddependentcontrols
for thevector, list, centered, andmultidimensionalparameterstudymethods.

5.13.1 Vector parameter study

DAKOTA’s vector parameterstudy computesresponsedatasetsat selectedintervals along a vector in
parameterspace.It is often usedfor single-coordinateparameterstudies(to studythe effect of a single
variable on a responseset),but it canbe usedmore generallyfor multiple coordinatevector studies(to
investigatethe responsevariations alongsomen-dimensionalvector). This study is selectedusing the
vector parameter study specificationfollowed by eithera final point or a step vector
specification.

Thevector for thestudycanbedefinedin severalways(referto dakota.input.spec). First,afinal point
specification,whencombinedwith theinitial valuesfrom thevariablesspecification(seecdv initial point,
ddv initial point, csv initial state,anddsv initial statein VariablesCommands), uniquely definesan n-
dimensional vector’s directionandmagnitude through its start andendpoints. The intervals alongthis
vectormayeitherbespecifiedwith astep length or anum steps specification.In theformer case,
stepsof equal length(Cartesiandistance)aretakenfrom theinitial valuesupto (but notpast)thefinal -
point. Thestudywill terminateat the last full stepwhich doesnot go beyond thefinal point. In
thelatternum steps case,thedistancebetweentheinitial valuesandthefinal point is brokeninto
num steps intervalsof equallength. This studyperformsfunction evaluationsat bothends,making the
total numberof evaluationsequalto num steps+1. Thefinal point specificationdetail is givenin
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Table5.27.

Table 5.27final point specificationdetail for the vector parameter study

Description Keyword AssociatedData Status Default
Vectorparameter
study

vector -
parameter -
study

none Requiredgroup N/A

Terminationpoint
of vector

final point list of reals Requiredgroup N/A

Steplengthalong
vector

step length real Required N/A

Number of steps
alongvector

num steps integer Required N/A

Theothertechniquefor defining a vectorin thestudyis thestep vector specification.This parameter
studybegins at theinitial valuesandaddstheincrements specifiedin step vector to obtainnew simu-
lation points. This processis performednum steps times,andsincethe initial valuesareincluded, the
total numberof simulationsis againequal to num steps+1. Thestep vector specificationdetail is
givenin Table5.28.

Table 5.28step vector specificationdetail for the vector parameter study

Description Keyword AssociatedData Status Default
Vectorparameter
study

vector -
parameter -
study

none Requiredgroup N/A

Stepvector step vector list of reals Requiredgroup N/A
Number of steps
alongvector

num steps integer Required N/A

5.13.2 List parameter study

DAKOTA’s list parameterstudyallows for evaluations at userselectedpoints of interestwhich neednot
follow any particularstructure. Thisstudyis selectedusingthelist parameter study methodspec-
ification followed by alist of points specification.

Thenumber of realvaluesin thelist of points specificationmustbea multiple of thetotal number
of continuousvariablescontained in the variablesspecification. This parameterstudysimply performs
simulationsfor the first parameterset (the first n entriesin the list), followed by the next parameter set
(thenext n entries),andsoon,until thelist of points hasbeenexhausted.Sincetheinitial valuesfrom the
variablesspecificationwill not beused,they neednot bespecified.Thelist parameterstudyspecification
detailis givenin Table5.29.

Table 5.29Specificationdetail for the list parameter study

Description Keyword AssociatedData Status Default
List parameter
study

list -
parameter -
study

none Requiredgroup N/A

List of points to
evaluate

list of -
points

list of reals Required N/A
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5.13.3 Centered parameter study

DAKOTA’s centered parameterstudycomputesresponsedatasetsalongmultiple vectors, oneperparam-
eter, centeredabout the initial values from the variables specification.This is useful for investigation of
function contours with respectto eachparameter individually in thevicinity of a specificpoint (e.g., post-
optimality analysisfor verificationof a minimum). It is selectedusingthecentered parameter -
study methodspecificationfollowed by percent delta anddeltas per variable specifica-
tions, wherepercent delta specifiesthe size of the increments in percent and deltas per -
variable specifiesthe number of increments per variable in eachof the plus and minus directions.
Thecenteredparameterstudyspecificationdetailis givenin Table5.30.

Table 5.30Specificationdetail for the centeredparameter study

Description Keyword AssociatedData Status Default
Centered
parameterstudy

centered -
parameter -
study

none Requiredgroup N/A

Interval sizein
percent

percent -
delta

real Required N/A

Number of +/-
deltasper
variable

deltas per -
variable

integer Required N/A

5.13.4 Multidimensional parameter study

DAKOTA’s multidimensionalparameterstudycomputesresponsedatasetsfor an n-dimensionalgrid of
points. Eachcontinuousvariableis partitioned into equallyspacedintervalsbetweenits upper andlower
bounds,andeachcombinationof thevaluesdefined by theboundariesof thesepartitionsis evaluated. This
studyis selectedusingthemultidim parameter studymethodspecificationfollowedby aparti-
tions specification, wherethepartitions list specifiesthenumber of partitionsfor eachcontinuous
variable. Therefore, thenumber of entriesin thepartitionslist mustbeequalto the total number of con-
tinuous variablescontainedin thevariablesspecification.Sincetheinitial valuesfrom thevariablesspec-
ification will not beused,they neednot bespecified.Themultidimensionalparameterstudyspecification
detailis givenin Table5.31.

Table 5.31Specificationdetail for the multidimensional parameter study

Description Keyword AssociatedData Status Default
Multidimensional
parameterstudy

multidim -
parameter -
study

none Requiredgroup N/A

Partitionsper
variable

partitions list of integers Required N/A
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Chapter 6

Variables Commands

6.1 VariablesDescription

The variables sectionin a DAKOTA input file specifiesthe parameterset to be iteratedby a particular
method. This parameterset is madeup of design,uncertain,andstatevariable specifications. Design
variablescanbecontinuousor discreteandconsistof thosevariables which anoptimizeradjustsin order
to locatean optimal design. Eachof the designparameterscanhave an initial point, a lower bound, an
upper bound, anda descriptive tag. Uncertainvariablesarecontinuousvariableswhich arecharacterized
by probability distributions. Thedistributiontypecanbenormal, lognormal,uniform,loguniform, weibull,
or histogram. Eachuncertain variablespecificationcancontaina distribution lower bound, a distribution
upper bound, anda descriptive tag. Normal variablesalso includemeanandstandarddeviation speci-
fications,lognormal variables includemean, standarddeviation, anderror factorspecifications,weibull
variables includealphaandbetaspecifications, andhistogram variablesincludefile namespecifications.
Statevariables canbe continuous or discreteandconsistof ”other” variables which are to be mapped
throughthesimulationinterface.Eachstatevariable specificationcanhaveaninitial state,lowerandupper
bounds, anda descriptor. Statevariables provide a convenient mechanism for parameterizing additional
model inputs,suchasmeshdensity, simulationconvergencetolerances andtime stepcontrols, andwill be
usedto enactmodeladaptivity in future strategy developments.

Severalexamples follow. In thefirst example, two continuousdesignvariablesarespecified:

variables, \
continuous_design = 2 \

cdv_initial_point 0.9 1.1 \
cdv_upper_bounds 5.8 2.9 \
cdv_lower_bounds 0.5 -2.9 \
cdv_descriptor ‘radius’ ‘location’

In thenext example, defaultsareemployed.In thiscase,cdv initial point will default to avectorof
0.0 values,cdv upper bounds will default to vectorvaluesof DBL MAX (definedin thefloat.h C
headerfile), cdv lower bounds will default to a vector of -DBL MAX values,andcdv descriptor
will default to avectorof ‘cdv i’ strings,wherei rangesfrom oneto two:

variables, \
continuous_design = 2
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In the following example, thesyntaxfor a normal-lognormal distribution is shown. Onenormal andone
lognormaluncertain variablearecompletelyspecifiedby theirmeansandstandard deviations.In addition,
thedependencestructurebetweenthetwo variablesis specifiedusingtheuncertain correlation -
matrix.

variables, \
normal_uncertain = 1 \

nuv_means = 1.0 \
nuv_std_deviations = 1.0 \
nuv_descriptor = ‘TF1n’ \

lognormal_uncertain = 1 \
lnuv_means = 2.0 \
lnuv_std_deviations = 0.5 \
lnuv_descriptor = ’TF2ln’ \

uncertain_correlation_matrix = 1.0 0.2 \
0.2 1.0

An example of thesyntaxfor a statevariablesspecificationfollows:

variables, \
continuous_state = 1 \

csv_initial_state 4.0 \
csv_lower_bounds 0.0 \
csv_upper_bounds 8.0 \
csv_descriptor ‘CS1’ \

discrete_state = 1 \
dsv_initial_state 104 \
dsv_lower_bounds 100 \
dsv_upper_bounds 110 \
dsv_descriptor ‘DS1’

And in anadvancedexample, a variablesspecificationcontaining a setidentifier, continuousanddiscrete
designvariables, normal anduniform uncertainvariables, andcontinuousanddiscretestatevariables is
shown:

variables, \
id_variables = ‘V1’ \
continuous_design = 2 \

cdv_initial_point 0.9 1.1 \
cdv_upper_bounds 5.8 2.9 \
cdv_lower_bounds 0.5 -2.9 \
cdv_descriptor ‘radius’ ‘location’ \

discrete_design = 1 \
ddv_initial_point 2 \
ddv_upper_bounds 1 \
ddv_lower_bounds 3 \
ddv_descriptor ‘material’ \

normal_uncertain = 2 \
nuv_means = 248.89, 593.33 \
nuv_std_deviations = 12.4, 29.7 \
nuv_descriptor = ’TF1n’ ’TF2n’ \

uniform_uncertain = 2 \
uuv_dist_lower_bounds = 199.3, 474.63 \
uuv_dist_upper_bounds = 298.5, 712. \
uuv_descriptor = ’TF1u’ ’TF2u’ \

continuous_state = 2 \
csv_initial_state = 1.e-4 1.e-6 \
csv_descriptor = ‘EPSIT1’ ‘EPSIT2’ \

discrete_state = 1 \
dsv_initial_state = 100 \
dsv_descriptor = ‘load_case’
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Referto the DAKOTA UsersManual [Eldredet al., 2001] for discussionon how different iterators view
thesemixedvariablesets.

6.2 VariablesSpecification

Thevariablesspecificationhasthefollowing structure:

variables, \
<set identifier> \
<continuous design variables specification> \
<discrete design variables specification> \
<normal uncertain variables specification> \
<lognormal uncertain variables specification> \
<uniform uncertain variables specification> \
<loguniform uncertain variables specification> \
<weibull uncertain variables specification> \
<histogram uncertain variables specification> \
<uncertain correlation specification> \
<continuous state variables specification> \
<discrete state variables specification>

Referringto dakota.input.spec, it is evidentfrom theenclosingbracketsthatthesetidentifierspecification
and the continuous design,discretedesign, normal uncertain, lognormal uncertain, uniform uncertain,
loguniform uncertain, weibull uncertain,histogramuncertain, continuousstate,anddiscretestatevariables
specificationsareall optional. Thesetidentifier is a stand-aloneoptional specification, whereasthelatter
tenareoptional group specifications,meaning thatthegroup caneitherappearor not asa unit. If any part
of anoptional group is specified,thenall requiredpartsof thegroup mustappear.

Theoptionalsetidentifiercanbeusedto provideauniqueidentifierstringfor labelingaparticular variables
specification.A methodcanthenidentify theuseof a particularsetof variables by specifyingthis label
in its variables pointer specification(seeMethodIndependent Controls). The optional statusof
thedifferent variable typespecificationsallows theuserto specifyonly thosevariableswhich arepresent
(ratherthanexplicitly specifyingthat thenumberof a particular typeof variables= 0). However, at least
onetypeof variablesmusthave nonzerosizeor aninput error messagewill result.Thefollowing sections
describeeachof thesespecificationcomponentsin additional detail.

6.3 VariablesSetIdentifier

The optional set identifier specificationusesthe keyword id variables to input a string for use
in identifying a particular variablesset with a particularmethod(seealso variables pointer in
MethodIndependent Controls). For example, a methodwhosespecificationcontains variables -
pointer = ‘V1’ will usea variables setwith id variables = ‘V1’.

If the set identifier specificationis omitted,a particularvariables set will be usedby a methodonly if
thatmethodomitsspecifying avariables pointer andif thevariablessetwasthelastsetparsed(or
is the only setparsed). In common practice,if only onevariables setexists, thenid variables can
be safelyomittedfrom the variables specificationandvariables pointer canbe omittedfrom the
methodspecification(s),sincethereis nopotentialfor ambiguity in thiscase.Table6.1summarizestheset
identifierinputs.

Table 6.1Specificationdetail for setidentifier
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Description Keyword AssociatedData Status Default
Variablesset
identifier

id variables String Optional useof last
variablesparsed

6.4 DesignVariables

Within theoptional continuousdesignvariablesspecificationgroup, thenumberof continuousdesignvari-
ablesis a required specificationand the initial guess,lower bounds,upperbounds, andvariable names
areoptional specifications.Likewise,within theoptionaldiscretedesignvariablesspecificationgroup, the
number of discretedesignvariablesis a required specificationandthe initial guess,lower bounds,upper
bounds,andvariablenames areoptional specifications.Table6.2summarizesthedetailsof thecontinuous
designvariablespecificationandTable6.3summarizesthedetailsof thediscretedesignvariable specifica-
tion.

Table 6.2Specificationdetail for continuousdesignvariables

Description Keyword AssociatedData Status Default
Continuous
designvariables

continuous -
design

integer Optional group nocontinuous
designvariables

Initial point cdv -
initial -
point

list of reals Optional Vectorvalues=
0.0

Lowerbounds cdv lower -
bounds

list of reals Optional Vectorvalues=
-DBL MAX

Upperbounds cdv upper -
bounds

list of reals Optional Vectorvalues=
+DBL MAX

Descriptors cdv -
descriptor

list of strings Optional Vectorof
‘cdv i’ where
i = 1,2,3...

Table 6.3Specificationdetail for discretedesignvariables

Description Keyword AssociatedData Status Default
Discretedesign
variables

discrete -
design

integer Optional group nodiscretedesign
variables

Initial point ddv -
initial -
point

list of integers Optional Vectorvalues= 0

Lowerbounds ddv lower -
bounds

list of integers Optional Vectorvalues=
INT MIN

Upperbounds ddv upper -
bounds

list of integers Optional Vectorvalues=
INT MAX

Descriptors ddv -
descriptor

list of strings Optional Vectorof
‘ddv i’ where
i =
1,2,3,...

Thecdv initial point andddv initial point specificationsprovide thepoint in designspace
from whichaniteratoris startedfor thecontinuousanddiscretedesignvariables,respectively. Thecdv -
lower bounds, ddv lower bounds, cdv upper bounds andddv upper bounds restrict the
size of the feasibledesignspaceand are frequently usedto prevent nonphysical designs. The cdv -
descriptor andddv descriptor specificationssupplystringswhichwill bereplicatedthroughthe
DAKOTA output to help identify the numerical valuesfor theseparameters. Default values for optional
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specificationsarezerosfor initial values,positiveandnegativemachinelimits for upper andlowerbounds
(+/- DBL MAX, INT MAX, INT MIN from thefloat.h andlimits.h systemheaderfiles), andnum-
beredstringsfor descriptors.

6.5 Uncertain Variables

Uncertainvariablesinvolve oneof severalsupportedprobability distributionspecifications,including nor-
mal, lognormal, uniform, loguniform, weibull, or histogramdistributions. Eachof thesespecifications is
anoptional group specification. Within thenormal uncertainoptional group specification, thenumber of
normal uncertainvariables,themeans,andstandarddeviations arerequired specifications,andthedistri-
bution lower andupperboundsandvariable descriptorsareoptional specifications.Within thelognormal
uncertain optional group specification,thenumber of lognormaluncertain variables,themeans,andeither
standarddeviationsor errorfactorsmustbespecified,andthedistribution lowerandupperboundsandvari-
abledescriptorsareoptional specifications. Within theuniform uncertainoptional groupspecification, the
number of uniformuncertainvariables andthedistribution lowerandupper boundsarerequired specifica-
tions,andvariable descriptorsis anoptionalspecification.Within theloguniform uncertainoptional group
specification,thenumberof loguniform uncertainvariablesandthedistributionlowerandupperboundsare
requiredspecifications,andvariable descriptors is anoptional specification.Within theweibull uncertain
optional group specification,thenumberof weibull uncertain variables andthealphaandbetaparameters
arerequired specifications,andthe distribution lower andupper bounds andvariabledescriptors areop-
tional specifications.And finally, within thehistogramuncertain optional groupspecification,thenumber
of histogram uncertain variablesandfile namesarerequired specifications, andthedistribution lower and
upper bounds andvariable descriptors areoptional specifications.Tables6.4 through 6.9 summarizethe
detailsof theuncertainvariablespecifications.

Table 6.4Specificationdetail for normal uncertain variables

Description Keyword AssociatedData Status Default
normal uncertain
variables

normal -
uncertain

integer Optional group nonormal
uncertain
variables

normal uncertain
means

nuv means list of reals Required N/A

normal uncertain
standard
deviations

nuv std -
deviations

list of reals Required N/A

Distribution
lowerbounds

nuv dist -
lower bounds

list of reals Optional Vectorvalues=
-DBL MAX

Distribution
upper bounds

nuv dist -
upper bounds

list of reals Optional Vectorvalues=
+DBL MAX

Descriptors nuv -
descriptor

list of strings Optional Vectorof
‘nuv i’ where
i =
1,2,3,...

Table 6.5Specificationdetail for lognormal uncertain variables
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Description Keyword AssociatedData Status Default
lognormal
uncertain
variables

lognormal -
uncertain

integer Optional group no lognormal
uncertain
variables

lognormal
uncertainmeans

lnuv means list of reals Required N/A

lognormal
uncertain
standard
deviations

lnuv std -
deviations

list of reals Required(1 of 2
selections)

N/A

lognormal
uncertainerror
factors

lnuv error -
factors

list of reals Required(1 of 2
selections)

N/A

Distribution
lowerbounds

lnuv dist -
lower bounds

list of reals Optional Vectorvalues=
-DBL MAX

Distribution
upper bounds

lnuv dist -
upper bounds

list of reals Optional Vectorvalues=
+DBL MAX

Descriptors lnuv -
descriptor

list of strings Optional Vectorof
‘lnuv i’
wherei =
1,2,3,...

Table 6.6Specificationdetail for uniform uncertain variables

Description Keyword AssociatedData Status Default
uniform uncertain
variables

uniform -
uncertain

integer Optional group nouniform
uncertain
variables

Distribution
lowerbounds

uuv dist -
lower bounds

list of reals Required N/A

Distribution
upper bounds

uuv dist -
upper bounds

list of reals Required N/A

Descriptors uuv -
descriptor

list of strings Optional Vectorof
‘uuv i’ where
i =
1,2,3,...

Table 6.7Specificationdetail for loguniform uncertain variables

Description Keyword AssociatedData Status Default
loguniform
uncertain
variables

loguniform -
uncertain

integer Optional group no loguniform
uncertain
variables

Distribution
lowerbounds

luuv dist -
lower bounds

list of reals Required N/A

Distribution
upper bounds

luuv dist -
upper bounds

list of reals Required N/A

Descriptors luuv -
descriptor

list of strings Optional Vectorof
‘luuv i’
wherei =
1,2,3,...

Table 6.8Specificationdetail for weibull uncertain variables
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Description Keyword AssociatedData Status Default
weibull uncertain
variables

weibull -
uncertain

integer Optional group noweibull
uncertain
variables

weibull uncertain
alphas

wuv alphas list of reals Required N/A

weibull uncertain
betas

wuv betas list of reals Required N/A

Distribution
lowerbounds

wuv dist -
lower bounds

list of reals Optional Vectorvalues=
-DBL MAX

Distribution
upper bounds

wuv dist -
upper bounds

list of reals Optional Vectorvalues=
+DBL MAX

Descriptors wuv -
descriptor

list of strings Optional Vectorof
‘wuv i’ where
i =
1,2,3,...

Table 6.9Specificationdetail for histogram uncertain variables

Description Keyword AssociatedData Status Default
histogram
uncertain
variables

histogram -
uncertain

integer Optional group nohistogram
uncertain
variables

histogram
uncertainfile
names

huv -
filenames

list of strings Required N/A

Distribution
lowerbounds

huv dist -
lower bounds

list of reals Optional Vectorvalues=
-DBL MAX

Distribution
upper bounds

huv dist -
upper bounds

list of reals Optional Vectorvalues=
+DBL MAX

Descriptors huv -
descriptor

list of strings Optional Vectorof
‘huv i’ where
i =
1,2,3,...

Lower andupper distribution boundscanbeusedto truncatethetails of thedistributions for thosedistri-
butionsfor which boundsaremeaningful. They areprovidedfor all distribution typesin orderto support
methods which rely on a boundedregion to definea setof function evaluations (i.e., designof experi-
mentsandsomeparameterstudymethods). Default boundsarepositive andnegative machinelimits (+/-
DBL MAX) definedin thefloat.h systemheader file. Theuncertain variable descriptorspecifications
providesstringswhichwill bereplicatedthrough theDAKOTA output to helpidentify thenumerical values
for theseparameters.Default valuesfor descriptors arenumberedstrings.

Uncertainvariables may have correlations specifiedthrough useof an uncertain correlation -
matrix specification.This specificationis generalizedin thesensethat its specificmeaningdependson
thenondeterministicmethodin use.Whenthemethodis anondeterministicsamplingmethod(i.e.,nond -
sampling), thenthecorrelationmatrixspecifiesrankcorrelations [ ImanandConover, 1982]. Whenthe
methodis insteadan analyticreliability (i.e., nond analytic reliability) or polynomial chaos
(i.e.,nond polynomial chaos) method, thenthecorrelationmatrix specifiescorrelationcoefficients
(normalizedcovariance)[HaldarandMahadevan,2000]. In eitherof thesecases,specifying the identity
matrix resultsin uncorrelateduncertain variables (the default). The matrix input shouldhave d

)
entries

listedby rows wheren is thetotal number of uncertain variables(all normal, lognormal,uniform, loguni-
form, weibull, andhistogram specifications,in thatorder). Table6.10 summarizesthespecificationdetails:

Table 6.10Specificationdetail for uncertain correlations
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Description Keyword AssociatedData Status Default
correlationsin
uncertain
variables

uncertain -
correlation -
matrix

list of reals Optional identitymatrix
(uncorrelated)

6.6 StateVariables

Within theoptional continuousstatevariablesspecificationgroup, thenumberof continuousstatevariables
is a required specificationandthe initial states,lower bounds,upper bounds,andvariabledescriptors are
optional specifications.Likewise,within theoptional discretestatevariablesspecificationgroup, thenum-
berof discretestatevariablesis a required specificationandtheinitial states,lowerbounds,upperbounds,
andvariable descriptorsareoptional specifications. Thesevariablesprovide a convenientmechanismfor
managing additional model parameterizationssuchasmeshdensity, simulationconvergencetolerances,
andtimestepcontrols. Table6.11summarizesthedetailsof thecontinuousstatevariable specificationand
Table6.12summarizes thedetailsof thediscretestatevariablespecification.

Table 6.11Specificationdetail for continuousstatevariables

Description Keyword AssociatedData Status Default
Continuousstate
variables

continuous -
state

integer Optional group No continuous
statevariables

Initial states csv -
initial -
state

list of reals Optional Vectorvalues=
0.0

Lowerbounds csv lower -
bounds

list of reals Optional Vectorvalues=
-DBL MAX

Upperbounds csv upper -
bounds

list of reals Optional Vectorvalues=
+DBL MAX

Descriptors csv -
descriptor

list of strings Optional Vectorof
‘csv i’ where
i =
1,2,3,...

Table 6.12Specificationdetail for discretestatevariables

Description Keyword AssociatedData Status Default
Discretestate
variables

discrete -
state

integer Optional group No discretestate
variables

Initial states dsv -
initial -
state

list of integers Optional Vectorvalues= 0

Lowerbounds dsv lower -
bounds

list of integers Optional Vectorvalues=
INT MIN

Upperbounds dsv upper -
bounds

list of integers Optional Vectorvalues=
INT MAX

Descriptors dsv -
descriptor

list of strings Optional Vectorof
‘dsv i’ where
i =
1,2,3,...

The csv initial state anddsv initial state specificationsdefinethe initial valuesfor the
continuousanddiscretestatevariableswhichwill bepassedthroughto thesimulator(e.g.,in ordertodefine
parameterizedmodeling controls). The csv lower bounds, csv upper bounds, dsv lower -
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bounds, anddsv upper bounds restrictthesizeof thestateparameterspaceandarefrequently used
to definea region for designof experimentsor parameterstudyinvestigations.Thecsv descriptor
anddsv descriptor vectorsprovide stringswhich will be replicatedthrough the DAKOTA output
to help identify the numerical valuesfor theseparameters. Default valuesfor optional specificationsare
zerosfor initial states,positive andnegative machine limits for upper andlower bounds(+/- DBL MAX,
INT MAX, INT MIN from thefloat.h andlimits.h systemheaderfiles), andnumberedstringsfor
descriptors.

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimit ri van Heesch c
�

1997-2001



78 VariablesCommands

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimitri van Heesch c
�

1997-2001



Chapter 7

Interface Commands

7.1 Interface Description

Theinterface sectionin aDAKOTA inputfile specifieshow functionevaluationswill beperformed.Func-
tion evaluationscanbeperformedusingeitheraninterface with a simulationcodeor aninterfacewith an
approximationmethod.

In the former caseof a simulation, the application interfaceis usedto invoke the simulationwith either
systemcalls, forks, direct function invocations, or XML socket invocations.In the systemcall andfork
cases,communicationbetweenDAKOTA andthesimulationoccurs throughparameter andresponsefiles.
In the direct function case,communication occurs through the function parameterlist. The direct case
caninvolve linkedsimulationcodesor polynomial testfunctions which arecompiledinto the DAKOTA
executable. Thepolynomial test functionsallow for rapid testingof algorithms without processcreation
overheador engineeringsimulationexpense.TheXML caseis experimentalandunderdevelopment.More
informationandexamples on interfacingwith simulationsareprovidedin Application Interface.

In thecaseof anapproximation, anapproximationinterfacecanbeselectedto makeuseof theglobal, local,
multipoint, andhierarchical surrogatemodelingcapabilitiesavailablewithin DAKOTA’s Approximation-
Interface classandDakotaApproximation classhierarchy (seeApproximationInterface).

Several examples follow. The first example shows an applicationinterfacespecificationwhich specifies
the useof systemcalls, the namesof the analysisexecutableand the parametersand resultsfiles, and
that parametersand responsesfiles will be taggedand saved. Refer to Application Interface for more
informationon theuseof theseoptions.

interface, \
application system, \

analysis_drivers = ‘rosenbrock’ \
parameters_file = ‘params.in’ \
results_file = ‘results.out’ \
file_tag \
file_save

Thenext exampleshowsasimilarspecification,except thatanexternalrosenbrock executablehasbeen
replacedby useof theinternalrosenbrock testfunction from theDir ectFnApplicInterfa ceclass.

interface, \
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application direct, \
analysis_drivers = ‘rosenbrock’ \

Thefinal example showsanapproximation interfacespecificationwhichselectsaquadraticpolynomialap-
proximationfrom amongtheglobal approximationalgorithms. It usesapointerto adesignof experiments
methodfor generatingthedataneededfor building a global approximation, reusesany old dataavailable
for thecurrent approximationregion, andemploys thescaledapproachto correcting theapproximationat
thecenterof thecurrent approximationregion.

interface, \
approximation global, \

polynomial \
dace_method_pointer = ’DACE’ \
reuse_samples region \
correction scaled \

7.2 Interface Specification

Theinterfacespecificationhasthefollowing top-level structure:

interface, \
<set identifier> \
<application specification> or \
<approximation specification>

wheretheapplication specificationcanbebrokendown into

interface, \
<set identifier> \
application \

<system call specification> or \
<fork specification> or \
<direct function specification> or
<xml specification>

andtheapproximationspecificationcanbebrokendown into

interface, \
<set identifier> \
approximation \

<global specification> or \
<multipoint specification> or \
<local specification> or \
<hierarchical specification>

Referringto dakota.input.spec, it is evidentfrom thebracketsthatthesetidentifieris anoptional specifica-
tion, andfrom therequiredgroups (enclosingin parentheses)separatedby OR’s, thateitheranapplication
or approximationinterface mustbespecified.Theoptional setidentifiercanbeusedto provide a unique
identifierstring for labelinga particularinterfacespecification.A method canthenidentify the useof a
particular interface by specifying this label in its interface pointer specification.If anapplication
interfaceis specified,its typemustbesystem,fork, direct,or xml. If anapproximation interfaceis spec-
ified, its type mustbe global, multipoint, local, or hierarchical. The following sectionsdescribeeachof
theseinterfacespecificationcomponentsin additional detail.
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7.3 Interface SetIdentifier

The optional set identifier specificationusesthe keyword id interface to input a string for usein
identifying a particular interfacespecificationwith a particularmethod(seealsointerface pointer
in MethodIndependent Controls). For example, a method whosespecificationcontains interface -
pointer = ‘I1’ will useaninterfacespecificationwith id interface = ‘I1’.

It is appropriateto omit anid interface stringin theinterfacespecificationanda correspondingin-
terface pointer stringin themethod specificationif onlyoneinterfacespecificationis includedin the
inputfile, sincethebinding of a method to aninterfaceis unambiguous in this case.Morespecifically, if a
methodomitsspecifyinganinterfacepointer, thenit will usethelast interfacespecificationparsed,which
hastheleastpotential for confusionwhenonlyasingleinterfacespecificationexists. Table7.1summarizes
thesetidentifierinputs.

Table 7.1Specificationdetail for setidentifier

Description Keyword AssociatedData Status Default
Interfaceset
identifier

id interface string Optional useof last
interfaceparsed

7.4 Appli cation Interface

Theapplicationinterfaceusesasimulatorprogram,andoptionally filter programs,toperformtheparameter
to responsemapping. The simulatorandfilter programsare invoked with systemcalls, forks, XML, or
directfunctioncalls. In thesystemcall andfork cases,filesareusedfor transferof parameterandresponse
databetweenDAKOTA andthe simulatorprogram. This approachis simpleandreliableanddoesnot
require any modification to simulatorprograms.In theXML case,packetsof parameter andresponsedata
arepassedover socketsfor enablingdistributionof simulationresources.ThiscapabilityutilizestheIDEA
framework andis experimentalandincomplete. In thedirect function case,the function parameterlist is
usedto passtheparameter andresponsedata.This approachrequiresmodificationto simulatorprograms
so that they canbe linked into DAKOTA; however it can be moreefficient through the eliminationof
processcreationoverhead,canbelessprone to lossof precisionin thatdatacanbepasseddirectly rather
thanwritten to andreadfrom a file, andcanenable completelyinternalmanagementof multiple levelsof
parallelismthroughtheuseof MPI communicatorpartitioning.

Theapplication interfacegroup specificationcontains severalspecifications which arevalid for all appli-
cationinterfacesaswell asadditional specifications pertaining specificallyto systemcall, fork, xml, or
direct application interfaces. Table7.2 summarizesthe specifications valid for all application interfaces,
andTables7.3 7.4, 7.5, and7.6 summarizethe additional specifications for systemcall, fork, xml, and
directfunctionapplicationinterfaces,respectively.

In Table7.2, therequiredanalysis drivers specificationprovidesthenamesof executableanalysis
programsor scriptswhich comprisea function evaluation. Thecommon caseof a singleanalysisdriver is
simply accommodatedby specifyinga list of onedriver (this alsoprovidesbackwardcompatibility with
previousDAKOTA versions).Theoptionalinput filter andoutput filter specificationsprovide
the namesof separatepre- andpost-processingprogramsor scriptswhich assistin mapping DAKOTA
parametersfiles into analysisinput files and mapping analysis output files into DAKOTA resultsfiles,
respectively. If thereis only a singleanalysisdriver, thenit is usuallymostconvenientto combine pre-
andpost-processingrequirementsinto asingleanalysisdriver scriptandomit theseparateinputandoutput
filters. However, in thecaseof multiple analysisdrivers,the input andoutput filters provide a convenient
locationfor non-repeatedpre-andpost-processingrequirements.That is, input andoutput filters areonly
executed onceper function evaluation, regardlessof the number of analysisdrivers,which makesthem
convenientlocations for dataprocessingoperations which only needto be performedonceper function
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evaluation.

Theoptionalasynchronous flagspecifiesuseof asynchronousprotocols (i.e.,backgroundsystemcalls,
nonblocking forks, POSIX threads)when evaluationsor analysesare invoked. The evaluation -
concurrency andanalysis concurrency specificationsserveadualpurpose:

� whenrunning DAKOTA on a singleprocessorin asynchronous mode,thedefault concurrency
of evaluationsandanalysesis all concurrency thatis available.Theevaluation concurrency
andanalysis concurrency specificationscanbe usedto limit this concurrency in order to
avoid machine overloador usagepolicy violation.� whenrunning DAKOTA on multiple processorsin messagepassingmode, thedefault concurrency
of evaluationsandanalyseson eachof theserversis one(i.e., theparallelismis exclusively thatof
themessagepassing). With theevaluation concurrency andanalysis concurrency
specifications,a hybrid parallelismcanbeselectedthrough combinationof messagepassingparal-
lelism with asynchronous parallelismoneachserver.

The optional evaluation servers and analysis servers specificationssupport user over-
rides of the automatic parallel configuration (refer to ParallelLibrary ) for the number of evalu-
ation servers and the number of analysis servers. Similarly, the optional evaluation self -
scheduling, evaluation static scheduling, analysis self scheduling, andanal-
ysis static scheduling specificationscanbeusedto override theautomaticparallelconfiguration
of schedulingapproachat theevaluation andanalysisparallelismlevels. That is, if theautomatic config-
urationis undesirablefor somereason,theusercanenforcea desirednumber of partitionsanda desired
scheduling policy at theseparallelism levels.

Failure capturing in application interfacesis governedby the failure capture specification. Sup-
porteddirectivesfor mitigatingcapturedfailuresareabort (thedefault), retry, recover, andcon-
tinuation. Theretry selectionsupports an integer input for specifyinga limit on retries,andthe
recover selectionsupportsa list of realsfor specifyingthedummy function valuesto usefor thefailed
function evaluation.

Theactive setvector (ASV) usagesettingallows theuserto turn off any variability in ASV values sothat
active set logic canbe omittedin the user’s simulationinterface. This option tradessomeefficiency for
simplicity in interfacedevelopment.Thevariable settingresultsin thedefaultbehavior wheretheASV
valuesmayvary from onefunctionevaluation to thenext. Sincetheuser’s interfacemustreturnthedata
setspecifiedin theASV values,this interfacemustcontainadditional logic to account for changing ASV
values.SettingtheASV control toconstant causesDAKOTA to alwaysrequesta”full” dataset(thefull
function,gradient,andHessiandatathatis availablefrom theinterfaceasspecifiedin theresponsesspecifi-
cation)oneachfunction evaluation. For example, if active set vector is specifiedto beconstant
andtheresponsessectionspecifiesfour responsefunctions,analyticgradients,andno Hessians,thenthe
ASV on every function evaluation will be � 3 3 3 3 � , regardlessof whatsubsetof this datais currently
needed. While wastefulof computationsin many instances,this removestheneedfor ASV-related logic
in userinterfacessinceit allows the userto returnthe samedataseton every evaluation. Conversely, if
active set vector is specifiedto bevariable (or thespecificationis omittedresultingin default
behavior), thentheASV requestsin thisexamplemightvaryfrom � 1 1 1 1 � to � 2 0 0 2 � , etc.,according
to thespecificdataneededonaparticularfunctionevaluation.Thiswill require theuser’s interfaceto read
theASV requestsandperform theappropriatelogic in conditionally returning only thedatarequested. In
general, thedefault variable behavior is recommendedfor efficiency through theeliminationof unnec-
essarycomputations,although in someinstances,ASV control setto constant cansimplify operations
andspeedfilter developmentfor time critical applications. Note that in all cases,the datareturned to
DAKOTA from theuser’s interfacemustmatchtheASV passedin (or elsea responserecovery errorwill
result). However, whentheASV valuesareheldconstant,they neednot becheckedon every evaluation.
Note: Settingthe ASV control to constant canhave a positive effect on load balancing for parallel
DAKOTA executions.Thus,thereis significantoverlapin this ASV control optionwith speculativegradi-
ents(seeMethodIndependentControls). There is alsooverlapwith themodeoverrideapproachusedwith
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certainoptimizers(seeSNLLOptimizer ) to combine individualvalue,gradient,andHessianrequests.

Table 7.2Specificationdetail for application interfaces

Description Keyword AssociatedData Status Default
Application
interface

application none Requiredgroup
(1 of 2 selections)

N/A

Analysisdrivers analysis -
drivers

list of strings Required N/A

Input filter input filter string Optional no inputfilter
Output filter output -

filter
string Optional nooutput filter

Asynchronous
interface usage

asynchronous none Optional group synchronous
interfaceusage

Asynchronous
evaluation
concurrency

evaluation -
concurrency

integer Optional local: unlimited
concurrency,
hybrid: no
concurrency

Asynchronous
analysis
concurrency

analysis -
concurrency

integer Optional local: unlimited
concurrency,
hybrid: no
concurrency

Number of
evaluationservers

evaluation -
servers

integer Optional nooverrideof
autoconfigure

Self scheduling
of evaluations

evaluation -
self -
scheduling

none Optional nooverrideof
autoconfigure

Staticscheduling
of evaluations

evaluation -
static -
scheduling

none Optional nooverrideof
autoconfigure

Number of
analysisservers

analysis -
servers

integer Optional nooverrideof
autoconfigure

Self scheduling
of analyses

analysis -
self -
scheduling

none Optional nooverrideof
autoconfigure

Staticscheduling
of analyses

analysis -
static -
scheduling

none Optional nooverrideof
autoconfigure

Failurecapturing failure -
capture

abort � retry �
recover �
continuation

Optional group abort

Retrylimit retry integer Required(1 of 4
selections)

N/A

Recovery
functionvalues

recover list of reals Required(1 of 4
selections)

N/A

Activesetvector
usage

active set -
vector

constant �
variable

Optional group variable

In addition to thegeneralapplicationinterfacespecifications, the typeof application interfaceinvolvesa
selectionbetweensystem,fork,xml, ordirect requiredgroupspecifications.Thefollowing sections
describethesegroupspecificationsin detail.
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7.4.1 Systemcall application interface

For systemcall interfaces, theparameters file, results file, analysis usage, aprepro,
file tag, andfile save areadditional settingswithin thegroup specifications. Theparametersand
resultsfile names aresuppliedasstringsusingtheparameters file andresults file specifica-
tions. Both specifications areoptional with thedefault datatransferfiles beingUnix temporary files (e.g.,
/usr/tmp/aaaa08861). Theparametersandresultsfile names arepassedon thecommandline of thesystem
callsor asargumentsin theexecvp() function of thefork application interface.Specialanalysiscommand
syntaxcanbeenteredasa stringwith theanalysis usage specification. This specialsyntaxreplaces
thenormal systemcall combinationof thespecifiedanalysis driverswith command line arguments;
however, it doesnotaffect theinput filter andoutput filter syntax(if filtersarepresent).Note
that if therearemultiple analysisdrivers, thenanalysis usage mustinclude the syntaxfor all anal-
ysesin a singlestring (typically separatedby semi-colons). The default is no specialsyntax,suchthat
theanalysis drivers will beusedin the standardway asdescribedin the UsersManual. The for-
mat of datain the parameters files canbe modified for direct usagewith the APREPRO pre-processing
tool usingtheaprepro specification.File tagging (appending parametersandresultsfiles with thefunc-
tion evaluation number) andfile saving (leaving parametersandresultsfiles in existenceaftertheir useis
complete) arecontrolled with thefile tag andfile save flags. If thesespecificationsareomitted,
the default is no file tagging(no appendedfunction evaluation number) andno file saving (files will be
removedaftera function evaluation). File taggingis mostusefulwhenmultiple function evaluations are
running simultaneously usingfiles in a shareddisk space,andfile saving is mostusefulwhendebugging
thedatacommunicationbetweenDAKOTA andthe simulation. Theadditional specificationsfor system
call application interfacesaresummarized in Table7.3.

Table 7.3Additional specificationsfor systemcall application interfaces

Description Keyword AssociatedData Status Default
Systemcall
application
interface

system none Requiredgroup
(1 of 4 selections)

N/A

Parameters file
name

parameters -
file

string Optional Unix tempfiles

Resultsfile name results file string Optional Unix tempfiles
Specialanalysis
usagesyntax

analysis -
usage

string Optional standardanalysis
usage

Aprepro
parametersfile
format

aprepro none Optional standard
parameters file
format

Parameters and
resultsfile
tagging

file tag none Optional no tagging

Parameters and
resultsfile saving

file save none Optional file cleanup

7.4.2 Fork application interface

For fork applicationinterfaces,theparameters file, results file, aprepro, file tag, and
file save areadditional settingswithin thegroup specificationandhaveidenticalmeaningsto thosefor
the systemcall application interface. The only differencein specifications is that fork interfacesdo not
support ananalysis usage specificationdueto limitationsin theexecvp() functionusedwhenforking
a process.Theadditional specifications for fork applicationinterfaces aresummarizedin Table7.4.

Table 7.4Additional specificationsfor fork application interfaces

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimitri van Heesch c
�

1997-2001



7.4Application Interface 85

Description Keyword AssociatedData Status Default
Fork application
interface

fork none Requiredgroup
(1 of 4 selections)

N/A

Parameters file
name

parameters -
file

string Optional Unix tempfiles

Resultsfile name results file string Optional Unix tempfiles
Aprepro
parametersfile
format

aprepro none Optional standard
parameters file
format

Parameters and
resultsfile
tagging

file tag none Optional no tagging

Parameters and
resultsfile saving

file save none Optional file cleanup

7.4.3 XML application interface

For XML application interfaces,hostnames and processors per host are additional settings
within the requiredgroup. hostnames providesa list of machinesfor usein distributing evaluations,
andprocessors per host specifiedthenumber of processorsto usefrom eachhost.This capability
is a placeholderfor future work with theIDEA framework andis notcurrently operational. Theadditional
specificationsfor XML application interfacesaresummarizedin Table7.5.

Table 7.5Additional specificationsfor XML application interfaces

Description Keyword AssociatedData Status Default
XML application
interface

xml none Requiredgroup
(1 of 4 selections)

N/A

Namesof host
machines

hostnames list of strings Required N/A

Number of
processorsper
host

processors -
per host

list of integers Optional 1 processorfrom
eachhost

7.4.4 Dir ect function application interface

For directfunction applicationinterfaces,processors per analysis is anadditional settingwithin
the required group which is usedto configure multiprocessoranalysispartitions. As with the eval-
uation servers, analysis servers, evaluation self scheduling, evaluation -
static scheduling, analysis self scheduling, and analysis static scheduling
specificationsdescribedabovein Application Interface,processors per analysis providesameans
for theuserto override theautomaticparallelconfiguration(refer to ParallelLibrary ) for thenumber of
processorsusedfor eachanalysispartition. Notethatif bothanalysis servers andprocessors -
per analysis arespecifiedandthey arenot in agreement, thenanalysis servers takesprece-
dence.Thedirectapplication interfacespecifications aresummarizedin Table7.6.

Table 7.6Additional specificationsfor dir ect function application interfaces

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimit ri van Heesch c
�

1997-2001



86 Interface Commands

Description Keyword AssociatedData Status Default
Direct function
application
interface

direct none Requiredgroup
(1 of 4 selections)

N/A

Number of
processorsper
analysis

processors -
per analysis

integer Optional nooverrideof
autoconfigure

Currently, only theSALINAS structural dynamicscodeis availableasa linkedsimulationcode,although
theSIERRAmultiphysicsframework is scheduled to besupportedin future releases.Themore common
usageof the direct interfaceis the useof internal testproblemswhich areavailable for performing pa-
rameterto responsemappingsasinexpensively aspossible.Theseproblemsarecompiled directly into the
DAKOTA executableaspartof thedirect function applicationinterfaceclassandareusedfor algorithm
testing.Referto Dir ectFnApplicInterfa ce for currently availabletesters.

7.5 Approximation Interface

Theapproximation interfaceusesanapproximaterepresentationof a ”truth” modelto perform theparam-
eterto responsemapping. This approximation, or surrogatemodel,is built andupdatedusingdatafrom
thetruth model.This datais generatedin somecasesusinga designof experimentsiteratorappliedto the
truth model(global approximationswith adace method pointer). In othercases,truth model data
from a singlepoint (local, hierarchical approximations), from a few previously evaluatedpoints (multi-
point approximations),or from therestartdatabase(globalapproximations with reuse samples) can
beused.Approximation interfacesareusedextensively in thesurrogate-basedoptimizationstrategy (see
SurrBasedOptStrategyandSurrogate-basedOptimizationCommands), in which thegoalsareto reduce
expenseby minimizingthenumberof truthfunction evaluationsandto smoothoutnoisydatawith aglobal
datafit. However, the useof approximation interfacesis not restrictedin any way to optimizationtech-
niques,andin fact,theuncertainty quantification methods andoptimizationunder uncertainty strategy are
otherprimaryusers.

Theapproximationinterfacespecificationrequiresthespecificationof oneof thefollowing approximation
types:global, multipoint, local, or hierarchical. Eachof thesespecificationsis a required
group with several additional specifications. The following sectionspresenteachof thesespecification
groupsin further detail.

7.5.1 Global approximation interface

Theglobal approximationinterface specificationrequiresthespecificationof oneof thefollowing approx-
imationmethods: neural network, polynomial, mars, hermite, or kriging. Thesespecifica-
tions invoke a layered perceptron artificial neural network approximation,a quadratic polynomial regres-
sionapproximation,amultivariateadaptiveregressionsplineapproximation,ahermite polynomialapprox-
imation,or akriging interpolationapproximation, respectively. In thekriging case,avectorof correlations
canbeoptionally specifiedin orderto bypassthe internal kriging calculations of correlation coefficients.
For eachof theglobal approximationmethods,dace method pointer, reuse samples, correc-
tion, anduse gradients canbe optionally specified.Thedace method pointer specification
pointsto a designof experimentsiteratorwhich canbe usedto generatetruth model datafor building a
global datafit. Thereuse samples specificationcanbe usedto employ old data(eitherfrom previ-
ousfunction evaluationsperformedin therun or from function evaluationsreadfrom therestartdatabase)
in the building of new global approximations. The default is no reuseof old data(sincethis caninduce

Generatedon Mon Apr 1 12:29:122002for DAKOTA by Doxygenwritten by Dimitri van Heesch c
�

1997-2001



7.5Approximation Interface 87

bias),andthe settingsof all andregion result in reuseof all availabledataandall dataavailablein
thecurrent trustregion, respectively. Thecombination of new build datafrom dace method pointer
andold build datafromreuse samples mustbesufficient for building theglobalapproximation. If not
enoughdatais available,thesystemwill abortwith anerrormessage.Bothdace method pointer and
reuse samples areoptional specifications,whichgivestheusermaximum flexibility in usingdesignof
experimentsdata,restartdata,or both. The � correctionspecificationspecifiesthata correctiontechnique
will be appliedto the approximation in order for the approximation to matchtruth data(valueor both
valueandgradient)ataparticularpoint (e.g.,thecenterof theapproximation region). Available techniques
includeoffset for adding a +/- offset to theapproximation to matcha truth valueat a point,scaled
for multiplying theapproximationby a scalarto matcha truth valueat a point, and � betafor multiplying
the approximation by a function to matchthe truth valueandthe truth gradient at a point. Finally, the
use gradients flag specifiesa futurecapability for theuseof gradient datain theglobalapproxima-
tion builds. This capabilityis currently supported in SurrBasedOptStrategy, SurrogateDataPoint, and
DakotaApproximation::b uild (), but is notyetsupportedin any global approximationderived classredef-
initions of DakotaApproximation::find coefficients(). Table7.7 summarizesthe global approximation
interfacespecifications.

Table 7.7Specificationdetail for global approximation interfaces

Description Keyword AssociatedData Status Default
Global
approximation
interface

global none Requiredgroup
(1 of 4 selections)

N/A

Artificial neural
network

neural -
network

none Required(1 of 5
selections)

N/A

Quadratic
polynomial

polynomial none Required(1 of 5
selections)

N/A

Multivariate
adaptive
regressionsplines

mars none Required(1 of 5
selections)

N/A

Hermite
polynomial

hermite none Required(1 of 5
selections)

N/A

Kriging
interpolation

kriging none Requiredgroup
(1 of 5 selections)

N/A

Kriging
correlations

correlations list of reals Optional internally
computed
correlations

Designof
experiments
method pointer

dace -
method -
pointer

string Optional nodesignof
experimentsdata

Samplereusein
global
approximation
builds

reuse -
samples

all � region Optional group nosamplereuse

Surrogate
correction
approach

correction offset �
scaled � beta Optional group nosurrogate

correction

Useof gradient
datain global
approximation
builds

use -
gradients

none Optional gradient datanot
usedin global
approximation
builds
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7.5.2 Multipoint approximation interface

Multipoint approximations usedatafrom previousdesignpointsto improve theaccuracy of local approxi-
mations.Thisspecificationis aplaceholderfor futurecapability asnomultipoint approximationalgorithms
arecurrently available.Table7.8summarizesthemultipoint approximationinterfacespecifications.

Table 7.8Specificationdetail for multipoint approximation interfaces

Description Keyword AssociatedData Status Default
Multipoint
approximation
interface

multipoint none Requiredgroup
(1 of 4 selections)

N/A

Pointerto the
truth interface
specification

actual -
interface -
pointer

string Required N/A

7.5.3 Local approximation interface

Local approximations usevalueandgradient datafrom a singlepoint to form a seriesexpansionfor ap-
proximatingdatain thevicinity of thispoint.Thecurrently availablelocalapproximationis thetaylor -
series selection.ThisisafirstorderTaylorseriesexpansion,alsoknownasthe”linearapproximation” in
theoptimization literature. Otherlocalapproximations,suchasthe”reciprocal” and”conservative/convex”
approximations,maybecomeavailablein thefuture.Therequiredactual interface pointer spec-
ification andtheoptionalactual interface responses pointer specificationaretheadditional
inputsfor local approximations. Theformer pointsto an interface specificationwhich providesthe truth
model for generatingthevalueandgradient datausedin theseriesexpansion. And thelattercanbeused
to employ a different responsesspecificationfor the truth model than that usedfor mappings from the
local approximation. For example, thetruth modelmaygenerategradient datausingfinite differences(as
specifiedin the responsesspecificationidentifiedby actual interface responses pointer),
whereasthe local approximation may return (approximate)analyticgradients(asspecifiedin a different
responsesspecificationwhich is identifiedby themethodusingthe local approximationasits interface).
If actual interface responses pointer is not specified,thenthe responsesetavailablefrom
truthmodel evaluationsandapproximationinterfacemappingswill bethesame.Table7.9summarizesthe
localapproximationinterfacespecifications.

Table 7.9Specificationdetail for local approximation interfaces

Description Keyword AssociatedData Status Default
Local
approximation
interface

local none Requiredgroup
(1 of 4 selections)

N/A

Taylorseries
local
approximation

taylor -
series

none Required N/A

Pointerto the
truth interface
specification

actual -
interface -
pointer

string Required N/A

Pointerto the
truthresponses
specification

actual -
interface -
responses -
pointer

string Optional reuseof
responses
specificationin
truthmodel
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7.5.4 Hierar chical approximation interface

Hierarchical approximations usecorrectedresultsfrom a low fidelity interfaceasanapproximationto the
resultsof ahighfidelity ”truth” model. Therequired low fidelity interface pointer specifica-
tionpointsto thelow fidelity interfacespecification.Thisinterfaceisusedtogeneratelow fidelity responses
which are then corrected and returned to an iterator. The required high fidelity interface -
pointer specificationpoints to theinterfacespecificationfor thehighfidelity truthmodel.Thismodelis
usedonly whennew correctionfactorsfor thelow fidelity interface areneeded.Thecorrection speci-
ficationspecifieswhichcorrectiontechniquewill beappliedto thelow fidelity resultsin orderto matchthe
high fidelity results(value or bothvalueandgradient) at a particular point (e.g.,thecenterof theapproxi-
mationregion). In thehierarchical case(ascomparedto theglobalcase),thecorrection specification
is required, sincetheomissionof a correctiontechniquewould effectively wasteall high fidelity evalua-
tions. If it is desiredto usea low fidelity modelwithout corrections,thena hierarchical approximation is
notneededandasingleapplicationinterfaceshouldbeused.Availablecorrectiontechniquesareoffset,
scaled, andbeta, asdescribed previously in Globalapproximationinterface. Table7.10 summarizes
thehierarchical approximationinterfacespecifications.

Table 7.10Specificationdetail for hierarchical approximation interfaces

Description Keyword AssociatedData Status Default
Hierarchical
approximation
interface

hierarchical none Requiredgroup
(1 of 4 selections)

N/A

Pointerto thelow
fidelity interface
specification

low -
fidelity -
interface -
pointer

string Required N/A

Pointerto the
highfidelity
interface
specification

high -
fidelity -
interface -
pointer

string Required N/A

Surrogate
correction
approach

correction offset �
scaled � beta Required N/A
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Chapter 8

ResponsesCommands

8.1 ResponsesDescription

The responsesspecificationin a DAKOTA input file specifiesthe dataset that can be recovered from
the interfaceafter the completion of a ”function evaluation.” Here, the term function evaluationis used
somewhat looselyto denotea datarequest from an iteratorthat is mappedthrough an interfacein a sin-
gle pass.Strictly speaking,this datarequestmay actually involve multiple responsefunctions andtheir
derivatives,but thetermfunctionevaluationis widely usedfor this purpose.Thedatasetis madeup of a
setof functions,their first derivative vectors (gradients),andtheir secondderivative matrices(Hessians).
This abstraction providesa genericdatacontainer (theDakotaResponseclass)whosecontents areinter-
preteddifferentlydepending uponthe typeof iterationbeingperformed. In thecaseof optimization, the
setof functionsconsistsof oneor more objective functions, nonlinear inequality constraints, andnonlin-
earequalityconstraints. Linear constraints arenot part of a responsesetsincetheir coefficients canbe
communicatedto an optimizerat startup andthencomputedinternally for all function evaluations(see
MethodIndependent Controls). In the caseof leastsquares iterators,the functions consistof individual
residualterms(asopposedto a sumof the squaresobjective function). In the caseof nondeterministic
iterators,thefunctionsetis madeupof generic responsefunctionsfor whichtheeffectof parameteruncer-
tainty is to bequantified. Lastly, parameterstudyiteratorsmaybeusedwith any of theresponsedataset
types.Within theC++ implementation,thesamedatastructuresareusedto provideeachof theseresponse
datasettypes;only theinterpretationof thedatavariesfrom iteratorbranch to iteratorbranch.

Gradient availability may be describedby no gradients, numerical gradients, analytic -
gradients, or mixed gradients. no gradients meansthatgradient informationis not needed
in thestudy. numerical gradients meansthatgradient informationis neededandwill becomputed
with finite differencesusing either the native or one of the vendor finite differencingroutines. ana-
lytic gradients meansthatgradient informationis availabledirectly from thesimulation(finite dif-
ferencing is not required). And mixed gradients meansthatsomegradient informationis available
directly from thesimulationwhereastherestwill haveto befinite differenced.

Hessianavailability maybedescribedbyno hessians or analytic hessians wherethemeanings
arethesameasfor thecorrespondinggradient availability settings.Numerical Hessiansarenot currently
supported, since,in the caseof optimization, this would imply a finite difference-Newton technique for
whichadirectalgorithm alreadyexists.Capabilityfor numerical Hessianscanbeaddedin thefuture if the
needarises.

Theresponsesspecificationprovidesadescription of thetotaldatasetthatis availablefor useby theiterator
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during thecourseof its iteration. This shouldbedistinguishedfrom thedatasubsetdescribedin anactive
setvector (seeDAKOTA File DataFormats in theUsersManual)which describestheparticularsubsetof
theresponsedataneededfor anindividual function evaluation. In otherwords,theresponsesspecification
is a broaddescription of the datathat is availablewhereasthe active setvectordescribesthe particular
subsetof theavailabledatathatis currentlyneeded.

Severalexamplesfollow. Thefirst exampleshowsanoptimizationdatasetcontaininganobjectivefunction
andtwo nonlinearinequality constraints.Thesethreefunctionshave analyticgradient availability andno
Hessianavailability.

responses, \
num_objective_functions = 1 \
num_nonlinear_inequality_constraints = 2 \
analytic_gradients \
no_hessians

Thenext example shows a specificationfor a leastsquaresdataset. Thesix residualfunctions will have
numerical gradientscomputedusingthedakotafinite differencing routinewith central differencesof 0.1%
(plus/minusdeltavalue= .001Y value).

responses, \
num_least_squares_terms = 6 \
numerical_gradients \

method_source dakota \
interval_type central \
fd_step_size = .001 \

no_hessians

The last example shows a specificationthat could be usedwith a nondeterministiciterator. The three
responsefunctionshavenogradientor Hessianavailability; therefore,only functionvalueswill beusedby
theiterator.

responses, \
num_response_functions = 3 \
no_gradients \
no_hessians

Parameterstudyiteratorsarenot restrictedin termsof the responsedatasetswhich may be catalogued;
they maybeusedwith any of thefunction specificationexamplesshown above.

8.2 ResponsesSpecification

Theresponsesspecificationhasthefollowing structure:

responses, \
<set identifier> \
<function specification> \
<gradient specification> \
<Hessian specification>

Referringto dakota.input.spec, it is evident from theenclosingbracketsthat thesetidentifier is optional.
However, the function, gradient, andHessianspecifications areall required specifications,eachof which
contains several possiblespecifications separatedby logical OR’s. Thefunction specificationmustbeone
of threetypes:
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� objective andconstraintfunctions� leastsquares terms� generic responsefunctions

Thegradient specificationmustbeoneof four types:

� nogradients� numericalgradients� analyticgradients� mixedgradients

And theHessianspecificationmustbeoneof two types:

� noHessians� analyticHessians

Theoptional setidentifiercanbeusedtoprovideauniqueidentifierstringfor labelingaparticular responses
specification.A method canthenidentify theuseof a particular responsesetby specifying this labelin its
responses pointer specification. Thefunction, gradient, andHessianspecificationsdefinethedata
set thatcanbe recoveredfrom the interface. The following sectionsdescribe eachof thesespecification
componentsin additional detail.

8.3 ResponsesSetIdentifier

The optional set identifier specificationusesthe keyword id responses to input a string for usein
identifying a particularresponsessetwith a particular method(seealsoresponses pointer in the
MethodIndependent Controls). For example, a methodwhosespecificationcontains responses -
pointer = ‘R1’ will usea responsessetwith id responses = ‘R1’.

If this specificationis omitted,a particular responsesspecificationwill be usedby a method only if that
methodomits specifying a responses pointer and if the responsessetwas the last setparsed(or
is the only setparsed).In common practice,if only oneresponsessetexists, thenid responses can
besafelyomittedfrom the responsesspecificationandresponses pointer canbeomittedfrom the
methodspecification(s),sincethereis nopotentialfor ambiguity in thiscase.Table8.1summarizestheset
identifierinputs.

Table 8.1Specificationdetail for setidentifier

Description Keyword AssociatedData Status Default
Responsesset
identifier

id responses String Optional useof last
responsesparsed

8.4 Function Specification

The function specificationmust be one of threetypes: 1) a group containing objective and constraint
functions,2)aleastsquarestermsspecification, or3)aresponsefunctionsspecification.Thesefunctionsets
correspondto optimization, leastsquares,anduncertainty quantificationiterators,respectively. Parameter
studyanddesignof experimentsiteratorsmaybeusedwith any of thethreefunction specifications.
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8.4.1 Objectiveand constraint functions (optimization data set)

An optimization dataset is specifiedusing num objective functions and optionally multi -
objective weights, num nonlinear inequality constraints, nonlinear -
inequality lower bounds, nonlinear inequality upper bounds, num nonlinear -
equality constraints, and nonlinear equality targets. num objective -
functions, num nonlinear inequality constraints, and num nonlinear -
equality constraints specifythenumber of objective functions, nonlinear inequalityconstraints,
andnonlinearequalityconstraints, respectively. Thenumber of objective functionsmustbe1 or greater,
andthe number of inequality andequalityconstraints mustbe 0 or greater. If the number of objective
functions is greaterthan 1, then a multi objective weights specificationprovides a simple
weighted-sumapproachto combiningmultipleobjectives:

f � P[
H \ #hg H f H

If this is notspecified,theneachobjective function is givenequalweighting:

f � P[
H \ #

f Hd

nonlinear inequality lower bounds andnonlinear inequality upper bounds spec-
ificationsprovide thelowerandupper boundsfor 2-sidednonlinearinequalitiesof theform

i �  i7? � C  i �

Thedefaults for theinequalityconstraintboundsareselectedsothatone-sided inequalitiesof theform

i7? � C "�K� �

resultwhentherearenouserconstraintboundsspecifications(this providesbackwardscompatibility with
previous DAKOTA versions). In a userboundsspecification,any upper bound valuesgreaterthan+big-
BoundSize (1.e+30, asdefinedin DakotaOptimizer) are treatedas+infinity andany lower bound val-
ueslessthan-bigBoundSizearetreatedas-infinity. This feature is commonly usedto drop oneof the
bounds in order to specifya 1-sidedconstraint (just as the default lower boundsdrop out since-DBL -
MAX � -bigBoundSize). The sameapproachis usedfor the linear inequality bounds as described in
MethodIndependent Controls.

Thenonlinear equality targets specificationprovidesthetargetsfor nonlinearequalitiesof the
form i7? � C � i �

andthedefaults for theequalitytargetsenforceavalueof 0.0 for eachconstraint

i7? � C �j�K� �

Any linearconstraintspresentin anapplication needonly be input to anoptimizerat startup anddo not
needto bepartof thedatareturnedon every function evaluation (seethelinearconstraintsdescriptionin
MethodIndependent Controls). Table8.2summarizestheoptimizationdatasetspecification.

Table 8.2Specificationdetail for optimization data sets
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Description Keyword AssociatedData Status Default
Number of
objective
functions

num -
objective -
functions

integer Requiredgroup N/A

Multiobjective
weightings

multi -
objective -
weights

list of reals Optional equalweightings

Number of
nonlinear
inequality
constraints

num -
nonlinear -
inequality -
constraints

integer Optional 0

Nonlinear
inequality
constraint lower
bounds

nonlinear -
inequality -
lower bounds

list of reals Optional Vectorvalues=
-DBL MAX

Nonlinear
inequality
constraint upper
bounds

nonlinear -
inequality -
upper bounds

list of reals Optional Vectorvalues=
0.0

Number of
nonlinear
equality
constraints

num -
nonlinear -
equality -
constraints

integer Optional 0

Nonlinear
equality
constraint targets

nonlinear -
equality -
targets

list of reals Optional Vectorvalues=
0.0

8.4.2 Least squaresterms (leastsquaresdata set)

A leastsquaresdataset is specifiedusing num leastsquares terms. Eachof thesetermsis a residual
function to be driven toward zero. Thesetypesof problems are commonly encounteredin parameter
estimationandmodelvalidation. Leastsquaresproblemsaremostefficiently solvedusingspecial-purpose
leastsquaressolvers suchasGauss-Newton or Levenberg-Marquardt; however, they may alsobesolved
usinggeneral- purposeoptimizationalgorithms. It is important to realizethat,while DAKOTA cansolve
theseproblemswith eitherleastsquaresor optimization algorithms, theresponsedatasetsto bereturned
from the simulatoraredifferent. Leastsquaresinvolvesa setof residualfunctionswhereasoptimization
involvesa singleobjective function(sumof thesquares of theresiduals), i.e.

f � P[
H \ # ?lk H C

)

wheref is the objective function andthe setof kmH arethe residualfunctions. Therefore, derivative data
in the leastsquarescaseinvolvesderivativesof the residual functions,whereastheoptimization casein-
volvesderivativesof thesumof thesquaresobjectivefunction. Switchingbetweenthetwo approacheswill
likely require differentsimulationinterfacescapable of returning thedifferentgranularity of responsedata
required.Table8.3summarizestheleastsquaresdatasetspecification.

Table 8.3Specificationdetail for nonlinear leastsquaresdata sets

Description Keyword AssociatedData Status Default
Number of least
squares terms

num least -
squares -
terms

integer Required N/A
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8.4.3 Responsefunctions (genericdata set)

A generic responsedatasetis specifiedusingnum response functions. Eachof thesefunctionsis
simply a responsequantity of interestwith nospecialinterpretationtakenby themethod in use.This type
of datasetis usedby uncertaintyquantificationmethods,in whichtheeffectof parameteruncertainty onre-
sponsefunctionsis quantified, andcanalsobeusedin parameterstudyanddesignof experimentsmethods
(although thesemethodsarenot restrictedto this dataset),in which theeffect of parametervariationson
responsefunctionsis evaluated. Whereasobjective, constraint,andresidualfunctionshave specialmean-
ings for optimization andleastsquaresalgorithms, the genericresponsefunction datasetneednot have
a specificinterpretationandthe useris free to definewhatever functional form is convenient. Table8.4
summarizesthegeneric responsefunction datasetspecification.

Table 8.4Specificationdetail for genericresponsefunction data sets

Description Keyword AssociatedData Status Default
Number of
response
functions

num -
response -
functions

integer Required N/A

8.5 Gradient Specification

Thegradient specificationmustbeoneof four types:1) no gradients, 2) numerical gradients,3) analytic
gradients,or 4) mixed gradients.

8.5.1 No gradients

Theno gradients specificationmeansthatgradient informationis not needed in thestudy. Therefore,
it will neitherberetrievedfrom thesimulationnorcomputedwith finite differences.no gradients is a
completespecificationfor this case.

8.5.2 Numerical gradients

Thenumerical gradients specificationmeansthatgradient informationis neededandwill becom-
putedwith finite differencesusingeitherthenativeor oneof thevendor finite differencingroutines.

Themethod source settingspecifiesthe sourceof the finite differencingroutine that will be usedto
compute thenumericalgradients: dakota denotesDAKOTA’s internalfinite differencingalgorithm and
vendor denotesthefinite differencingalgorithmsupplied by theiteratorpackagein use(DOT, NPSOL,
andOPT++eachhave their own internalfinite differencingroutines). Thedakota routine is thedefault
sinceit canexecute in parallelandexploit theconcurrency in finite differenceevaluations (seeExploiting
Parallelismin the UsersManual). However, the vendor settingcanbe desirablein somecasessince
certainlibrarieswill modify theiralgorithmwhenthefinite differencingis performedinternally. Sincethe
selectionof thedakota routinehidestheuseof finite differencingfrom theoptimizers (theoptimizersare
configured to acceptuser-supplied gradients,which somealgorithmsassumeto beof analyticaccuracy),
thepotential existsfor thevendor settingto triggertheuseof analgorithm moreoptimizedfor thehigher
expenseand/or loweraccuracy of finite-differencing. For example,NPSOLusesgradientsin its line search
whenin user-supplied gradient mode (sinceit assumesthey areinexpensive), but usesa value-basedline
searchprocedurewheninternally finite differencing.Theuseof avalue-basedline searchwill oftenreduce
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total expensein serialoperations. However, in paralleloperations,theuseof gradients in theNPSOLline
search(user-suppliedgradient mode)providesexcellent loadbalancingwithoutneedto resorttospeculative
optimization approaches.In summary, then, thedakota routine is preferredfor parallel optimization, and
thevendor routine maybepreferredfor serialoptimizationin specialcases.

Theinterval type settingis usedto selectbetweenforward andcentral differencesin thenu-
mericalgradient calculations. The DAKOTA, DOT, andOPT++routineshave both forward andcentral
differencesavailable,andNPSOLstartswith forward differencesandautomaticallyswitchesto central
differencesastheiterationprogresses(theuserhasnocontrol over this).

Lastly, fd step size specifiesthe relative finite differencestepsize to be usedin the computations.
For DAKOTA, DOT, andOPT++,theintervalsarecomputedby multiplying thefd step size with the
current parametervalue.In thiscase,aminimum absolutedifferencinginterval is neededwhenthecurrent
parametervalue is closeto zero. This preventsfinite differenceintervals for theparameterwhich aretoo
small to distinguishdifferencesin theresponsequantitiesbeingcomputed. DAKOTA, DOT, andOPT++
all use1.e-2 Y fd step size as their minimum absolute differencing interval. With a fd step -
size = .001, for example, DAKOTA, DOT, andOPT++will useintervalsof .001Y currentvaluewith a
minimum interval of 1.e-5. NPSOLusesa different formula for its finite differenceintervals:fd step -
size Y (1+ � current parametervalue� ). This definitionhastheadvantageof eliminatingtheneedfor a
minimum absolute differencinginterval sincetheinterval no longergoesto zeroasthecurrent parameter
valuegoes to zero.Table8.5summarizesthenumerical gradient specification.

Table 8.5Specificationdetail for numerical gradients

Description Keyword AssociatedData Status Default
Numerical
gradients

numerical -
gradients

none Requiredgroup N/A

Methodsource method -
source

dakota �
vendor

Optional group dakota

Interval type interval -
type

forward �
central

Optional group forward

Finitedifference
stepsize

fd step size real Optional 0.001

8.5.3 Analytic gradients

The analytic gradients specificationmeansthat gradient information is available directly from
the simulation(finite differencing is not required). The simulationmust return the gradient datain the
DAKOTA format (seeDAKOTA File DataFormatsin the UsersManual) for the caseof file transferof
data.analytic gradients is a completespecificationfor this case.

8.5.4 Mixed gradients

Themixed gradients specificationmeans that somegradient information is availabledirectly from
thesimulation(analytic) whereastherestwill have to befinite differenced(numerical).This specification
allows theuserto make useof asmuchanalyticgradient informationasis availableandthento finite dif-
ference for the rest. For example, theobjective function maybea simpleanalyticfunction of thedesign
variables(e.g., weight)whereastheconstraintsarenonlinearimplicit functionsof complex analyses(e.g.,
maximum stress).Theid analytic list specifiesby number the functions which have analyticgradi-
ents,andtheid numerical list specifiesby numberthefunctionswhich mustusenumerical gradients.
The method source, interval type, andfd step size specificationsareas described previ-
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ously in Numerical gradients andpertainto thosefunctions listedby theid numerical list. Table8.6
summarizesthemixed gradientspecification.

Table 8.6Specificationdetail for mixed gradients

Description Keyword AssociatedData Status Default
Mixedgradients mixed -

gradients
none Requiredgroup N/A

Analytic
derivatives
function list

id analytic list of integers Required N/A

Numerical
derivatives
function list

id numerical list of integers Required N/A

Methodsource method -
source

dakota �
vendor

Optional group dakota

Interval type interval -
type

forward �
central

Optional group forward

Finitedifference
stepsize

fd step size real Optional 0.001

8.6 HessianSpecification

Hessianavailability mustbespecifiedwith eitherno hessians or analytic hessians. Numerical
Hessiansarenotcurrentlysupported,since,in thecaseof optimization,thiswouldimply afinite difference-
Newton technique for which a directalgorithm alreadyexists. Capabilityfor numerical Hessianscanbe
addedin thefuture if theneedarises.

8.6.1 No Hessians

Theno hessians specificationmeansthatthemethoddoesnot requireHessianinformation.Therefore,
it will neitherberetrieved from thesimulationnor computedwith finite differences.no hessians is a
completespecificationfor this case.

8.6.2 Analytic Hessians

Theanalytic hessians specificationmeansthat Hessianinformation is availabledirectly from the
simulation.ThesimulationmustreturntheHessiandatain theDAKOTA format(seeDAKOTA File Data
Formatsin UsersManual) for the caseof file transferof data. analytic hessians is a complete
specificationfor this case.
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