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1 Introduction

This document is a guide to using and further improvement of Diana optimization subsystem which
was developed as a part of Diana simulation environment in order to provide convenient interfaces for
solving of typical optimization problems that appear during analysis of models for dynamic systems.
Current implementation provides limited support of parameter estimation (PE) and optimal experimental
design (OED). It allows also to minimize arbitrary continuous functions that are represented by “explicit”
formulas. PE support is restricted to the maximum likelihood approach for measurements with Gaussian
white noise. Diana optimization subsystem implements completely only Sigma Point approach for OED
support (see [7]).

Diana optimization subsystem solves optimization problems using third party optimization libraries
(see Section 3). The most of them implements stochastic black box global optimization routines (DI-
RECT V2.0.4, GENETIC, GMFL, BBOWDA) but a set of local optimization packages (implementation
of derivative free Nelder-Mead approach as well as gradientbased solvers IPOPT and L-BFGS-B) is
also available.

The rest of this document is organized as follows. Section 2 discusses different aspects of using Diana
optimization subsystem. This section gives some introductory notes for the users and includes instruc-
tions how to write optimization scripts. Section 4 containsbrief overview of optimization subsystem for
developers. The list of available optimizers with description of their facilities can be found in Section 3
Areas of further work are given in Section 4.2. Finally, the document contains appendix with examples
of optimization scripts.

2 Using Optimization in Diana

Since this document assumes that the reader is familiar withthe Python programming language and basic
Diana features, it is highly recommended to look through thefollowing tutorials:

• Diana Tutorial

• Python Tutorial

before further reading.

Examples in this section are based on the model of the continuous flow stirred tank reactor [7], which
can be also found in the subfoldertest/models/SubstrateUptake of the root folder with Diana
sources. Full codes of these examples are presented in appendix A.

From user’s point of view Diana optimization subsystem deals with two main groups of objects, namely
optimizers (solvers) and optimization problems. Objects of optimization problems incapsulate knowl-
edge about specific tasks that should be solved. They include(explicitly or partially implicitly) objec-
tives, constraints, specifications of unknowns etc. Objects of optimizers realize optimization methods.
The following text shows how to create these objects and to specify their parameters.

2.1 General Remarks

2.1.1 Loading Models and Solvers

The process of loading solvers and models is described in Diana Tutorial. The only specific thing
concerned with optimization is thatCAPE NLP should be used as the first parameter in the method
CreateSolver of solver factory and the second parameter in this method is ignored (typically one
may useNone). Therefore line for solver loading usually looks so

1 solver = sfactory.CreateSolver(diana.CAPE_NLP, None, optimizerName)
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2.1.2 Initialization of Solver and Running Optimization

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

1 solver.SetNLPTask(task)
2 solver.Initialize()

After initialization it is possible to run optimization by calling of the methodSolve. One may use
try-except construction in order to treat exceptions that may occur during optimization:

1 try:
2 optimizerOED.Solve()
3 except:
4 print "Estimate of minimum before exception: ", \
5 optimizerOED.GetSolution()
6 raise
7 print "Solution: ", optimizerOED.GetSolution()

2.1.3 Specification of “explicit” Functions

Diana offers to define objective function and constraints ofoptimization problem explicitly in the Python
code. In this case the function should take reference on the optimization problem as its input argument.
It should return its value in the point that can be obtained bythe methodGetNLPParameters of the
optimization problem. The methodGetNLPParameters returns reference on the set of parameters.
The methodGetParametersCount allows to obtain amount of parameters in the set. The method
GetParameterValue offers to extract a given parameter value.

The following code shows how to describe Rosenbrock’s function

f (Ex) =
n−1
∑

i=1

[

(1 − xi )
2 + 100

(

xi+1 − x2
i

)2
]

(1)

for Diana optimization subsystem

1 def objfunc_Rosenbrock(task):
2 pars = task.GetNLPParameters() # get reference on parameters
3 par = pars.GetParameterValue(0) # extract value of the 1st parameter
4 objfunc = 0.
5 for i in xrange(pars.GetParametersCount()-1):
6 par_next = pars.GetParameterValue(i+1) # obtain (i+1)-th parameter
7 objfunc += 100*((par_next - par**2)**2) + ((par - 1)**2)
8 par = par_next
9 return objfunc

2.1.4 Specification of Unknowns

The most of optimization problems obtain information aboutunknowns in the form of a list that con-
sists ofDianaNLPRealParameterSpec instances.DianaNLPRealParameterSpec objects
contain the following fields:

• name of unknown

• description

• default value
It is used as initial value by some solvers.
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Table 1: Common parameters of reporting interfaces for optimizers

Parameter Default value Description

Author None Authors’ name (will be shown in title)
OutputFolder . Folder where report will be saved
ConsoleOutput False If its value isTrue solver outputs intermediate results on the

console
Samples False If its value isTrue, reporting interface generates file with in-

formation about sample points and plot that shows their distri-
bution

• lower and upper bound

• precision
It is used by some solvers in order to generate mesh for search(e.g. GENETIC) or to check stopping
criteria.

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

1 sps = [
2 diana.DianaNLPRealParameterSpec("k_s", # name
3 "", # description
4 1.0, # default value
5 1.0, # lower bound
6 3.0, # upper bound
7 0.0001),# precision
8 diana.DianaNLPRealParameterSpec("mu_max", "", 4.0, 4.0, 6.0, 0.0001)
9 ]

If precisions for unknowns are not taken into account by the chosen optimizer, one may useDianaRealParameterSpec
instead ofDianaNLPRealParameterSpec.

2.1.5 Reporting and Obtaining Optimization Results

Diana supports reporting for both optimizers and optimization problems. Reporting interfaces for op-
timizers gather and represent general information about optimization process and its results. Reporting
interfaces for problems allows to collect problem dependent information about calculation of objective
function and constraints. Both kinds of reporting interfaces save their data intex-files.

Each optimizer has its own reporting class. Nevertheless all of them have the same structure and common
parameters. Some common parameters of reporting interfaces for optimizers are listed in the table 1
below. Generated reports always include the following sections:

• title (information about report and author)

• table of content

• section of optimization results

– found minimum and table of optimal parameters

– solver’s parameters that were used

• plots that show decrease of objective during optimization

The code below explains how to create and use reporting interfaces for solvers:
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1 # create report
2 report = dmain.CreateReportingInterface(optimizerName)
3

4 # set parameters for reporting
5 pars = report.GetParameters()
6 pars["Author"].SetValue("Anonymous Diana User")
7 pars["OutputFolder"].SetValue("./report")
8 pars["ConsoleOutput"].SetValue(True)
9 pars["Samples"].SetValue(True)

10

11 # initialize report
12 report.Initialize()
13

14 # set prepared task and report to solver
15 solver.SetReportingInterface(report)

The reporting interface produces report’s sources (tex-file etc) during optimization process after calling
of solver’s methodSolve. Once optimization has been finished, the user can generatepdf-file from
sources of report as shown below

cd ./report
latex ./lbfgsbreport.tex
latex ./lbfgsbreport.tex
dvipdf ./lbfgsbreport.dvi
acroread ./lbfgsbreport.pdf &

Note thatlatex should be run twice in order to generate table of content correctly. In this case the user
also cannot runpdflatex directly to producepdf-file since reports usually containeps-graphics.

Support of reporting interfaces for problems is restricted. Only reporting interfaces for OED problems
are internally supported in current version of Diana. For further details on this topic see 2.2.2

The user can also access to the optimized parameters in Python directly (without reporting interfaces)
using

1 print "Unknowns: \n", solver.GetSolution()

or

1 print "Unknowns: \n", task.GetSoughtParameters()

The user is able to obtain value of found minimum and some other useful information about optimization
process and results from the list of solver’s parameters as shown below

1 pars_opt = solver.GetParameters()
2 print "Found minimum: ", \
3 pars_opt["MinObjFunc"].GetValue()
4 print "Total amount of objective calls: ", \
5 pars_opt["TotalEvalsCount"].GetValue()
6 print "Total amount of iterations: ", \
7 pars_opt["CurrIteration"].GetValue()
8 print "Total execution time: %s sec" % \
9 pars_opt["TotalTimeOfWork"].GetValue()

Some common parameters of solvers are presented in the table2

2.2 Problem Dependent Questions

This section shows how to specify optimization problems in Diana. The interfaces for parameter estima-
tion, optimal experimental design and general NLP problemsare considered in details. Diana contains
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Table 2: Common parameters of optimizers

Parameter Default value Description

MinObjFunc OUT 1 Found minimum of objective function
TotalEvalsCount OUT Total amount of objective function’s evaluations
CurrIteration OUT Total amount of performed iterations
StartingTime OUT Time when optimization was started

TotalTimeOfWork OUT Total execution time of optimizer (in sec)
StopCondition scFprecision Active stopping criteria

MaxCountOfEvals 100000* 2 Upper bound for number of objective function’s evaluations
MaxCountOfIters 10000 Upper bound for total number of iterations
MaxTimeOfWork 0. Upper bound for total execution time (in sec)

UseCache False* If its value isTrue, caching of evaluated values of objective is
used

VerboseLevel 0 Level of output from solver

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

2.2.1 Parameter Estimation

Diana allows to identify parameters of models with fixed structure. It uses maximum likelihood approach
and makes assumption that observation noise is white Gaussian, correlations between measurements are
absent.The objective function (logarithmic maximum likelihood) has the form

L(x0, p) =
n

∑

i=1

obs
∑

j=1

(x ( j )(ti ; x0, p) − x ( j )
i )2

2σ 2
i j

, (2)

wheren is a total number of observations,obs is a number of observed state variables,x ( j )
i andσi j denote

respectively value and standard deviation ofj th state variable observed at the momentti .

Because of some technical reasons Diana has two different classes for PE problem. The classParameterFittingTask
serves for PE with derivative free optimizers. It doesn’t allow to evaluate gradient of objective. If the
gradient is needed by solver, the user should try classSensParameterFittingTask instead of
ParameterFittingTask. SensParameterFittingTask calculates gradient of objective by
means of sensitivities. Components of gradient with respect to estimated parameters are calculated by

∂L(x0, p)

∂pk
=

n
∑

i=1

obs
∑

j=1

∂x ( j )(ti ; x0, p)

∂pk

x ( j )(ti ; x0, p) − x ( j )
i

σ 2
i j

(3)

Components of gradient with respect to initial values of state variables are defined as

∂L(x0, p)

∂x0k
=

n
∑

i=1

obs
∑

j=1

∂x ( j )(ti ; x0, p)

∂x0k

x ( j )(ti ; x0, p) − x ( j )
i

σ 2
i j

(4)

Since calculation of sensitivities is computationally expensive and can lead to worse convergence prop-
erties for integrator, the user should avoidSensParameterFittingTask if optimizer doesn’t really
need gradient of objective as far as it possible.

Specification of parameter estimation problem in Diana includes several steps, namely

1. provide measurement data
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2. specify parameters of model and initial values of state variables that should be estimated

3. create task and assign it with the solver

In order to provide measurement data the user should create instance ofDianaMeasuredData class.
ConstructorDianaMeasuredData takes two arguments. The first one is a reference to the model,and
the second one is a list of observed state variables.

1 md = diana.DianaMeasuredData(model, ["c_x", "c_s"])

The easiest way to define measurement data is to load it from the file by methodload

1 md.load(’measuremets.dat’)

The file should contain lines of the following format

0.00001
︸ ︷︷ ︸

t ime ti

︸︷︷︸

tab

0.00000001
︸ ︷︷ ︸

measurement x (1)
i

︸︷︷︸

tab

0.00000001
︸ ︷︷ ︸

std . div iat ion σi1

︸︷︷︸

tab

...
︸︷︷︸

tab

0.00000001
︸ ︷︷ ︸

measurement x (obs)
i

︸︷︷︸

tab

0.00000001
︸ ︷︷ ︸

std . div iat ion σi,obs

The user is able to add information about measurement directly in Python scripts. Suppose that we’d like
to add measurements at the beginning. It can be done as follows

1 mpt = diana.CapeMeasuredPoint(md)
2 # specify time
3 mpt.SetTime(0.)
4 # specify measurement for "c_x"
5 # standard deviation is .01 and measured value is 0.
6 mpt.SetValue(0, diana.CapeMeasuredValue(0.,.01))
7 # specify measurement for "c_s"
8 # standard deviation is .01 and measured value is 1.
9 mpt.SetValue(1, diana.CapeMeasuredValue(1.,.01))

10 # append information to measurement data object
11 md.AddMeasuredPoint(mpt)

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

1 md.AddMeasuredPoint(1.5, # time
2 0.01, # standard deviation
3 [0.,1.]) # set of measurements

The user can specify estimated parameters and initial values in the lists of unknowns as it is mentioned
in the section 2.1.4. Specifications for parameters and initial values should be represented in the separate
lists and then these lists should be used in the constructor of the problem

1 sps = [
2 diana.DianaNLPRealParameterSpec("k_s", "", 1.0, 1.0, 3.0, 0.0001),
3 diana.DianaNLPRealParameterSpec("mu_max", "", 4.0, 4.0, 6.0, 0.0001)
4 ]
5

6 taskPE = diana.ParameterFittingTask(dmain, ’ida’,
7 model, md, sps)

Constructor ofParameterFittingTask usually takes the following arguments

• reference to theDianaMain instance

• name of the DAE/ODE solver that will be used to integrate model equations

• reference to the model
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• reference to the measurement data

• lists of specifications for estimated parameters and initial values (latter can be omitted)

In the case ofSensParameterFittingTask the user has alternative way to specify estimated pa-
rameters and initial values. This class has several additional methods for it

• AddEstimatedParameterBySpec
It takes two arguments, namely specification of estimated variable and its type (DIANA PARAMETER
or DIANA INITSTATE).

• AddEstimatedParameterByName
It takes name of estimated variable and its type (DIANA PARAMETER or DIANA INITSTATE)
as arguments. This method uses name of parameter (state variable) to extract specification from
model.

• AddEstimatedParameterByIndex
The same method to the previous one, but it uses index of estimated variable in the list of model
parameters (state variables) instead of name.

Obviously, in this case specification of estimated variables should follow creating the PE problem and
lists of estimated variables are not included in the constructor’s arguments.

1 taskPE = diana.SensParameterFittingTask(dmain, ’ida’, model, md)
2

3 taskPE.AddEstimatedParameterBySpec(
4 diana.DianaNLPRealParameterSpec("mu_max", "", 4.0, 4.0, 6.0, 0.0001),
5 diana.DIANA_PARAMETER)
6 taskPE.AddEstimatedParameterBySpec(
7 diana.DianaNLPRealParameterSpec("k_s", "", 3.0, 1.0, 3.0, 0.0001),
8 diana.DIANA_PARAMETER)

Once PE problem is created and all estimated variables are specified the user can assign the problem with
the optimizer and initialize it. After that the problem can be solved

1 solverPE.SetNLPTask(taskPE)
2 solverPE.Initialize()
3 solverPE.Solve()

2.2.2 Experimental Design

Diana provides common interface for experimental design (OED) problems. It is realized in the class
DianaOEDTask. Note, DianaOEDTask gives only common interface, the final implementation
should be realized in theso-library that uses this interface. Current version of Dianaincludes such
so-library (oedsigmapoint.so) for Sigma Point approach (see [7]). If the user would like toimple-
ment his own OED method, he can useDianaOEDTask as a base class for inheritance.

Specification of OED problem (for problems inherited fromDianaOEDTask) includes such steps

1. specify PE problem and optimizer for PE problem (see section 2.2.1)

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

3. load OED task

4. set parameters of the task

5. initialize OED task, assign it with the solver and start solving

9



Table 3: Optimality criteria for OED problems

Name in Diana Description

DIANA OED A A-optimal design
DIANA OED D D-optimal design
DIANA OED M M-optimal design
DIANA OED E E-optimal design

DIANA OED EStar E∗-optimal design

The questions concerned with the first and the second steps are considered in the sections 2.2.1, 2.1.1,
2.1.4.

Since final implementations of OED problems are held inso-libraries, the creating OED tasks is similar
to the loading models and solvers. The user should call method CreateOEDTask of the factory for
optimization problems:

1 nlptaskfactory = dmain.GetNLPTaskFactory()
2 taskOED = nlptaskfactory.CreateOEDTask(taskPE, optimizerPE,
3 colDesignVars, ’oedsigmapoint’)

This method takes four arguments:

• reference to the PE problem

• reference to the solver for PE problem

• list of design variables

• name ofso-library which implements OED method

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

1 pars_oed = taskOED.GetParameters()
2 pars_oed["OptimalityCriterion"].SetValue(diana.DIANA_OED_EStar)
3 pars_oed["ExecException"].SetValue(True)
4 pars_oed["Alpha"].SetValue(0.5)

ClassCreateOEDTask gives only one extra-parameter calledOptimalityCriterion. It defines
cost function over the covariance matrixCθ . The list of possible values forOptimalityCriterion
is represented in the table 3.D-criterion is used by default. Class for Sigma Point approach from
oedsigmapoint.so has a set of specific parameters listed in the table 4.

Finally, after all these preparations the user can assign the OED problem with the solver, initialize it and
run optimization.

1 optimizerOED.SetNLPTask(taskOED)
2 optimizerOED.Initialize()
3 optimizerOED.Solve()

2.2.3 Optimization of Arbitrary Scalar Objectives

Diana offers the possibility to solve the general NLP problem







min EpL≤ Ep≤ EpU f (Ex, Ep)

subject to Eh(Ex, Ep) = 0
Eg(Ex, Ep) ≤ 0

(5)
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Table 4: Specific parameters for Sigma Point approach

Parameter Default value Description

ExecException False Throw exception if objective cannot be calculated
Alpha 1. Scaling parameterα
Beta 2. Scaling parameterβ
Kappa 1. Scaling parameterκ

CowMatr0Weight OUT Weight of central sigma point for covariance matrix calculation
wc

0
Mean0Weight OUT Weight of central sigma point for mean calculationwm

0
Weights OUT Weight of non-central sigma points for mean and covariance

matrix calculationwi

ClassBasicNLPTask realizes this functionality. One may use this class also to perform dynamic
optimization (e.g., see appendix A.4).

In order to solve NLP problem the user should

1. formulate objective function and constraint functions (see section 2.1.3)

2. specify list of unknowns (see section 2.1.4)

3. create the instance ofBasicNLPTask, assign objective and constraints with it.

4. initialize the task, assign it with the solver and run optimization

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

1 task=diana.BasicNLPTask(sp)

The objective and constraints should be assigned with the task by means of methodsSetObjFunction
andAddConstraintFunc. The second argument ofAddConstraintFunc specifies type of con-
straint. If it isctGx the first argument ofAddConstraintFunc is inequality constraint, otherwise
equality.

1 task.SetObjFunction(objfunc_Rosenbrock)
2 task.AddConstraintFunc(constrfunc1, diana.ctGx) # inequality constraint
3 task.AddConstraintFunc(constrfunc2, diana.ctHx) # equality constraint

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

1 task.Initialize()
2 solver.SetNLPTask(task)
3

4 solver.Initialize()
5 solver.Solve()

2.3 Possible Problems

Lots of problems may occur during optimization. Some of the widespread are mentioned below.

1. optimizer fails
Try to tune parameters of optimizer or use another one. If it does not help, tighten boundaries for
unknowns.
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Table 5: Available optimizers

Feature
so-library

g
e
n
e
t
i
c

d
i
r
e
c
t

b
b
o
w
d
a

b
a
y
e
s
1

u
n
t

l
b
a
y
e
s

n
m
s
i
m
p
l
e
x

l
b
f
g
s
b

i
p
o
p
t

Global search √ √ √ √ √ – – – –
Stochastic objectives √ √ √ √ √ √ – – –
Need of gradient – – – – – – – √ √

Support of constraints handling
bound constraints √ √ √ √ √ √ – √ √

direct constraints √ √ – – – – – – –
inequality constraints √ √ √ – – – – – √

equality constraints – – √ – – – – – √

2. integrator fails
Try to tune parameters of integrator. If it does not help, tryanother DE solver. On my knowl-
edge’ida’ gives the best results for DAEs, and’odessa’ is good for ODEs. If you use
SensParameterFittingTask, changing it onParameterFittingTaskmay help. You
can also try to use optimizer that treats direct constraints(see table 5). Finally you can tighten
boundaries for unknowns in order to exclude infeasible points where integrator fails.

3. starting point cannot be improved by optimizer
There are lots of reasons that can cause this problem. If you use some kind of local optimizer
(especially gradient-based solver) the likeliest one is that approximation to the gradient of the
objective function is nearly zero in the chosen starting point. Find a way how to achieve better
accuracy in gradient estimation. If it is impossible or veryhard, try to perform sensitivity analysis
in order to find better starting point.

4. problems with transferring data intognuplot
It happens very rare. In this case you should avoid reportinginterfaces and organize collecting and
saving results yourself.

3 Available Software Packages

Table 5 gives insight into capabilities of available in Diana optimizers. 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 Genetic algorithms (GA) called GENETIC. This imple-
mentation includes several useful add-in properties, namely:

• treatment of direct constraints (by means of simple death penalty method)

• a priory self-tuning of randomization parameters depending on problem
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Table 6: Parameters of DIRECT V2.0.4 solver

Parameter Default value Description

Infinity 1.e+100 Infinity
Eps 1.e-4 Exceeding value (ifeps > 0, we use the same epsilon for all

iterations; ifeps < 0, we use the update formula from Jones)
Algmethod true Type of DIRECT method realization (if it isfalse, original

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

Ierror OUT Error flag (ifIerror is lower than 0, an error occurred)
Stopping criteria

Maxf 10000 The maximum number of objective function evaluations
MaxT 600 The maximum number of iterations

FGlobal -1.e+100 Supposed lower bound for the global optimum. If this value is
a good approximation to global minimum, algorithm converges
faster

FGlPer 0. The percent error to terminate the optimization
VolPer 0. The volume of the hyperrectangle to terminate the optimization
SigmaPer 0. The measure of the hyperrectangleS with f (c(S)) = fmin to

terminate the optimization

GAs represent a family of global adaptive generational random search algorithms. These algorithms are
insensitive to small noise in objective function, but in average they shows logarithmic convergence rate
even for simple problems (such as quadratic function minimization) [8, 9]. Therefore the users have to
avoid GAs and global random search at all, if calculation of objective and/or constraints takes a lot of
time (depending on problem values from several milliseconds to several seconds are critical), which is
typical for PE, OED and some other dynamic optimization problems. 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 package that is interfaced with Diana. It
implements dividing rectangular global optimization method [1, 2]. The implementation supports:

• treatment of direct constraints

• treatment of inequality constraints

• two different algorithms: the first one emphasizes on the global search (D. R. Jones algorithm),
and the second one has stronger local optimization properties (J. Gablonsky algorithm)

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

• routineBAYES1
Bayesian global optimization method

• routineUNT

The global method of extrapolation type by A. Zilinskas

• routineLBAYES

The local Bayesian method by J. Mockus
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Table 7: Parameters of solvers from GMFL package

Parameter Default value Description

IprPeriod 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) (0< LT ≤ m)
Specific forunt routine

ML 1 The maximal number of local minima, 0< M L <= 20
Specific forlbayes routine

NIPA 0 The number of integer variables
ANIU 0.01 The rate of decreasing of the differentiation step
BETA -1 The rate of decreasing of the iteration step

Table 8: Parameters of NMSIMPLEX solver

Parameter Default value Description

Step – Initial step size (equal for all unknowns)
Steps – Array of initial step sizes
MaxFn 100 The maximum number of function evaluations allowed
StopCr 1.e-4 Stopping criterion
NLoop 20 The stopping rule is applied after everyNLoop function evaluations
IQuad true Flag for fitting of a quadratic surface
Simp 1.e-6 Criterion for expanding the simplex to overcome rounding errors before

fitting the quadratic surface
Var OUT Contains the diagonal elements of the inverse of the information matrix

IFault OUT return of MINIM routine

The use of these routines is reasonable only if objective function 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 NMSIMPLEX realizes Nelder-Mead downhill simplex method [5]. The implementation is per-
formed in Fortran 95 by D. E. Shaw. NMSIMPLEX has a set of parameters listed in the table 8.

3.2.2 Quasi-Newton Methods

IPOPT (short for ”InteriorPoint Optimizer”) is a powerful free for charge package for large scale local
continuous nonlinear optimization. It is a part of COIN-OR project. The most of code has been written
by Andreas Wächter and Carl Laird (Carnegie Mellon University). IPOPT library is distributed under
Common Public License (CPL). IPOPT supports:

• interfacing with C/Fortran routines and C++ classes

• treatment of sparse Jacobians and Hessians

• Hessian approximation using a BFGS update (dense as well as limited memory)

14
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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 criteriaκ f

PGradTol 1.e-5 Tolerance of the projected gradient in the stopping
criteria

TotalExploredIntervals OUT Total number of intervals explored in the search of
Cauchy points

TotalSkippedUpdates OUT Total number of skipped BFGS updates before the
current iteration

PriorUpdates OUT Total number of BFGS updates prior the current it-
eration

PGradNormInf OUT Infinity norm of the projected gradient
EvPrecision OUT Evaluated precision (κ f · εmch)

EpsMch OUT Machine precisionεmch generated by the code
TimeCauchyPoints OUT Accumulated time spent on searching for Cauchy

points
TimeSubspaceMinimization OUT Accumulated time spent on subspace minimization

TimeLineSearch OUT Accumulated time spent on line search

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

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

L-BFGS-B package implements limited-memory variant of Broyden-Fletcher-Goldfarb-Shanno (BFGS)
method subject to simple bounds on the variables. It intended to solve large nonlinear bound-constraint
optimization problems if objective’s gradient is known butinformation on the Hessian matrix is difficult
to obtain. It can also be used for unconstrained problems. The algorithm is implemented in Fortran 77
and was developed by C. Zhu and J. Nocedal (see [10]). This routine works quite well and if equality
and inequality constraints are absent it is a good (and rather simple) alternative for IPOPT.

4 Introductory Notes for Developers

4.1 Optimization Framework

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

The kernel of Diana optimization subsystem corresponds to the simplified UML-diagram on the Figure 1.

The core of optimization subsystem is formed from two groupsof classes. The first one corresponds to
solvers (optimizers), and the second one describes optimization problems. In order to create optimiza-
tion problems or solvers one should use factories. The factory NumericNLPTaskFactory allows
to create optimization problems. The factoryNumericNLPTaskFactory can be used to allocate
optimizers.
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NumericNLPTaskFactory

+ CreateNLPTask(libName:CapeString)

+ Shutdown()

NumericSolverFactory

+ CreateSolver(CAPE NLP, NULL, libName:CapeString)

+ Shutdown()

DianaReporting

+ SetNLPTask(task:ICapeNLPTask*)

+ SetReportingInterface(ri)

+ RemoveReportingInterface(ri)

+ GetSolution()

NumericNLPSolver

+ SetNLPTask(task:ICapeNLPTask*)

+ SetReportingInterface(ri)

+ RemoveReportingInterface(ri)

+ GetSolution()

NLPTask

+ CalcObjFunction()

+ CalcConstraints(type:ConstraintType)

+ GetSoughtParameters(): ICapeCollection&

+ SetReportingInterface(ri)

+ SetNLPParameters(params:ICapeOptimizationPoint*)

+ RemoveReportingInterface(ri)

NumericNLPSolver

+ GetParameterValue(idx:CapeLong)

+ GetParametersCount()

+ GetObjFunction()

+ Content()

+ ValStatus()

0..* 0..*

1..*

1

Figure 1: Kernel of Diana optimization subsystem

Classes that end onNLPTask- hold information about optimization problems. They provide interfaces
for calculation of objective and constraints in the given sample points. Optimizers (usually end on
NumericNLPSolver-) perform solving of optimization problems.

Each optimization problemsNLPTask or optimizerNumericNLPSolver can contain reporting in-
terfaces. Reporting interfaces allow to gather information about solution and optimization process.

The interaction between problems and optimizers is performed by means ofOptimizationPoint
class. Instance ofOptimizationPoint contains information about sample point such as its coor-
dinates and some computationally expensive data concernedwith optimization problem in this point
(usually value of objective function and values of some expensive constraints). It allows easily to or-
ganize caches of sample points and to omit recalculation of computationally expensive data in samples
with the same coordinates. During optimization process optimizer initializes coordinates of its sample
points, assigns this points with problem and calls methods of NLPTask.

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 interfaces for least square optimization problems.
But this support is important to provide a proper numerical solution of least squares curve fit-
ting problems with efficient software that implements Gauss-Newton and Levenberg-Marquardt
algorithms.

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

4. automatic differentiation in order to obtain gradients of objectives and constraints or just availabil-
ity of explicit specification of gradients in Python code
Unfortunately, now the users of Diana’s Python interface have not possibility even to specify gra-
dients directly in Python code. The gradients for gradient-based solvers are estimated by finite
differences.

5. parallelization of computationally expansive problems

6. support of complete and/or rigorous optimization by means of interval arithmetics [6]

Sure, this list is incomplete. Here are mentioned only things that can (and should) be done in the near
future. “Global” directions of further work such as multiobjective, 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 unstructured growth model for a continuous stirred tank
bio-reactor [7].

A.1 Optimization of “explicit” Function

The following script aims to find minimum of generalized Rosenbrock’s function (1) forEx ∈ [−100, 100]n .

1 # ------------------------------------------------------------------
2 # Diana process modelling, simulation and analysis software
3 # Copyright (c) 2006, Sergiy Gogolenko
4 # e-mail: gogolenk@mpi-magdeburg.mpg.de
5 # All rights reserved.
6 # ------------------------------------------------------------------
7 # $Id: rosenbrock.py Fri Aug 11 13:38:55 2006 gogolenk $
8 # ------------------------------------------------------------------
9 # Written under: i586-suse-linux

10 # ------------------------------------------------------------------
11 # Last update: Fri Aug 11 13:38:55 2006
12 # ------------------------------------------------------------------
13 # Description:
14 # Simple example of using DIANA in order to find minimum of
15 # Rosenbrocks’ function (10 unknowns) with deterministic
16 # optimizer (in this case LBFGS-solver).
17

18 __author__ = "Sergiy Gogolenko (gogolenk@mpi-magdeburg.mpg.de)"
19 __version__ = "@PACKAGE_VERSION@"
20 __date__ = "$Date: Fri Aug 11 13:38:55 2006 $"
21 __copyright__ = "Copyright (c) 2006 Sergiy Gogolenko"
22 __license__ = ""
23

24 import diana, sys
25 from math import *
26

27 optimizerName = "lbfgsb" # "direct"
28

29 # initialize Diana main class
30 dmain = diana.GetDianaMain(sys.argv)
31

32 # create LBFGSB-optimizer
33 sfactory = dmain.GetSolverFactory()
34 solver = sfactory.CreateSolver(diana.CAPE_NLP, None, optimizerName)
35

36 # specify list of sought parameters
37 sp = []
38 for i in range(10):
39 sp.append(diana.DianaNLPRealParameterSpec
40 ("x"+str(i+1), "x"+str(i+1), 2, -512, 512, 0.001))
41

42 # create task
43 task=diana.BasicNLPTask(sp)
44

45 # define objective
46 def objfunc_Rosenbrock(task):
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47 pars = task.GetNLPParameters()
48 par = pars.GetParameterValue(0)
49 objfunc = 0.
50 for i in xrange(pars.GetParametersCount()-1):
51 par_next = pars.GetParameterValue(i+1)
52 objfunc += 100*((par_next - par**2)**2) + ((par-1)**2)
53 par = par_next
54 return objfunc
55

56 # assign objective with task
57 task.SetObjFunction(objfunc_Rosenbrock)
58 task.Initialize()
59 print "Rosenbrock task initialized"
60

61 # create report
62 report = dmain.CreateReportingInterface(optimizerName)
63

64 # set parameters for reporting
65 pars_rep = report.GetParameters()
66 pars_rep["Author"].SetValue("MG")
67 pars_rep["OutputFolder"].SetValue("./report")
68 pars_rep["ConsoleOutput"].SetValue(True)
69

70 report.Initialize()
71 print "Report initialized"
72

73 # assign prepared task and report to solver
74 solver.SetReportingInterface(report)
75 solver.SetNLPTask(task)
76 solver.Initialize()
77 print "LBFGSB optimizer initialized"
78

79 # start optimization
80 print "Rosenbrock function (%i parameters) optimization..." \
81 % (task.GetSoughtParameters().Count())
82 try:
83 solver.Solve()
84 except:
85 print "Solving error"
86 pars_opt = solver.GetParameters()
87 print ’#’*80
88 print "Found minimum: ", \
89 pars_opt["MinObjFunc"].GetValue()
90 print "Total amount of objective calls: ", \
91 pars_opt["TotalEvalsCount"].GetValue()
92 print "Total amount of iterations: ", \
93 pars_opt["CurrIteration"].GetValue()
94 print "Total execution time: %s sec" % \
95 pars_opt["TotalTimeOfWork"].GetValue()
96 print ’#’*80
97 print "Solution: ", solver.GetSolution()
98 print ’#’*80

A.2 Parameter Estimation

Parameter estimation with derivative free solver

1 # -----------------------------------------------------------------------
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2 # Diana process modelling, simulation and analysis software
3 # Copyright (c) 2006, Sergiy Gogolenko
4 # e-mail: gogolenk@mpi-magdeburg.mpg.de
5 # All rights reserved.
6 # -----------------------------------------------------------------------
7 # $Id: HafkeReactor.py Fri Aug 11 13:22:08 2006 gogolenk $
8 # -----------------------------------------------------------------------
9 # Written under: i586-suse-linux

10 # -----------------------------------------------------------------------
11 # Last update: Fri Aug 11 13:22:08 2006
12 # -----------------------------------------------------------------------
13 # Description:
14 # Simple example of using DIANA for solving parameter fitting problems
15 # with deterministic optimizer (in this case LBFGS-solver).
16

17 import diana, sys, os
18

19 modelPath = "Substrateuptake.so"
20 observedParams = ["c_x", "c_s"]
21 fileMesData = "./data/observations.dat"
22 integratorName = "ida" # "odessa"
23 optimizerName = "direct" # "nmsimplex"
24

25 # initialize Diana main class
26 dmain=diana.GetDianaMain(sys.argv)
27

28 # create NMSimplex-optimizer
29 sfactory = dmain.GetSolverFactory()
30 solverPE = sfactory.CreateSolver(diana.CAPE_NLP, None, optimizerName)
31

32 # create model
33 mmanager=dmain.GetModelManager()
34 model = mmanager.CreateModel(diana.CAPE_CONTINUOUS, modelPath)
35 model.Initialize()
36

37 # load measured data (state values and time points) from specified file
38 md = diana.DianaMeasuredData(model, observedParams)
39 md.load(fileMesData)
40

41 # Describe estimated parameters
42 sps = [
43 diana.DianaNLPRealParameterSpec("k_s", # name
44 "", # description
45 1.0, # default value
46 1.0, # lower bound
47 3.0, # upper bound
48 0.0001),# precision
49 diana.DianaNLPRealParameterSpec("mu_max", "", 4.0, 4.0, 6.0, 0.0001)
50 ]
51

52 # create paramerter fitting task
53 taskPE = diana.ParameterFittingTask(dmain, integratorName,
54 model, md, sps)
55 taskPE.Initialize()
56

57 print "Parameter fitting task for %s is initialized" \
58 % model.GetComponentName()
59

60 # create report
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61 report = dmain.CreateReportingInterface(optimizerName)
62 # set parameters for reporting
63 pars_solverPErep = report.GetParameters()
64 pars_solverPErep["Author"].SetValue("SG")
65 pars_solverPErep["OutputFolder"].SetValue("./parfit")
66 pars_solverPErep["ConsoleOutput"].SetValue(True)
67 pars_solverPErep["Samples"].SetValue(True)
68 report.Initialize()
69 print "Report initialized"
70

71 # set prepared task and report to solver
72 solverPE.SetReportingInterface(report);
73 solverPE.SetNLPTask(taskPE);
74 solverPE.Initialize();
75 print "Optimizer %s initialized" % solverPE.GetComponentName()
76

77 # start optimization
78 print "Parameter fitting for %s..." % model.GetComponentName()
79 try:
80 solverPE.Solve()
81 except:
82 print "Best solution: ", solverPE.GetSolution()
83 raise
84 print "Solution: ", solverPE.GetSolution()
85 print "Parameter values:"
86 print taskPE.GetSoughtParameters()

Parameter estimation with gradient-based solver

1 # ---------------------------------------------------------------------
2 # Diana process modelling, simulation and analysis software
3 # Copyright (c) 2006, Sergiy Gogolenko
4 # e-mail: gogolenk@mpi-magdeburg.mpg.de
5 # All rights reserved.
6 # ---------------------------------------------------------------------
7 # $Id: HafkeReactor.py Fri Aug 11 13:22:08 2006 gogolenk $
8 # ---------------------------------------------------------------------
9 # Written under: i586-suse-linux

10 # ---------------------------------------------------------------------
11 # Last update: Fri Aug 11 13:22:08 2006
12 # ---------------------------------------------------------------------
13 # Description:
14 # Simple example of using DIANA for solving parmeter fitting problems
15 # with deterministic optimizer (in this case LBFGS-solver).
16

17 import diana, sys, os
18

19 modelPath = "Substrateuptake.so"
20 observedParams = ["c_x", "c_s"]
21 fileMesData = "./data/observations.dat"
22 integratorName = "ida" # "odessa"
23 optimizerName = "lbfgsb" # "ipopt"
24

25 # initialize Diana main class
26 dmain=diana.GetDianaMain(sys.argv);
27

28 # create NMSimplex-optimizer
29 sfactory = dmain.GetSolverFactory();
30 solver = sfactory.CreateSolver(diana.CAPE_NLP, None, optimizerName);

21



31

32 # set solver’s parameters L-BFGS-B
33 pars_PEsolver = solver.GetParameters()
34 pars_PEsolver["StopCondition"].SetValue(1+8)
35 pars_PEsolver["MaxTimeOfWork"].SetValue(200)
36 pars_PEsolver["MaxCountOfEvals"].SetValue(1000)
37 pars_PEsolver["MaxCorrections"].SetValue(100)
38 pars_PEsolver["VerboseLevel"].SetValue(0)
39 pars_PEsolver["Factr"].SetValue(1e+7)
40 pars_PEsolver["PGradTol"].SetValue(1e-5)
41

42 # create model
43 mmanager=dmain.GetModelManager()
44 model = mmanager.CreateModel(diana.CAPE_CONTINUOUS, modelPath)
45 model.Initialize()
46

47 # load measured data (state values and time points) from specified file
48 md = diana.DianaMeasuredData(model, observedParams)
49 md.load(fileMesData)
50

51 # create paramerter fitting task
52 taskPE = diana.SensParameterFittingTask(dmain, integratorName, model, md)
53

54 # describe estimated parameters
55 taskPE.AddEstimatedParameterBySpec(
56 diana.DianaNLPRealParameterSpec("mu_max", "", 4.0, 4.0, 6.0, 0.0001),
57 diana.DIANA_PARAMETER)
58 taskPE.AddEstimatedParameterBySpec(
59 diana.DianaNLPRealParameterSpec("k_s", "", 3.0, 1.0, 3.0, 0.0001),
60 diana.DIANA_PARAMETER)
61

62 taskPE.Initialize()
63 print "Parameter fitting task for %s is initialized" \
64 % model.GetComponentName()
65

66 # create report
67 report = dmain.CreateReportingInterface(optimizerName)
68 # Set parameters for report class
69 pars_rep = report.GetParameters()
70 pars_rep["Author"].SetValue("SG")
71 pars_rep["OutputFolder"].SetValue("./parfit")
72 pars_rep["ConsoleOutput"].SetValue(True)
73 pars_rep["Samples"].SetValue(True)
74

75 report.Initialize()
76 print "Report initialized"
77

78 # set prepeared task and report to solver
79 solver.SetReportingInterface(report);
80 solver.SetNLPTask(taskPE);
81 solver.Initialize();
82 print "Optimizer %s initialized" % solver.GetComponentName()
83

84 # start optimization
85 print "Parameter fitting for %s..." % model.GetComponentName()
86 try:
87 solver.Solve()
88 except:
89 print "Best solution: ", solver.GetSolution()
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90 raise
91

92 print "Solution: ", solver.GetSolution()
93 print "Parameter values:"
94 print taskPE.GetSoughtParameters()

A.3 Optimal Experimental Design

Experimental design with sigma point approach

1 # -----------------------------------------------------------------------
2 # Diana process modelling, simulation and analysis software
3 # Copyright (c) 2009, Sergiy Gogolenko
4 # e-mail: gogolenk@mpi-magdeburg.mpg.de
5 # All rights reserved.
6 # -----------------------------------------------------------------------
7 # Description:
8 # Simple example of using DIANA for solving parameter fitting problems
9 # with deterministic optimizer (in this case LBFGS-solver).

10

11 import diana, sys, os
12 #from math import *
13

14 modelPath = "Substrateuptake.so"
15 observedParams = ["c_x", "c_s"]
16 fileMesData = "./data/observations.dat"
17 integratorName = "odessa" #"ida"
18 optimizerPEName = "nmsimplex"
19 methodOEDName = "oedsigmapoint"
20 optimizerOEDName = "direct" #"genetic" #"nmsimplex"
21

22 # initialize Diana main class
23 dmain=diana.GetDianaMain(sys.argv)
24

25 ##########################################################################
26 # PI Definition Section #
27 ##########################################################################
28

29 # create optimizer for PI
30 sfactory = dmain.GetSolverFactory()
31 optimizerPE = sfactory.CreateSolver(diana.CAPE_NLP, None, optimizerPEName)
32

33 # set optimizer’s parameters
34 pars_PEsolver = optimizerPE.GetParameters()
35 pars_PEsolver["StopCondition"].SetValue(1+8)
36 pars_PEsolver["MaxTimeOfWork"].SetValue(10)
37 pars_PEsolver["MaxCountOfEvals"].SetValue(1)
38 pars_PEsolver["VerboseLevel"].SetValue(0)
39

40 pars_PEsolver["Step"].SetValue(0.01)
41 pars_PEsolver["MaxFn"].SetValue(40)
42 pars_PEsolver["StopCr"].SetValue(1e-2)
43 pars_PEsolver["NLoop"].SetValue(20)
44 pars_PEsolver["IQuad"].SetValue(True)
45 pars_PEsolver["Simp"].SetValue(1e-6)
46

47 # create model
48 mmanager = dmain.GetModelManager()

23



49 model = mmanager.CreateModel(diana.CAPE_CONTINUOUS, modelPath)
50 model.Initialize()
51 #print model.GetActiveESO().GetParameters()
52

53 # load measured data (state values and time points) from specified file
54 md = diana.DianaMeasuredData(model, observedParams)
55 md.load(fileMesData)
56

57 # describe estimated parameters
58 sps = [
59 diana.DianaNLPRealParameterSpec("k_s", "", 1.0, 1.0, 3.0, 0.0001),
60 diana.DianaNLPRealParameterSpec("mu_max", "", 4.0, 4.0, 6.0, 0.0001)
61 ]
62

63 # create paramerter fitting task
64 taskPE = diana.ParameterFittingTask(dmain, integratorName, model, md, sps)
65 taskPE.Initialize()
66 print "Parameter fitting task "\
67 "for %s is initialized" % model.GetComponentName()
68

69 # set prepeared PI task to PI optimizer
70 optimizerPE.SetNLPTask(taskPE)
71 optimizerPE.Initialize()
72 print "PI optimizer %s initialized" % optimizerPE.GetComponentName()
73

74 #########################################################################
75 # OED Definition Section #
76 #########################################################################
77 # describe design variables
78 colDesignVars = [
79 diana.DianaNLPRealParameterSpec("q_0", "", 0.09, 0.07, 0.08, 0.0001)
80 ]
81

82 # create OED problem
83 nlptaskfactory = dmain.GetNLPTaskFactory()
84 taskOED = nlptaskfactory.CreateOEDTask(taskPE, optimizerPE,
85 colDesignVars, methodOEDName)
86 pars_OEDtask = taskOED.GetParameters()
87 pars_OEDtask["OptimalityCriterion"].SetValue(diana.DIANA_OED_EStar)
88 pars_OEDtask["ExecException"].SetValue(True)
89 pars_OEDtask["Alpha"].SetValue(0.5)
90 taskOED.Initialize()
91 print "OED task initialized..."
92

93 ########################################################################
94 # Create OED task reporting #
95 ########################################################################
96

97 # create reportOEDTask
98 reportOEDTask = dmain.CreateReportingInterface(methodOEDName)
99 # set parameters for reportOEDTask class

100 pars_taskOEDrep = reportOEDTask.GetParameters()
101 pars_taskOEDrep["OutputFolder"].SetValue("./oedtask")
102 pars_taskOEDrep["ConsoleOutput"].SetValue(True)
103 pars_taskOEDrep["SamplingPoints"].SetValue(True)
104

105 reportOEDTask.Initialize()
106

107 taskOED.SetReportingInterface(reportOEDTask)
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108 print "OED task report initialized"
109

110 ########################################################################
111 # OED Solving Section #
112 ########################################################################
113

114 # create optimizer for OED problem
115 optimizerOED = sfactory.CreateSolver(diana.CAPE_NLP,
116 None, optimizerOEDName)
117

118 # settings for OED optimizer
119 pars_OEDsolver = optimizerOED.GetParameters()
120 pars_OEDsolver["Eps"].SetValue(1.0000000000e-4)
121 pars_OEDsolver["Maxf"].SetValue(5000)
122 pars_OEDsolver["MaxT"].SetValue(1000)
123 pars_OEDsolver["Algmethod"].SetValue(False)
124 pars_OEDsolver["FGlPer"].SetValue(1.0000000000e-02)
125 pars_OEDsolver["VolPer"].SetValue(-1.0000000000e+00)
126 pars_OEDsolver["SigmaPer"].SetValue(-1.0000000000e+00)
127 pars_OEDsolver["FGlobal"].SetValue(-10.15320)
128 pars_OEDsolver["VerboseLevel"].SetValue(2)
129

130 # create report
131 report = dmain.CreateReportingInterface(optimizerOEDName)
132 # set parameters for report class
133 pars_solverOEDrep = report.GetParameters()
134 pars_solverOEDrep["Author"].SetValue("SG")
135 pars_solverOEDrep["OutputFolder"].SetValue("./oed")
136 pars_solverOEDrep["ConsoleOutput"].SetValue(True)
137 pars_solverOEDrep["Samples"].SetValue(True)
138

139 report.Initialize()
140 print "Report initialized"
141

142 # set prepeared task and report to OED optimizer
143 optimizerOED.SetReportingInterface(report)
144 optimizerOED.SetNLPTask(taskOED)
145 optimizerOED.Initialize()
146 print "OED optimizer %s initialized" % optimizerOED.GetComponentName()
147

148 # start optimization
149 print "OED by %s for %s..." % (taskOED.GetComponentName(),
150 model.GetComponentName())
151 try:
152 optimizerOED.Solve()
153 except:
154 print "Best solution: ", optimizerOED.GetSolution()
155 raise
156 print "Solution: ", optimizerOED.GetSolution()
157 print "Parameter values:"
158 print task.GetSoughtParameters()

A.4 Dynamic Optimization

The following script shows haw to use arbitrary objectives in order to solve dynamic optimization prob-
lems

1 # -------------------------------------------------------------------------
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2 # Diana process modelling, simulation and analysis software
3 # Copyright (c) 2008, Sergiy Gogolenko
4 # e-mail: gogolenk@mpi-magdeburg.mpg.de
5 # All rights reserved.
6 # -------------------------------------------------------------------------
7 # $Id: control.py Mon Mar 30 13:22:08 2008 gogolenk $
8 # -------------------------------------------------------------------------
9 # Written under: i586-suse-linux

10 # -------------------------------------------------------------------------
11 # Last update: Mon Mar 30 13:22:08 2008
12 # -------------------------------------------------------------------------
13 # Description:
14 # Example of using DIANA for solving optimal control problems (just a way
15 # how one may define "nonstandard" optimization probem in DIANA).
16

17 import diana, sys, os
18 #from math import *
19

20 modelPath = "Substrateuptake.so"
21 observedParams = ["c_x", "c_s"]
22 integratorName = "odessa" #"ida"
23 optimizerName = "direct" #"nmsimplex"
24

25 controled_param = "q_0"
26

27 cntTimePoints = 21; T0, Tend = 0., 5.
28 timePoints = [(T0+i*(Tend - T0)/(cntTimePoints - 1)) \
29 for i in xrange(cntTimePoints)]
30

31

32

33 # initialize Diana main class
34 dmain=diana.GetDianaMain(sys.argv)
35

36 ###########################################################################
37 # Specify optimization problem #
38 ###########################################################################
39

40 # create model
41 mmanager=dmain.GetModelManager()
42 model = mmanager.CreateModel(diana.CAPE_CONTINUOUS, modelPath)
43 model.Initialize()
44

45 # receive ESO from model
46 eso = model.GetActiveESO()
47 esopar = eso.GetParameters()
48 esovars = eso.GetStateVariables()
49 # print esovars # esopar
50

51 # define a list of unknowns
52 spars = []
53 for i in xrange(len(timePoints) - 1):
54 name = ’%s[%02i]’ % (controled_param, i)
55 descr = ’Parameter "%s" at the moment t=[%.2f, %.2f)’ \
56 % (controled_param, timePoints[i], timePoints[i+1])
57 lower_bound, upper_bound = 0., 1.
58 default_val = lower_bound + \
59 (upper_bound - lower_bound)*i/(len(timePoints) - 2)
60 precision = 0.0001
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61 spars.append(diana.DianaNLPRealParameterSpec(
62 name, descr, default_val, lower_bound, upper_bound, precision))
63

64 # create integrator (ODE/DAE solver)
65 sfactory = dmain.GetSolverFactory()
66 integrator = sfactory.CreateSolver(diana.CAPE_DAE, model, integratorName)
67 integrator.Initialize()
68 intpar = integrator.GetParameters()
69

70 # define objective
71 saved_esovars = eso.GetAllVariables()
72 def objFunc(task):
73 # prepares to integration
74 pars = task.GetNLPParameters()
75 eso.SetAllVariables(saved_esovars)
76 intpar["Start"].SetValue(True)
77 intpar["T0"].SetValue(timePoints[0])
78 intpar["VerboseLevel"].SetValue(0)
79 ret_val = 0.
80 # step-wise integration
81 for i in xrange(1, len(timePoints)):
82 par = pars.GetParameterValue(i-1)
83 esopar[controled_param].SetValue(par)
84 intpar["Tend"].SetValue(timePoints[i])
85 integrator.Solve()
86 ret_val += (esovars["c_s"].GetValue() \
87 - esovars["c_x"].GetValue())**2
88 return ret_val
89

90 # create optimization problem
91 opttask = diana.BasicNLPTask(spars)
92 opttask.SetObjFunction(objFunc)
93 opttask.Initialize()
94 print ’Optimal control task for "%s" is initialized’ \
95 % model.GetComponentName()
96

97 ###########################################################################
98 # Specify optimizer #
99 ###########################################################################

100

101 # create optimizer
102 optimizer = sfactory.CreateSolver(diana.CAPE_NLP, None, optimizerName)
103

104 # set optimizer’s parameters (just if you need)
105 solpar = optimizer.GetParameters()
106 solpar["Eps"].SetValue(1.0000000000e-4)
107 solpar["Maxf"].SetValue(5000)
108 solpar["MaxT"].SetValue(1000)
109 solpar["Algmethod"].SetValue(False)
110 solpar["FGlPer"].SetValue(1.0000000000e-02)
111 solpar["VolPer"].SetValue(-1.0000000000e+00)
112 solpar["SigmaPer"].SetValue(-1.0000000000e+00)
113 solpar["FGlobal"].SetValue(-10.15320)
114 solpar["VerboseLevel"].SetValue(2)
115

116 # create report and set its parameters (just if you need)
117 report = dmain.CreateReportingInterface(optimizerName)
118 reppar = report.GetParameters()
119 reppar["Author"].SetValue("SG")
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120 reppar["OutputFolder"].SetValue("./control")
121 reppar["ConsoleOutput"].SetValue(True)
122 reppar["Samples"].SetValue(True)
123 report.Initialize()
124 print "Report is initialized"
125

126 # assign task and report with optimizer
127 optimizer.SetReportingInterface(report)
128 optimizer.SetNLPTask(opttask)
129 optimizer.Initialize()
130 print ’Optimizer "%s" is initialized’ % optimizer.GetComponentName()
131

132 ###########################################################################
133 # Solve the problem #
134 ###########################################################################
135 print "Oprimization progress..."
136 try:
137 optimizer.Solve()
138 except:
139 print "Best solution (found before exception): ",\
140 optimizer.GetSolution()
141 raise
142 print "Solution: ", optimizer.GetSolution()
143 print "Parameter values:"
144 print opttask.GetSoughtParameters()
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