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1 Introduction

This document is a guide to using and further improvement iah® optimization subsystem which
was developed as a part of Diana simulation environmentderdio provide convenient interfaces for
solving of typical optimization problems that appear dgremalysis of models for dynamic systems.
Current implementation provides limited support of partenestimation (PE) and optimal experimental
design (OED). It allows also to minimize arbitrary contimgdunctions that are represented by “explicit”
formulas. PE support is restricted to the maximum likelth@pproach for measurements with Gaussian
white noise. Diana optimization subsystem implements detaly only Sigma Point approach for OED
support (sed]7]).

Diana optimization subsystem solves optimization prolslaming third party optimization libraries
(see Sectiofll3). The most of them implements stochastid tlax global optimization routines (B
RECT v2.0.4, GENETIC, GMFL, BBOWDA) but a set of local optimization packages (isypentation
of derivative free Nelder-Mead approach as well as gradiased solvers IPex and L-BFGS-B) is
also available.

The rest of this document is organized as follows. Sedfiois@udses different aspects of using Diana
optimization subsystem. This section gives some intramyatotes for the users and includes instruc-
tions how to write optimization scripts. Sectioh 4 contdinief overview of optimization subsystem for
developers. The list of available optimizers with desanipiof their facilities can be found in Sectigh 3
Areas of further work are given in Sectibn}.2. Finally, tliedment contains appendix with examples
of optimization scripts.

2 Using Optimization in Diana

Since this document assumes that the reader is familiathétPython programming language and basic
Diana features, it is highly recommended to look throughftiiewing tutorials:

e Diana Tutorial

e Python Tutoricl

before further reading.

Examples in this section are based on the model of the cantttlow stirred tank reactokl[7], which
can be also found in the subfoldeest / nodel s/ Subst r at eUpt ake of the root folder with Diana
sources. Full codes of these examples are presented indip@én

From user’s point of view Diana optimization subsystem sl@adth two main groups of objects, namely
optimizers (solvers) and optimization problems. Objedtsmiimization problems incapsulate knowl-
edge about specific tasks that should be solved. They ingrgwicitly or partially implicitly) objec-
tives, constraints, specifications of unknowns etc. Objetioptimizers realize optimization methods.
The following text shows how to create these objects andeoi§ptheir parameters.

2.1 General Remarks
2.1.1 Loading Models and Solvers

The process of loading solvers and models is described ineDiatorial. The only specific thing
concerned with optimization is th&APE_NLP should be used as the first parameter in the method
Cr eat eSol ver of solver factory and the second parameter in this methognisred (typically one
may useNone). Therefore line for solver loading usually looks so

sol ver = sfactory. CreateSol ver (di ana. CAPE_NLP, None, optini zer Nane)



http://www.mpi-magdeburg.mpg.de/projects/diana/docs/tutorial.pdf
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2.1.2 Initialization of Solver and Running Optimization

The optimization problem should be assigned with optimizfore its initialization. Once this is done
solver can be initialized:

NP
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sol ver. Set NLPTask(t ask)
solver.Initialize()

After initialization it is possible to run optimization byalling of the methodSol ve. One may use
try-except construction in order to treat exceptions that may occuindusptimization:

try:
optinm zer CED. Sol ve()
except:
print , \
optim zer CED. Get Sol uti on()
raise
print , optim zer OED. Get Sol uti on()

2.1.3 Specification of “explicit” Functions

Diana offers to define objective function and constraintspiimization problem explicitly in the Python
code. In this case the function should take reference ongtimization problem as its input argument.

It should return its value in the point that can be obtainedhgymethodzet NLPPar anet er s of the
optimization problem. The methdéet NLPPar anet er s returns reference on the set of parameters.
The methodGet Par anet er sCount allows to obtain amount of parameters in the set. The method
Get Par anet er Val ue offers to extract a given parameter value.

The following code shows how to describe Rosenbrock’s fanct

n—-1

F00) = > [(=%)2 +100(% 1 — ¥?)°] (1)

i=1

for Diana optimization subsystem

def obj func_Rosenbr ock(t ask):

pars = task.Get NLPParameters() # get reference on paraneters

par = pars. Get Par anet er Val ue(0) # extract value of the 1st paraneter

obj func = 0.

for i in xrange(pars. GetParanetersCount()-1):
par _next = pars. GetParaneterVal ue(i+1) # obtain (i+1)-th paraneter
obj func += 100+ ((par_next - par**2)**2) + ((par - 1)*x2)
par = par_next

return objfunc

2.1.4 Specification of Unknowns

The most of optimization problems obtain information abooknowns in the form of a list that con-
sists of Di anaNLPReal Par anet er Spec instances. Di anaNLPReal Par anet er Spec objects
contain the following fields:

e name of unknown
e description

e default value
It is used as initial value by some solvers.
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Table 1. Common parameters of reporting interfaces fonupérs

Parameter Default value Description
Aut hor None Authors’ name (will be shown in title)
Cut put Fol der . Folder where report will be saved
Consol eCut put Fal se If its value isTr ue solver outputs intermediate results on the
console
Sanpl es Fal se If its value isTr ue, reporting interface generates file with in-
formation about sample points and plot that shows theiridist
bution

e lower and upper bound

e precision
Itis used by some solvers in order to generate mesh for séagzhGENETIC) or to check stopping
criteria.

In the example below, the list from two unknowns is specified

sps = |
di ana. Di anaNLPReal Par anet er Spec( , # name
, # description
0, # default val ue
0, # | ower bound
0, # upper bound
0001), # precision
di ana. Di anaNLPReal Par anet er Spec( , , 4.0, 4.0, 6.0, 0.0001)
]

1.
1.
3.
0.

If precisions for unknowns are not taken into account by tiesen optimizer, one may uBeanaReal Par anet er Spec
instead oDi anaNLPReal Par anet er Spec.

2.1.5 Reporting and Obtaining Optimization Results

Diana supports reporting for both optimizers and optinizaproblems. Reporting interfaces for op-
timizers gather and represent general information abotitngation process and its results. Reporting
interfaces for problems allows to collect problem depehdigiormation about calculation of objective

function and constraints. Both kinds of reporting inteelasave their data inex-files.

Each optimizer has its own reporting class. Neverthelésd tilem have the same structure and common
parameters. Some common parameters of reporting interfaceoptimizers are listed in the tadlé 1
below. Generated reports always include the followingisast

e title (information about report and author)
e table of content
e section of optimization results

— found minimum and table of optimal parameters
— solver’s parameters that were used

e plots that show decrease of objective during optimization

The code below explains how to create and use reportingacts for solvers:

5
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# create report

report = dmain. Creat eReportingl nterface(optin zer Nane)
# set paraneters for reporting

pars = report. Get Paraneters()

par s| ] . Set Val ue( )

par s| ]. Set Val ue( )

par s| ]. Set Val ue( Tr ue)

par s| ]. Set Val ue( True)

# initialize report
report.Initialize()

# set prepared task and report to sol ver
sol ver. Set Reportingl nterface(report)

The reporting interface produces report’s sourte(file etc) during optimization process after calling
of solver's methodSol ve. Once optimization has been finished, the user can genedidtdile from
sources of report as shown below

cd ./report

| at ex .11 bfgsbreport.tex

| at ex .11 bfgsbreport.tex

dvi pdf .11 bf gsbreport. dvi
acroread ./| bfgsbreport. pdf &

Note thatl at ex should be run twice in order to generate table of contenecty: In this case the user
also cannot rupdf | at ex directly to producegpdf -file since reports usually conta@ps-graphics.

Support of reporting interfaces for problems is restrict€hly reporting interfaces for OED problems
are internally supported in current version of Diana. Fothfer details on this topic s€e2ZP.2

The user can also access to the optimized parameters inrPgitextly (without reporting interfaces)
using

print , solver. Get Sol ution()
or
print , task. Get Sought Par anet er s()

The user is able to obtain value of found minimum and somer oigeful information about optimization
process and results from the list of solver’'s parameterb@srs below

pars_opt = sol ver. Get Paranet ers()

print ;o\
pars_opt|[ ]. Get Val ue()

print , \
pars_opt [ ] . Get Val ue()

print , o\
pars_opt|[ ]. Get Val ue()

print % \
pars_opt [ ] . Get Val ue()

Some common parameters of solvers are presented in th&able

2.2 Problem Dependent Questions

This section shows how to specify optimization problems iara. The interfaces for parameter estima-
tion, optimal experimental design and general NLP problanesconsidered in details. Diana contains

6



Table 2: Common parameters of optimizers

Parameter Default value Description
M nCbj Func ouT? Found minimum of objective function
Tot al Eval sCount ouT Total amount of objective function’s evaluations
Currlteration ouT Total amount of performed iterations
StartingTi ne ouT Time when optimization was started
Tot al Ti neOf Wor k ouT Total execution time of optimizer (in sec)
St opCondi ti on  scFprecision Active stopping criteria
MaxCount Of Eval s 100000* 2 Upper bound for number of objective function’s evaluations
MaxCount Of It er s 10000 Upper bound for total number of iterations
MaxTi meOf Wor k 0. Upper bound for total execution time (in sec)
UseCache Fal se* If its value is Tr ue, caching of evaluated values of objective is
used
Ver boselLevel 0 Level of output from solver

also interfaces for some other optimization problems (ipedtynamic optimization problems etc), but
they weren'’t in use for a long time and now probably the moshei work unsatisfactory.

2.2.1 Parameter Estimation

Diana allows to identify parameters of models with fixedstnee. 1t uses maximum likelihood approach
and makes assumption that observation noise is white Gassirrelations between measurements are
absent.The objective function (logarithmic maximum likebd) has the form

n obs

() _ (2
L (X0, p) = zz(x (thXO’ p) Xi )’ @)

i=1 j=1 IJ

wheren is a total number of observationa)s is a number of observed state variabbe@, andg;; denote
respectively value and standard deviation tf state variable observed at the momignt

Because of some technical reasons Diana has two differasgad for PE problem. The cld&sr anet er Fi tti ngTask
serves for PE with derivative free optimizers. It doesnltwalto evaluate gradient of objective. If the
gradient is needed by solver, the user should try cesssPar anet er Fi tti ngTask instead of
Paraneter Fitti ngTask. SensPar anet er Fi tti ngTask calculates gradient of objective by
means of sensitivities. Components of gradient with resfoeestimated parameters are calculated by
aL<xO, oL (%, P) Zi ax“)(tl 0. P) X6 X0, P) = )

i=1 j=1 o-ij

Components of gradient with respect to initial values offestariables are defined as

b: ; . .
oL (%, p) Z Z axD(t; X0, p) XD (15 X0, p) — XV "
©ox0 = X0 Uﬁ

Since calculation of sensitivities is computationally empive and can lead to worse convergence prop-
erties for integrator, the user should av@ensPar anet er Fi t t i ngTask if optimizer doesn't really
need gradient of objective as far as it possible.

Specification of parameter estimation problem in Dianatides several steps, namely

1. provide measurement data
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2. specify parameters of model and initial values of stat@kes that should be estimated

3. create task and assign it with the solver

In order to provide measurement data the user should crestence oDi anaMeasur edDat a class.
ConstructoiDi anaMeasur edDat a takes two arguments. The first one is a reference to the mak,
the second one is a list of observed state variables.

md = di ana. Di anaMeasur edDat a( nodel , [ , 1)

The easiest way to define measurement data is to load it frerfiléhby method oad

md. | oad( )

The file should contain lines of the following format

0. 00001 0. 00000001 0. 00000001 0. 00000001 0. 00000001
—— —_—— —_— T —— ——

time tj tab

measur ement Xi(l) tab std. diviation gj1 tab tab  heasurement Xi(obS) tab std. diviation o obs

The user is able to add information about measurement Wjiiad®ython scripts. Suppose that we'd like
to add measurements at the beginning. It can be done as $ollow

npt = di ana. CapeMeasur edPoi nt ( nd)

# specify tinme

nmpt . Set Ti me(0.)

# specify neasurenment for "c_x"

# standard deviation is .01 and neasured value is O.
npt . Set Val ue(0, di ana. CapeMeasur edVal ue(0.,.01))

# specify neasurenent for "c_s"

# standard deviation is .01 and neasured value is 1.
nmpt . Set Val ue( 1, di ana. CapeMeasuredVal ue(1.,.01))

# append i nformation to neasurenent data object

nmd. AddMeasur edPoi nt (nmpt)

If standard deviation is equal for all measured state viglihe simplified syntax can be used for the
same purpose.

md. AddMeasur edPoi nt (1. 5, # time
0. 01, # standard devi ation
[0.,1.]) # set of neasurenents

The user can specify estimated parameters and initial safutihe lists of unknowns as it is mentioned
in the sectiol 2. T]4. Specifications for parameters anidiinilues should be represented in the separate
lists and then these lists should be used in the construttbe groblem

sps = [
di ana. Di anaNLPReal Par anet er Spec( , , 1.0, 1.0, 3.0, 0.0001),
di ana. Di anaNLPReal Par anet er Spec( , , 4.0, 4.0, 6.0, 0.0001)
]
taskPE = di ana. ParanmeterFitti ngTask(dmai n, ,
nodel , nd, sps)

Constructor oPar anet er Fi t t i ngTask usually takes the following arguments

e reference to th® anaMai n instance
e name of the DAE/ODE solver that will be used to integrate nhedeations

e reference to the model
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e reference to the measurement data

e lists of specifications for estimated parameters and Initiues (latter can be omitted)

In the case oBSensPar anet er Fi t ti ngTask the user has alternative way to specify estimated pa-

rameters and initial values. This class has several additimethods for it

e AddEst i nat edPar anet er By Spec
It takes two arguments, namely specification of estimateidbie and its typeld ANA PARAVETER
or DI ANALI NI TSTATE).

e AddEst i mat edPar anet er By Nane
It takes name of estimated variable and its typeANA PARAMETER or DI ANA | NI TSTATE)
as arguments. This method uses name of parameter (stadbleatio extract specification from
model.

e AddEst i mat edPar anet er Byl ndex
The same method to the previous one, but it uses index of &stihrvariable in the list of model
parameters (state variables) instead of name.

Obviously, in this case specification of estimated variglsleould follow creating the PE problem and
lists of estimated variables are not included in the coogbris arguments.

taskPE = di ana. SensPar anet er Fitti ngTask(dmai n, , nodel, nd)

t askPE. AddEst i nat edPar amet er By Spec(
di ana. Di anaNLPReal Par anet er Spec( , , 4.0, 4.0, 6.0, 0.0001),
di ana. DI ANA_PARAMVETER)
t askPE. AddEst i nat edPar anet er By Spec(
di ana. Di anaNLPReal Par anet er Spec( . , 3.0, 1.0, 3.0, 0.0001),
di ana. DI ANA_PARAVMETER)

Once PE problem is created and all estimated variables ao#figgl the user can assign the problem with
the optimizer and initialize it. After that the problem camdmolved

sol ver PE. Set NLPTask(t askPE)
solverPE. Initialize()
sol ver PE. Sol ve()

2.2.2 Experimental Design

Diana provides common interface for experimental desige¥Pproblems. It is realized in the class
Di anaCEDTask. Note, Di anaCEDTask gives only common interface, the final implementation
should be realized in theo-library that uses this interface. Current version of Diamzudes such
so-library (oedsi gnmapoi nt . so) for Sigma Point approach (séé [7]). If the user would likeiple-
ment his own OED method, he can ulBeanaOEDTask as a base class for inheritance.

Specification of OED problem (for problems inherited fr@nanaOEDTask) includes such steps

. specify PE problem and optimizer for PE problem (see @eiZ.1)

. specify list of design variables (controlled parametias should be optimized)

1
2
3. load OED task
4. set parameters of the task
5

. initialize OED task, assign it with the solver and staivisg

9
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Table 3: Optimality criteria for OED problems

Name in Diana Description

DI ANA_CED.A A-optimal design
DI ANA_CED.D D-optimal design
DI ANA_CED M M-optimal design
DI ANA_ OEDE E-optimal design
DI ANA_.CED_ESt ar E*-optimal design

The questions concerned with the first and the second stepsoasidered in the sectiobs 2141, 2.1.1,
ZTI3.

Since final implementations of OED problems are heldanlibraries, the creating OED tasks is similar
to the loading models and solvers. The user should call mefh@at e OEDTask of the factory for
optimization problems:

nl pt askfactory = dmai n. Get NLPTaskFact or y()
taskOED = nl pt askf act ory. Cr eat eOEDTask(t askPE, opti ni zer PE,
col Desi gnVars, )

This method takes four arguments:

e reference to the PE problem
e reference to the solver for PE problem
e list of design variables

e name ofso-library which implements OED method

After creating OED task it can be tuned to the needs of the Bstow you see an example how to do it

pars_oed = taskOED. Get Par anet er s()

par s_oed| ] . Set Val ue(di ana. DI ANA_CED ESt ar)
pars_oed[ ]. Set Val ue( True)

pars_oed| ]. Set Val ue(0.5)

ClassCr eat eCEDTask gives only one extra-parameter callgdt i mal i t yCri t eri on. It defines
cost function over the covariance mat@y. The list of possible values fa@@pti mal i t yCriteri on
is represented in the tabl@ 3D-criterion is used by default. Class for Sigma Point appnofiom
oedsi gmapoi nt . so has a set of specific parameters listed in the f@ble 4.

Finally, after all these preparations the user can assigg@tD problem with the solver, initialize it and
run optimization.

opti m zer CED. Set NLPTask(t askCED)
optimzerCED. Initialize()
optinm zer CED. Sol ve()

2.2.3 Optimization of Arbitrary Scalar Objectives
Diana offers the possibility to solve the general NLP prable
minplsﬁspb ff)?, P
subjectto h(X,p) =0 )
g(x,p) <0

10
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Table 4: Specific parameters for Sigma Point approach

Parameter Default value Description
ExecExcepti on Fal se Throw exception if objective cannot be calculated
Al pha 1. Scaling parametet
Bet a 2. Scaling parametef
Kappa 1. Scaling parameter
Cowivat r OV&i ght ouT Weight of central sigma point for covariance matrix caltiola
ws
MeanOWei ght ouT Weight of central sigma point for mean calculatioff
Wi ght s ouT Weight of non-central sigma points for mean and covariance

matrix calculationw;

ClassBasi cNLPTask realizes this functionality. One may use this class alsoeidopm dynamic
optimization (e.g., see appendix’A.4).

In order to solve NLP problem the user should

1. formulate objective function and constraint functiossg sectiol 2.11.3)

2. specify list of unknowns (see section211.4)

3. create the instance Basi cNLPTask, assign objective and constraints with it.
4

. initialize the task, assign it with the solver and run wyiation

The class has only one argument, namely list of unknowns.

t ask=di ana. Basi cNLPTask( sp)

The objective and constraints should be assigned with gkditameans of metho®et Obj Functi on
andAddConst r ai nt Func. The second argument 86ldConst r ai nt Func specifies type of con-
straint. If it isct Gx the first argument oAddConst r ai nt Func is inequality constraint, otherwise
equality.

t ask. Set Obj Functi on( obj f unc_Rosenbr ock)
t ask. AddConst rai nt Func(constrfuncl, diana.ctGx) # inequality constraint
t ask. AddConst rai nt Func(constrfunc2, diana.ctHx) # equality constraint

Task must be initialized and assigned with the solver befanaing optimization.

task.Initialize()
sol ver. Set NLPTask(t ask)

solver.Initialize()
sol ver. Sol ve()

2.3 Possible Problems
Lots of problems may occur during optimization. Some of th@espread are mentioned below.

1. optimizer fails
Try to tune parameters of optimizer or use another one. lhétsthot help, tighten boundaries for
unknowns.

11



Table 5: Available optimizers

so-librar
Feature Yo
(8]
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o - Q ] c O o] o

o T QO QO S5 - C - =
Global search v 4 v v v = = = =
Stochastic objectives v v v v v v — — -—
Need of gradient - - - - = = =y oy

Support of constraints handling

bound constraints v v v v v v - v v
direct constraints J v - = = = = - =
inequality constraints , , v - - - - —
equality constraints - -y = = = = =y

2. integrator fails

Try to tune parameters of integrator. If it does not help,anpther DE solver. On my knowl-
edge’ i da’ gives the best results for DAEs, anadessa’ is good for ODEs. If you use
SensPar anet er Fi t ti ngTask, changing it orPar anmet er Fi t t i ngTask may help. You
can also try to use optimizer that treats direct constrggee tabld]5). Finally you can tighten
boundaries for unknowns in order to exclude infeasible fsavhere integrator fails.

3. starting point cannot be improved by optimizer
There are lots of reasons that can cause this problem. If geusame kind of local optimizer
(especially gradient-based solver) the likeliest one & Hpproximation to the gradient of the
objective function is nearly zero in the chosen startingipoFind a way how to achieve better

accuracy in gradient estimation. If it is impossible or vheayd, try to perform sensitivity analysis
in order to find better starting point.

4. problems with transferring data ingmupl ot

It happens very rare. In this case you should avoid repoititegfaces and organize collecting and
saving results yourself.

3 Available Software Packages

Table[® gives insight into capabilities of available in Daasptimizers. The reminder of section contains
overview of solvers in more datails.

3.1 Global Nonlinear Continuous Optimization

3.1.1 Global Random Search

Diana contains quite flexible implementation of Genetimatyms (GA) called GNETIC. This imple-
mentation includes several useful add-in properties, hame

e treatment of direct constraints (by means of simple deatialpemethod)

e a priory self-tuning of randomization parameters depenadim problem

12



Table 6: Parameters ofIBECT v2.0.4 solver
Parameter Default value Description

Infinity 1.e+100 Infinity

Eps l.e-4 Exceeding value (ieps > 0, we use the same epsilon for all
iterations; ifeps < 0, we use the update formula from Jones)
Al grret hod true Type of DIRECT method realization (if it if al se, original

algorithm by D. R. Jones is used; if itis ue, algorithm with
localization by J. M. Gablonsky is used)

| error ouT Error flag (if| er r or is lower than 0, an error occurred)
Stopping criteria
Maxf 10000 The maximum number of objective function evaluations
Max T 600 The maximum number of iterations
FA obal -1.e+100 Supposed lower bound for the global optimum. If this value is
a good approximation to global minimum, algorithm converge
faster
FAd Per 0. The percent error to terminate the optimization

Vol Per The volume of the hyperrectangle to terminate the optiriupat
Si gnaPer 0. The measure of the hyperrectan@evith f (c(S)) = fnn to
terminate the optimization

©

GAs represent a family of global adaptive generational eamdearch algorithms. These algorithms are
insensitive to small noise in objective function, but in @age they shows logarithmic convergence rate
even for simple problems (such as quadratic function mixéion) [8,[9]. Therefore the users have to

avoid GAs and global random search at all, if calculation lgjeotive and/or constraints takes a lot of

time (depending on problem values from several millisesaiodseveral seconds are critical), which is
typical for PE, OED and some other dynamic optimization fgots. In this case GAs cannot produce

reliable solution in an acceptable time.

3.1.2 Statistical Methods

DIRECT v2.0.4 is the most useful statistical optimization packaus ts interfaced with Diana. It
implements dividing rectangular global optimization nuetf{,[2]. The implementation supports:

e treatment of direct constraints
e treatment of inequality constraints

e two different algorithms: the first one emphasizes on théalsearch (D. R. Jones algorithm),
and the second one has stronger local optimization pregegidi Gablonsky algorithm)

Package GMFL contains poor Fortran implementations ofraésgatistical optimizers. Diana has in-
terfaces for three of them (sdé [4]):

e routineBAYES1
Bayesian global optimization method

e routineunT
The global method of extrapolation type by A. Zilinskas

e routineLBAYES
The local Bayesian method by J. Mockus

13



Table 7: Parameters of solvers from GMFL package

Parameter Default value Description

| prPeriod 1 Period of values printing
M 100 The maximum total number of function evaluations
LT 10/ 30 The number of initial random points which are uniformly dis-

tributed by LP sequences of Sobol’ (1969)<0LT < m)
Specific forunt routine

ML 1 The maximal number of local minima, © ML <= 20
Specific forl bayes routine
NI PA 0 The number of integer variables
ANl U 0.01 The rate of decreasing of the differentiation step
BETA -1 The rate of decreasing of the iteration step

Table 8: Parameters of NMS@PLEX solver
Parameter Default value Description

St ep - Initial step size (equal for all unknowns)
St eps - Array of initial step sizes
Max Fn 100 The maximum number of function evaluations allowed
St opCr l.e-4 Stopping criterion
NLoop 20 The stopping rule is applied after evadizoop function evaluations
| Quad true Flag for fitting of a quadratic surface
Si np l.e-6 Criterion for expanding the simplex to overcome roundingier before
fitting the quadratic surface
Var ouT Contains the diagonal elements of the inverse of the infaomanatrix
| Faul t ouT return of MINIM routine

The use of these routines is reasonable only if objectivetion is computationally extra-expensive and
one cannot perform more than 40-60 evaluations of objective

3.2 Local Nonlinear Continuous Optimization

3.2.1 Derivative Free Methods

Package NM8.apPLEX realizes Nelder-Mead downhill simplex meth@d [5]. The ierpkentation is per-
formed in Fortran 95 by D. E. Shaw. NM&LEX has a set of parameters listed in the téble 8.

3.2.2 Quasi-Newton Methods

IPOPT (short for "I nterior Point Optimizer”) is a powerful free for charge package for large sdatal
continuous nonlinear optimization. It is a parl of COIN-Omjpci. The most of code has been written
by Andreas Wachter and Carl Laird (Carnegie Mellon Uniitgys IPOPT library is distributed under
Common Public License (CPL). IFQ supports:

e interfacing with C/Fortran routines and C++ classes
e treatment of sparse Jacobians and Hessians

e Hessian approximation using a BFGS update (dense as watigsd memory)
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Table 9: Parameters of L-BFGS-B solver

Parameter Default value Description
MaxCorrections 10 The maximum number of variable metric correc-
tions used to define the limited memory matrix
Factr 1. e+7 Tolerance of function in the stopping criteka
PG adTol l.e-5 Tolerance of the projected gradient in the stopping
criteria
Tot al Expl oredl nterval s ouT Total number of intervals explored in the search of
Cauchy points
Tot al Ski ppedUpdat es ouT Total number of skipped BFGS updates before the
current iteration
Pri or Updat es ouT Total number of BFGS updates prior the current it-
eration
PG adNor m nf ouT Infinity norm of the projected gradient
EvPreci si on ouT Evaluated precisiork§ - emcn)
EpsMch ouT Machine precision, generated by the code
Ti mreCauchyPoi nt s ouT Accumulated time spent on searching for Cauchy
points
Ti meSubspaceM ni m zati on ouT Accumulated time spent on subspace minimization
Ti meLi neSear ch ouT Accumulated time spent on line search

e solving problems with equilibrium constraints (this feathas been implemented by Arvind Raghu-
nathan; it allows to solve some MINLP problems)

Majority of above-mentioned features are available in Biand can be tuned by means of solvers pa-
rameters. Description of the most useful IPparameters is presented in [3]. Note, IPChas to be
compiled together with at leastLBs, LAPACK, ASL and MUMPS third party libraries for successful
integration with Diana.

L-BFGS-B package implements limited-memory variant ofyglen-Fletcher-Goldfarb-Shanno (BFGS)
method subject to simple bounds on the variables. It int@ndeolve large nonlinear bound-constraint
optimization problems if objective’s gradient is known Imformation on the Hessian matrix is difficult
to obtain. It can also be used for unconstrained problems. algorithm is implemented in Fortran 77
and was developed by C. Zhu and J. Nocedal (S€e [10]). Thtmeoworks quite well and if equality
and inequality constraints are absent it is a good (andratigple) alternative for IP©T.

4 Introductory Notes for Developers

4.1 Optimization Framework

A number of people with different tastes were involved in pnecess of Diana optimization subsystem
development. Therefore the codes of this subsystem ar@imiéorm (but just a little, don’t worry). In
this brief introduction for developers I'll try to catch amighlight main ideas, and to prove that these
codes are not so chaotic as it seems for some beginners.

The kernel of Diana optimization subsystem correspondseasimplified UML-diagram on the Figuké 1.

The core of optimization subsystem is formed from two groofoslasses. The first one corresponds to
solvers (optimizers), and the second one describes optiimiz problems. In order to create optimiza-
tion problems or solvers one should use factories. The fiadtamer i cNLPTaskFact or y allows

to create optimization problems. The factdwuneri cNLPTaskFact ory can be used to allocate
optimizers.
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NumericNLPTaskFactory NumericSolverFactory
+ CreateNLPTask(1libName:CapeString) + CreateSolver (CAPENLP, NULL, libName:CapeString)
+ Shutdown() + Shutdown ()
DianaReporting
0 + SetNLPTask(task:ICapeNLPTask*) 0%
~ | + SetReportingInterface(ri) -
+ RemoveReportingInterface(ri)
+ GetSolution()
NLPTask
+ CalcObjFunction() NumericNLPSolver
+ CalcConstraints(type:ConstraintType) + SetNLPTask (task:ICapeNLPTask*)
+ GetSoughtParameters(): ICapeCollection& + SetReportingInterface(ri)
+ SetReportingInterface(ri) + RemoveReportingInterface(ri)
+ SetNLPParameters (params : ICapertimizationPoint*) + GetSolution()
+ RemoveReportingInterface(ri)
NumericNLPSolver
+ GetParameterValue(idx:CapeLong)
+ GetParametersCount ()
1| + GetObjFunction()
+ Content ()
+ ValStatus()

Figure 1: Kernel of Diana optimization subsystem

Classes that end ddLPTask- hold information about optimization problems. They pravidterfaces
for calculation of objective and constraints in the givempe points. Optimizers (usually end on
Nurrer i cNLPSol ver - ) perform solving of optimization problems.

Each optimization problemSLPTask or optimizerNuner i cNLPSol ver can contain reporting in-
terfaces. Reporting interfaces allow to gather infornmatibout solution and optimization process.

The interaction between problems and optimizers is perdrimy means oOpt i m zat i onPoi nt
class. Instance dfpti nmi zati onPoi nt contains information about sample point such as its coor-
dinates and some computationally expensive data concevitedoptimization problem in this point
(usually value of objective function and values of some espe constraints). It allows easily to or-
ganize caches of sample points and to omit recalculatiorwipeitationally expensive data in samples
with the same coordinates. During optimization processopeér initializes coordinates of its sample
points, assigns this points with problem and calls methddd_&Task.

4.2 Further Work

Some important directions of further work are listed below.

1. support of least square optimization
Unfortunately till yet Diana doesn’t support any interfader least square optimization problems.
But this support is important to provide a proper numericdlition of least squares curve fit-
ting problems with efficient software that implements GalNssvton and Levenberg-Marquardt
algorithms.

2. implementation of some important optimization problems
Current facilities for PE and OED are quite restrictive irab&. Again Diana has not convenient
interfaces for support another optimization problems #ratimportant in analysis of dynamic
systems.
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3. benchmarks for constraints treatment

4. automatic differentiation in order to obtain gradiertslgjectives and constraints or just availabil-
ity of explicit specification of gradients in Python code
Unfortunately, now the users of Diana’s Python interfaceeh#ot possibility even to specify gra-
dients directly in Python code. The gradients for gradleaged solvers are estimated by finite
differences.

5. parallelization of computationally expansive problems

6. support of complete and/or rigorous optimization by nseafrinterval arithmeticd[6]
Sure, this list is incomplete. Here are mentioned only thitigat can (and should) be done in the near

future. “Global” directions of further work such as multjebtive, combinatorial, mixed-integer opti-
mization are omitted.
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APPENDIX

A Scripts for Diana optimization subsystem

All scripts in this section deal with a simple unstructuredvgth model for a continuous stirred tank
bio-reactor|[7].

A.1 Optimization of “explicit” Function

The following script aims to find minimum of generalized Raiseck’s function[(ll) fox € [—100Q, 100T".

© © N o g B~ w N P

=
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Di ana process nodelling, simulation and anal ysis software
Copyright (c) 2006, Sergiy Gogol enko

e-mai | : gogol enk@mpi - nagdebur g. npg. de

Al rights reserved

$1d: rosenbrock.py Fri Aug 11 13:38:55 2006 gogol enk $

Witten under: i586-suse-I|inux

Last update: Fri Aug 11 13:38:55 2006
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Descri pti on:
Si npl e exanple of using DIANA in order to f

optimzer (in this case LBFGS-sol ver).

__author__ = "Sergiy Gogol enko (gogol enk@rpi - ma
_version__ = "@ACKACGE VERSI ON@

__date_ = "$Date: Fri Aug 11 13:38:55 2006 $"
__copyright__ = "Copyright (c) 2006 Sergiy Gogo
__license_ = ""

i mport diana, sys
frommth inport =

optimzerName = "| bfgsh" # "direct”

# initialize Diana main class
dmai n = di ana. Get Di anaMai n(sys. ar gv)

# create LBFGSB-optim zer
sfactory = dmai n. Get Sol ver Fact ory()
sol ver = sfactory. CreateSol ver (di ana. CAPE_NLP,

# specify list of sought paraneters
sp =[]
for i in range(10):
sp. append(di ana. Di anaNLPReal Par anet er Spec

ind m ni num of

Rosenbrocks’ function (10 unknowns) with deterninistic

gdebur g. npg. de) "

| enko"

None, optim zer Nane)

("x"+str(i+1), "x"+str(i+l), 2, -512, 512, 0.001))

# create task
t ask=di ana. Basi cNLPTask( sp)

# define objective
def obj func_Rosenbr ock(t ask):
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47 pars = task. Get NLPPar amet er s()

48 par = pars. Get Par anet er Val ue(0)

49 obj func = 0.

50 for i in xrange(pars. GetParanetersCount()-1):

51 par _next = pars. Get ParaneterVal ue(i +1)

52 obj func += 100+ ((par_next - par**2)**2) + ((par-1)x*x2)
53 par = par_next

54 return objfunc

s6|# assign objective with task

s71t ask. Set bj Funct i on( obj f unc_Rosenbr ock)
ss|t ask. I nitialize()

so| pri nt

61| # create report
62| report = dmai n. Creat eReportingl nterface(optim zer Nane)

ea|# set paranmeters for reporting
es|pars_rep = report. CGet Paramneters()

66| pars_rep[ ]. Set Val ue( )
e7|pars_rep[ ]. Set Val ue( )
e8| pars_rep[ ]. Set Val ue( True)

o/report.Initialize()
71| print

73|# assign prepared task and report to sol ver
74| sol ver. Set Reporti ngl nterface(report)

75| sol ver. Set NLPTask(t ask)
s/solver.Initialize()

77| print

7o|# start optimzation

so| pri nt \
81 % (task. Get Sought Par anet ers() . Count ())

s2(Lry:

83 sol ver. Sol ve()

g4 EXCEpPL:

85 print

ss| pars_opt = sol ver. Get Paranet er s()
g7| pri nt *80

ss| pri nt ;o\

89 pars_opt|[ ]. Get Val ue()

90| print , \

a1 pars_opt [ ] . Get Val ue()

92| print , o\

93 pars_opt|[ ]. Get Val ue()

94| pri nt % \
95 pars_opt [ ] . Get Val ue()

96| print *80

o7| pri nt , Solver. GetSol ution()

98| Print * 80

A.2 Parameter Estimation

Parameter estimation with derivative free solver
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# Diana process nodelling, sinulation and anal ysis software

# Copyright (c) 2006, Sergiy Gogol enko

# e-mail: gogol enk@mi - magdebur g. npg. de

# Al rights reserved

=
# $lId: HafkeReactor.py Fri Aug 11 13:22:08 2006 gogol enk $
gy
# Witten under: i586-suse-Ilinux

=
# Last update: Fri Aug 11 13:22:08 2006

=
# Description:

# Si mpl e exanpl e of using DI ANA for solving paraneter fitting probl ens
# wth deterministic optimzer (in this case LBFGS-sol ver).

i nport diana, sys, 0sS

nodel Pat h = " Substrat eupt ake. so”
observedParans = ["c x", "c s"]
fileMesData = "./data/observations. dat"”
integratorNane = "ida" # "odessa"
optim zerName = "direct” # "nnsinpl ex"

# initialize Diana nmain class
drmai n=di ana. Get Di anaMai n(sys. ar gv)

# create NVSi npl ex-optim zer
sfactory = dmai n. Get Sol ver Fact ory()
sol ver PE = sfactory. Creat eSol ver (di ana. CAPE_NLP, None, optim zer Nane)

# create nodel

nmanager =dmai n. Get Model Manager ()

nodel = mmanager . Cr eat eMbdel (di ana. CAPE_CONTI NUQUS, nodel Pat h)
nmodel . I nitialize()

# | oad nmeasured data (state values and tine points) fromspecified file
md = di ana. Di anaMeasur edDat a( nodel , obser vedPar ans)
nmd. | oad(fil eMesDat a)

# Describe estimted paraneters
sps = |
di ana. Di anaNLPReal Par anet er Spec("k s", # nanme
o # description
, # default val ue
# | ower bound
# upper bound
# precision
di ana. Di anaNLPReal Par anet er Spec( " nu_nex", "", 4.0, 4.0, 6.0, 0.0001)

]
# create paranmerter fitting task
taskPE = di ana. ParaneterFittingTask(dnain, integratorNang,
nodel , nd, sps)
taskPE. I nitialize()

print "Paraneter fitting task for % is initialized" \
% nodel . Get Conponent Nane()

# create report
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report = dmain. Creat eReportingl nterface(optin zer Nane)
# set paraneters for reporting

pars_sol ver PErep = report. Get Paramnet ers()

pars_sol ver PErep[ " Aut hor "] . Set Val ue(" SG")

pars_sol ver PErep[ " Out put Fol der"]. SetValue("./parfit")
pars_sol ver PErep[ " Consol eCut put "] . Set Val ue( Tr ue)

par s_sol ver PErep[ " Sanpl es"] . Set Val ue( Tr ue)
report.Initialize()

print "Report initialized"

# set prepared task and report to sol ver

sol ver PE. Set Reporti ngl nterface(report);

sol ver PE. Set NLPTask(t askPE) ;

solverPE. Initialize();

print "Optimzer % initialized" % sol ver PE. Get Conponent Nare()

# start optimzation

print "Paraneter fitting for %..." % nodel . Get Conponent Name()
try:
sol ver PE. Sol ve()
except:
print "Best solution: ", solverPE. GetSol ution()
raise
print "Solution: ", solverPE Get Sol ution()

print "Paraneter values:"
print taskPE. Get Sought Par anet er s()

Parameter estimation with gradient-based solver

Di ana process nodel ling, simulation and anal ysis software
Copyright (c) 2006, Sergiy Gogol enko

e-mai | : gogol enk@mi - nagdebur g. npg. de

Al rights reserved.

$I d: Haf keReactor.py Fri Aug 11 13:22:08 2006 gogol enk $

Witten under: i586-suse-I|inux

Last update: Fri Aug 11 13:22:08 2006

Descri ption:
Si mpl e exanpl e of using DI ANA for solving parneter fitting problens
with deterministic optimzer (in this case LBFGS-solver).

i mport diana, sys, O0sS

nodel Pat h = "Substrat eupt ake. so”
observedParans = ["c x", "c s"]
fileMesData = "./data/observations. dat”
integratorNane = "ida" # "odessa"
optimzerName = "| bfgsbh" # "ipopt"

# initialize Diana main class
dmai n=di ana. Get Di anaMai n(sys. ar gv) ;

# create NVSi npl ex-optim zer

sfactory = dmain. Get Sol ver Factory();
sol ver = sfactory. CreateSol ver (di ana. CAPE_NLP, None, optinizerNane);
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31

33
34
35
36
37
38
39
40
a1
42
43
a4
45
46
a7
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89

# set solver’s paraneters L-BFGS-B
pars_PEsol ver = sol ver. Get Paranet ers()

pars_PEsol ver [ ]. Set Val ue( 1+8)
pars_PEsol ver| ]. Set val ue(200)
pars_PEsol ver| ]. Set Val ue(1000)
pars_PEsol ver| ] . Set Val ue(100)
pars_PEsol ver| ]. Set Val ue(0)
pars_PEsol ver| ]. Set Val ue( 1e+7)
pars_PEsol ver| ]. Set Val ue(1le-5)

# create nodel

mranager =dmai n. Get Model Manager ()

nmodel = mmanager . Cr eat eMbdel (di ana. CAPE_CONTI NUCUS, nodel Pat h)
nodel . Initialize()

# | oad nmeasured data (state values and tinme points) fromspecified file
md = di ana. Di anaMeasur edDat a( nodel , obser vedPar ans)
md. | oad(fil eMesDat a)

# create paranmerter fitting task
taskPE = di ana. SensParanet er Fitti ngTask(dmai n, integratorNanme, nodel, nd)

# describe estimted paraneters
t askPE. AddEst i nat edPar anet er By Spec(
di ana. Di anaNLPReal Par anet er Spec( , , 4.0, 4.0, 6.0, 0.0001),
di ana. DI ANA_PARAMVETER)
t askPE. AddEst i nat edPar amet er By Spec(
di ana. Di anaNLPReal Par anet er Spec( . , 3.0, 1.0, 3.0, 0.0001),
di ana. DI ANA_PARAMETER)

taskPE. I nitialize()
print \
% nmodel . Get Conponent Nane()

# create report

report = dnain. Creat eReportinglnterface(optim zer Nane)
# Set paraneters for report class

pars_rep = report. CGet Paramneters()

pars_rep[ ]. Set Val ue( )

pars_rep[ ]. Set Val ue( )
pars_rep[ ]. Set Val ue( True)
pars_rep[ ]. Set Val ue( Tr ue)

report.Initialize()
print

# set prepeared task and report to sol ver
sol ver. Set Reportingl nterface(report);

sol ver. Set NLPTask(t askPE) ;
solver.Initialize();

print % sol ver. Get Conponent Nane()
# start optimzation
print % nodel . Get Conponent Nane()
try:
sol ver. Sol ve()
except:
print , solver. Get Sol ution()
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90
91

raise

o|print "Solution: ", solver.GetSolution()
o3| print "Paraneter val ues:"
aa|print taskPE. Get Sought Par anet er s()

© © N o g M w N B
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A.3 Optimal Experimental Design

Experimental design with sigma point approach

#

# Diana process nodelling, simulation and anal ysis software

# Copyright (c) 2009, Sergiy Gogol enko

# e-mail: gogol enk@mi - magdebur g. npg. de

# Al rights reserved.

=
# Description:

# Si mpl e exanpl e of using DIANA for solving paraneter fitting probl ens
# wth deterministic optimzer (in this case LBFGS-sol ver).

i mport diana, sys, O0sS
#frommath i nport =

nodel Pat h = "Substrat eupt ake. so”

observedParans = ["c x", "c s"]

fileMesData = "./data/observations. dat"”

i ntegratorNanme = "odessa" #"ida"

optim zer PEName = "nnsi mpl ex”

met hodCEDNane = "oedsi gnmapoil nt"

optinizer OEDNane = "direct” #"genetic" #"nmsinpl ex"

# initialize Diana main class
dmai n=di ana. Get Di anaMai n(sys. ar gv)

HHHHHI R HE R HE R HE B H B H R R R R R R R R R R R R R R R H R
# Pl Definition Section #
BHHBHHBHH B HEBH BB HE B HE B H BB HE B H BB HE R HE R R B B R R R R R R R H R

# create optimzer for Pl
sfactory = dmai n. Get Sol ver Fact ory()
optim zer PE = sfactory. Creat eSol ver (di ana. CAPE_NLP, None, optim zer PENane)

# set optimzer's paraneters

pars_PEsol ver = opti m zer PE. Get Par anet er s()
pars_PEsol ver[ " St opCondi tion"]. Set Val ue(1+8)
pars_PEsol ver[ " VaxTi neOf Wor k"] . Set Val ue(10)
pars_PEsol ver[ " MaxCount Of Eval s"]. Set Val ue( 1)
pars_PEsol ver[ " VerboselLevel "] . Set Val ue(0)

pars_PEsol ver[ " St ep”]. Set Val ue(0. 01)
pars_PEsol ver[ " MaxFn"] . Set Val ue(40)
pars_PEsol ver[ " St opCr"]. Set Val ue( le- 2)
pars_PEsol ver[ "NLoop"] . Set Val ue( 20)
pars_PEsol ver["| Quad"]. Set Val ue( True)
pars_PEsol ver[ " Si np"]. Set Val ue( 1e-6)

# create nodel
nmanager = dmai n. Get Model Manager ()
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50
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52
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54
55
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60
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64
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66
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70
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80
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95
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98
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101
102
103
104

106
107

nmodel = mmanager . Cr eat eMbdel (di ana. CAPE_CONTI NUQUS, nodel Pat h)
nmodel . I nitialize()
#print nodel . Get Acti veESQ() . Get Par anet er s()

# | oad nmeasured data (state values and tine points) fromspecified file
md = di ana. Di anaMeasur edDat a( nodel , obser vedPar ans)
md. | oad(fil eMesDat a)

# describe estimated paraneters

sps = [
di ana. Di anaNLPReal Par anet er Spec( , , 1.0, 1.0, 3.0, 0.0001),
di ana. Di anaNLPReal Par anet er Spec( , , 4.0, 4.0, 6.0, 0.0001)

]

# create paranmerter fitting task
taskPE = di ana. ParaneterFittingTask(dmain, integratorNane, nodel, nd, sps)
taskPE. I nitialize()
print \
% nodel . Get Conmponent Nane()

# set prepeared Pl task to Pl optimnm zer

optini zer PE. Set NLPTask(t askPE)

optimizerPE Initialize()

print % opti m zer PE. Get Conmponent Nane()

et L D L D L D L D e
# CED Definition Section #
S e e e s e e e e e e e e e e e e e e e e
# descri be design variabl es
col Desi gnvVars = |

di ana. Di anaNLPReal Par anet er Spec( , , 0.09, 0.07, 0.08, 0.0001)

]

# create CED probl em
nl pt askfactory = dmai n. Get NLPTaskFact or y()
taskOED = nl pt askfact ory. Creat eOEDTask(t askPE, opti n zer PE,
col Desi gnVars, met hodOEDNane)
pars_OEDt ask = taskCED. Get Paranet er s()

par s_OEDt ask] ] . Set Val ue(di ana. DI ANA_OED ESt ar)
par s_OEDt ask] ]. Set Val ue( Tr ue)

pars_OEDt ask] ]. Set Val ue(0. 5)

taskCED. I nitialize()

print

HEHH AR A R R R R R R R R R R R R R
# Create OED task reporting #
HEHH R R R R R R

# create report CEDTask

report CEDTask = dmmi n. Cr eat eReporti ngl nt erface( met hodOEDNane)
# set paraneters for report CEDTask cl ass

pars_t askOEDrep = report OEDTask. Get Par anet er s()

pars_t askCEDr ep[ ]. Set Val ue( )
pars_t askCEDr ep[ ]. Set Val ue( Tr ue)
par s_t askCEDr ep[ ] . Set Val ue(True)

report CEDTask. I nitialize()

t askCED. Set Reporti ngl nt erface(report OEDTask)
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108 Pri nt

109

10| HHHHHHBHBHBH R R R R R R R R R R R

11| #

OED Sol vi ng Section #

Ldp| e S L e e

113

114 #

create optim zer for OED problem

us|optim zer OED = sfactory. Creat eSol ver (di ana. CAPE_NLP,

116
117

None, opti nmi zer OEDNane)

ug # settings for OED optim zer

19| par s_OEDsol ver = optini zer OED. Get Par anet er s()

120/ par s_CEDsol ver | ] . Set Val ue(1. 0000000000e- 4)

121) par s_CEDsol ver | ] . Set Val ue(5000)

122 par s_OEDsol ver [ ] . Set Val ue(1000)

123 par s_OEDsol ver [ ] . Set Val ue( Fal se)

124/ par s_CEDsol ver | ] . Set Val ue(1. 0000000000e- 02)
125 par s_CEDsol ver | ] . Set Val ue(-1. 0000000000e+00)
126 par s_CEDsol ver | ] . Set Val ue(- 1. 0000000000e+00)
1271 par s_OEDsol ver [ ]. Set Val ue(-10. 15320)

128 par s_COEDsol ver | ]. Set Val ue(2)

129

130 # Ccreate report

131l report = dmai n. Creat eReportingl nterface(optinm zer OEDNane)

132|# set paraneters for report class

133l pars_sol ver CEDrep = report. Get Paranet er s()

134 par s_sol ver CEDr ep[ ] . Set Val ue( )

135 par s_sol ver CEDr ep[ ] . Set Val ue( )
136| par s_sol ver CEDr ep[ ]. Set Val ue( True)
137/ par s_sol ver CEDr ep[ ]. Set Val ue( Tr ue)

138

wo|report.Initialize()

140 Pri nt

141

12| # set prepeared task and report to OED optimnm zer

13l opt i m zer OED. Set Reportingl nterface(report)
144/ Opt i M zer OED. Set NLPTask(t askCED)
usjoptimzerCED. Initialize()

16| Pri nt % opti m zer CED. Get Conponent Nane()
147

wug|# start optimzation

19| Pri nt % (t askOED. Get Conrponent Nane(),
150 nodel . Get Conponent Nane())
s try:

152 optinm zer CED. Sol ve()

153 except :

154 print , optim zer CED. Get Sol uti on()

155 raise

156 Pri nt , optim zer OED. Get Sol uti on()

1s7| pri nt

18| print task. Get Sought Par amet er s()

A.4 Dynamic Optimization

The following script shows haw to use arbitrary objectivesider to solve dynamic optimization prob-

lems
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# Diana process nodelling, sinulation and anal ysis software

# Copyright (c) 2008, Sergiy Gogol enko

# e-mail: gogol enk@mi - magdebur g. npg. de

# Al rights reserved
e
# $1d: control.py Mon Mar 30 13:22:08 2008 gogol enk $
o
# Witten under: i586-suse-Ilinux
e
# Last update: Mon Mar 30 13:22:08 2008
e

# Description:
# Exanpl e of using DI ANA for solving optimal control problenms (just a way
# how one may define "nonstandard" optinization probemin DI ANA).

i nport diana, sys, 0sS
#frommath i nport =

nodel Pat h = " Substrat eupt ake. so”
observedParanms = ["c_x", "c_s"]

i ntegratorNanme = "odessa" #"ida"
optimzerName = "direct” #"'nmsinpl ex"

control ed_param= "¢ 0"

cnt TimePoints = 21; TO, Tend = 0., 5.
timePoints = [(TO+i x(Tend - TO)/(cntTi mePoints - 1)) \
for i in xrange(cntTi mePoints)]

# initialize Diana nmain class
dmai n=di ana. Get Di anaMai n(sys. ar gv)

e s e e s e e e e e e e s e s e e e e e e e e
# Speci fy optim zation problem #
et L D L L D L L D

# create nodel

mranager =dmai n. Get Mbdel Manager ()

nmodel = mmanager. Cr eat eMbdel (di ana. CAPE_CONTI NUQUS, nodel Pat h)
nodel . Initialize()

# receive ESO from node

eso = nodel . Get Acti veESQ()

esopar = eso. Get Par anet ers()
esovars = eso. Cet StateVari abl es()
# print esovars # esopar

# define a |list of unknowns
spars = []

for i in xrange(len(tinmePoints) - 1):
name = ' 9%[ %21 ]" % (control ed_param i)
descr = 'Paraneter "9%" at the nmonent t=[% 2f, % 2f)’ \

% (control ed_param timePoints[i], tinmePoints[i+1])
| ower _bound, upper_bound = 0., 1.
default_val = | ower_bound + \
(upper _bound - | ower_bound) i/ (l en(timePoints) - 2)
preci sion = 0.0001
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spar s. append( di ana. Di anaNLPReal Par anet er Spec(
nane, descr, default_val, |ower_bound, upper_bound, precision))

# create integrator (ODE DAE sol ver)

sfactory = dmai n. Get Sol ver Fact ory()

i ntegrator = sfactory. CreateSol ver (di ana. CAPE_DAE, nodel, i ntegratorNane)
integrator.lnitialize()

i ntpar = integrator. GetParaneters()

# define objective
saved_esovars = eso. Get Al | Vari abl es()
def obj Func(task):
# prepares to integration
pars = task. Get NLPPar amet er s()
eso. Set Al | Vari abl es(saved_esovars)

i nt par| ]. Set Val ue( Tr ue)

i nt par [ ] . Set Val ue(ti nmePoi nts[0])
i nt par [ ] . Set Val ue(0)
ret_val = 0.

# step-wi se integration

for i in xrange(l, len(timePoints)):

par = pars. Get Par anmet er Val ue(i- 1)
esopar[control ed_parani. Set Val ue( par)

i ntpar| ]. Set Val ue(ti mePoints[i])
i ntegrator. Sol ve()
ret_val += (esovars| ]. GetVvalue() \
- esovars| ].GetValue())**2

return ret_va

# create optim zation problem

opttask = di ana. Basi cNLPTask(spars)

opt t ask. Set Cbj Functi on( obj Func)

opttask.lnitialize()

print \
% nodel . Get Conponent Nane()

et L D L L D L L D
# Specify optim zer #
e

# create optim zer
optimzer = sfactory. CreateSol ver(di ana. CAPE_NLP, None, optinizer Nange)

# set optimzer's paraneters (just if you need)
sol par = optim zer. Get Par anet er s()

sol par| ] . Set Val ue(1. 0000000000e- 4)

sol par| ] . Set Val ue(5000)

sol par| ] . Set Val ue(1000)

sol par| ]. Set Val ue( Fal se)

sol par| ] . Set Val ue('1. 0000000000e- 02)
sol par| ] . Set Val ue(- 1. 0000000000e+00)
sol par| ]. Set val ue(-1. 0000000000e+00)
sol par| ]. Set Val ue(-10. 15320)

sol par| ]. Set Val ue( 2)

# create report and set its paraneters (just if you need)
report = dnai n. Creat eReportinglnterface(optim zer Nane)
reppar = report. Get Paraneters()

reppar [ ] . Set Val ue( )
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reppar[ " Out put Fol der"]. SetValue("./control™)
reppar[ " Consol eCut put"]. Set Val ue( Tr ue)
reppar[ " Sanpl es"]. Set Val ue( Tr ue)
report.Initialize()

print "Report is initialized"

# assign task and report with optim zer
optim zer. Set Reportinglnterface(report)
optini zer. Set NLPTask( opt t ask)
optimzer.Initialize()

print "Optimzer "%" is initialized % optinzer.GetConponent Nane()

HHBHBH BB AR AR R AR R B R R R AR R

# Sol ve the probl em

#

B e

print "Oprimzation progress..."
try:
optinizer. Sol ve()
except:
print "Best solution (found before exception):
optim zer. Get Sol ution()
raise
print "Solution: ", optimzer.GetSolution()
print "Paraneter val ues:"
print opttask. Get Sought Paranet er s()

N
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