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Abstract

The MATLAB toolbox NLPLIB TB is a collection of MATLAB m-files that
solves nonlinear optimization and parameter estimation problems. Both NLPLIB
solvers and other general-purpose solvers are possible to use. The toolbox is used in
our undergraduate courses in Optimization Theory and Mathematical Programming
for engineers and mathematicians.

Included in NLPLIB TB are routines for unconstrained and constrained opti-
mization unconstrained and constrained nonlinear least squares and quadratic pro-
gramming. New algorithms are implemented for the nonlinear least squares problem
to approximate sums of exponentials to empirical data.

NLPLIB TB has menu programs and driver routines for the different types of
nonlinear optimization problems. Also included is a general graphical user interface
(GUI) which greatly simpifies the use of the toolbox.

!'The TOM home page is http://www.ima.mdh.se/tom.
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1 Introduction

The MATLAB toolbox NLPLIB TB (NonLinear Programming LIBrary Toolbox) is part
of TOMLAB [15, 14]. NLPLIB TB is a set of MATLAB m-files, which solves non-
linear optimization problems and nonlinear parameter estimation problems in operations
research and mathematical programming. The focus is on dense problems. The toolbox
is running in MATLAB 5.1 and partly in MATLAB 4.2¢ and works on both PC (NT4.0,
Win95, Windows 3.11) and UNIX systems (SUN, HP).

The optimization problem to be solved is either selected using a interactive menu program,
or by direct call to a parameter driven driver routine. The problem is solved using either
a NLPLIB TB solver, a solver in the MATLAB Optimization Toolbox [4] or using a
MEX-file interface to call a FORTRAN or C optimization code.

NLPLIB TB has interactive menu programs for unconstrained and constrained opti-
mization, unconstrained and constrained nonlinear least squares and quadratic program-
ming.

NLPLIB TB includes a graphical user interface (GUI) [6] where all types of predefined
problems can be solved. The user has total control of all parameters and variables when
using the GUIL

TOMLAB MEX-file interfaces for both PC and UNIX has been developed for the com-
mercial optimization code MINOS 5.5 [20]. In NLPLIB TB MINOS is used to solve
nonlinear programs, but is also used to solve linear programs in OPERA TB [13].
TOMLAB MEX-file interfaces working on both PC and UNIX have also been developed
for the commercial codes from the Systems Optimization Laboratory (SOL), Department
of Operations Research, Stanford University, Carlifonia; NPSOL 5.02 [10], NPOPT 1.0-10
(updated version of NPSOL), NLSSOL 5.0-2, QPOPT 1.0-10, LSSOL 1.05 and LPOPT
1.0-10. The aim is to expand this list in the near future.

NLPLIB TB has many predefined test problems. It is easy to try to solve any of these
problems using any of the solvers present. The user can easily expand the set of test
problems with his own problems.

NLPLIB TB was designed with the aim to simplify the solution of practical optimization
problems. After defining a new problem in the NLPLIB TB format it is then possible
to try to solve the problem using any available solver or method.

For two-dimensional nonlinear unconstrained problems, the menu programs support graph-
ical display of the selected optimization problem as a mesh or contour plot. Furthermore,
the search directions together with marks of the trial step lengths are displayed on the
contour plot. For higher-dimensional problems, the contour plot is displayed in a two-
dimensional subspace. Plots showing the estimated convergence rate and the sequence
of function values are included. The GUI has the same graphical utilities as the menu
programs.

For nonlinear least squares problems, a routine to plot the data against the starting
model and the fitted model is included. NLPLIB TB has been used for several years
in optimization courses both at Malardalen University and at Uppsala University. It is
distributed free of charge for academic purposes.
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2 Installation of the toolbox NLPLIB TB

If NLPLIB TB is installed as a standalone toolbox, the following routines from the
OPERA TB toolbox must be included: Ipsimpl,lpsimp2, mPrint, printmat, zprint, xprinte
and zprinti.

2.1 Installation on PC systems

NLPLIB TB is normally installed as part of TOMLAB, with the subpath /tom-
lab/nlplib. On PC systems a normal choice of full path is

\matlab\tomlab\nlplib
or
\matlab\toolbox\tomlab\nlplib.

This path must be added to the MATLAB search path. Before starting a session running
NLPLIB TB, call niplibInit, which sets the number of columns and declares the global
variables used. If the user has a screen with more than 80 columns, the variable MAXCOLS
in niplibInit should be changed to the correct number.

2.2 Installation on UNIX systems

NLPLIB TB is normally installed as part of TOMLAB, with the subpath /tom-
lab/nlplib. A possible full path is

/home/tomlab /nlplib
or
/home/matlab/toolbox /tomlab /nlplib.

This path must be added to the MATLAB search path. Before starting a session running
NLPLIB TB, call niplibInit, which sets the number of columns and declares the global
variables used. If the user has a screen with more than 80 columns, the variable MAXCOLS
in niplibInit should be changed to the correct number.

3 Overview of NLPLIB TB

The development of NLPLIB TB started in 1989. MATLABroutines were developed
to illustrate numerical optimization algorithms and were used in computer exercises in
different optimization courses. The first version of several of the routines was the result
of computer exercises solved by the students.

The main purpose of the development of NLPLIB TB is to develop tools to be used
in teaching optimization algorithms. The principle is that all algorithms discussed in a
course should be available as an easy-to-read computer implemented algorithm.

The current status of NLPLIB TB is:
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e 39 700 lines of MATLAB code in the directories niplib and nilpdemo.
e 234 files with algorithms, utilities and predefined problems.
e Menu programs and driver routines for

— unconstrained optimization.
— quadratic optimization.

— constrained optimization

— nonlinear least squares.

— constrained nonlinear least squares.

New algorithms for the nonlinear parameter estimation problem of fitting sums of
exponential functions to empirical data.

A graphical user interface (GUI) from which all types of problems can be solved
(Only working in MATLAB 5.1).

Most of the code is compatible with both MATLAB 4.2¢c and MATLAB 5.1.

Suitable for teaching basic courses in optimization and mathematical programming;

3.1 Optimization Algorithms and Solvers

In Table 1 the optimization solvers in NLPLIB TB are shown. The solver for uncon-
strained optimization, ucSolve, and the solver routine for nonlinear least squares, lsSolve,
are both written as a prototype routine. The prototype algorithm [sSolve for nonlinear
least squares is described in detail in Section 3.2.

The routine ucSolve implements a prototype algorithm for unconstrained optimization
with simple bounds on the parameters (uc), i.e. solves the problem

min f(z)
(1)

subject to 1z, < x < wy ,

where x,xp, xy € R" and f(z) € R.  wucSolve includes several of the most popular search
step methods for unconstrained optimization. Bound constraints are treated as described
in Gill et al.[11]. The search step methods for unconstrained optimization included in
ucSolve are

e The Newton method.
e The quasi-Newton BFGS method (safeguarded).

e The quasi-Newton inverse BFGS method (safeguarded).

The quasi-Newton DFP method (safeguarded).

The quasi-Newton inverse DFP method (safeguarded).
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e The Fletcher-Reeves conjugate gradient method.
e The Polak-Ribiere conjugate gradient method.

e The Fletcher conjugate descent method.

For the Newton and the quasi-Newton methods the code is using a subspace minimization
technique to handle rank problems, see Lindstrom [17]. The code for the quasi-Newton
matrix update is using safe guarding techniques to avoid rank problem in the updated
matrix.

Another unconstrained solver in NLPLIB TB is the structural trust region algorithm
sTrustR, combined with an initial trust region radius algorithm. The code is based on
the algorithms in [5] and [21], but using the same framework as ucSolve and the same
treatment of problems with bound constraints.

The constrained nonlinear optimization problem (con) is defined as

min f(z)

r, < T < xy (2)
subject to b, < Ax < by ,

¢, < cfz) < o

where z,zp,zy € R", f(x) € R, A € R™*" by by € R™ and c¢p, c(x),cy € ™. For
general constrained nonlinear optimization a sequential quadratic programming (SQP)
method by Schittkowski [22] is implemented in the routine conSolve.

A Quadratic program (qp) is defined as

min f(z) =32 Fz + '
biect t r, < x < ay (3)
subject to 1, © = 4 2 gy

where ¢, x,xp,xy € R*, FF € R™", A € R™>" and by, by € R™. Quadratic programs
are solved with a standard active set method [18], implemented in the routine gpSolve.
The algorithm explicitly treats both inequality and equality constraints as well as lower
and upper bounds on the variables (simple bounds). It converges for some indefinite qps,
but the code is not entirely robust for indefinite problems.

NLPLIB TB includes two algorithms for solving qp restricted to equality constraints
only; a null space method (gpe) and Lagrange’s method gplm).

3.2 Nonlinear Least Squares Algorithms

The Nonlinear Least Squares Problem (Is) is defined as
min f(@) = 3r(z)"r(z)

subject to 1z, < x < wy ,
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Table 1: Optimization solvers in NLPLIB TB.

Function Description

ucSolve A prototype routine for unconstrained optimization with simple
bounds on the parameters. Implements Newton, quasi-Newton and
conjugate gradient type of search methods.

IsSolve A prototype algorithm for nonlinear least squares with simple bounds.
Implements Gauss-Newton and hybrid quasi-Newton and Gauss-
Newton type of methods.

clsSolve A prototype algorithm for constrained nonlinear least squares. Cur-
rently handles simple bounds and linear equality and inequality con-
straints. Implements Gauss-Newton and hybrid quasi-Newton and
Gauss-Newton type of search step methods.

conSolve Constrained nonlinear minimization solver using sequential quadratic
programming.

sTrustR Solver for unconstrained optimization, using a structural trust region
algorithm.

qgpSolve Solves a general quadratic program.

qpe Solves a qp problem, restricted to equality constraints, using a null
space method.

qplm Solves a qp problem, restricted to equality constraints, using La-
grange’s method.

where z, 2y, 2y € " and r(z) € RV, .

In NLPLIB TB the prototype nonlinear least squares algorithm IsSolve treats problems
with bound constraints in a similar way as the routine ucSolve described in Section 3. In
Figure 1 the algorithm is described in a flow sheet. There are six methods to compute
the search direction. The two last, which are using inverses, are not practical methods,
and included only to illustrate the drawbacks of using them.

If rank problems occur the prototype algorithm is using subspace minimization, see Lind-
strom [17]. It is only possible to use this method and determine the pseudo rank using
the first four methods to compute the search direction. The line search algorithm used is
the same as for unconstrained problems.

The prototype routine IsSolve includes four optimization methods for nonlinear least

squares problems:

e The Gauss-Newton method.

e The Al-Baali-Fletcher hybrid method [1].

e The Fletcher-Xu hybrid method [8].

e The Huschens TSSM method [16].
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(init, iteration &k = 1]

F=hil l
Check bounds

Compute 7(z) and J(z), if  changed

Convergence?

Determine pseudo rank and modified step Py

Determine maximal steplength aynqz

Determine steplength oy by a line search

Update zy41 =z + appi

Method update?

Gauss-Newton Fletcher-Xu Al-Baali-Fletcher Huschens TSSM

Figure 1: The NLPLIB TB prototype routine for nonlinear least squares
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The Constrained Nonlinear Least Squares Problem (cls) is defined as

min f(z) = 3r(x)"r(z)

z, < x < ay (5)
subject to b, < Ax < by ,

c, < ¢r) < v

where x,xp, 1y € R*, r(x) € RV, A € R™X" by, by € R™ and ¢, c(x), cy € R™2. .

To handle constrained nonlinear least squares problems a new prototype routine clsSolve
based on IsSolve is developed. Currently clsSolve can treat linear equality and inequality
constraints, but the intention is to develop it further to handle general constraints. The
search methods in clsSolve are the same as in [sSolve. Constraints are treated using an
active set strategy.

4 The routines in NLPLIB TB

There are five menu programs defined in Table 2, one for each type of optimization
problem. Included in the table is also the graphical user interface (GUI) for nonlinear
programming, which has the same functionality in one routine as all the menu programs.

Table 2: Menu programs.

Function Description

nlplib Graphical user interface (GUI) for nonlinear optimization. It can han-
dle all types of nonlinear optimization problems.

ucOpt Menu for unconstrained optimization.

qpOpt Menu for quadratic programming.

conOpt Menu for constrained optimization.

1sOpt Menu for nonlinear least squares problems

clsOpt Menu for constrained nonlinear least squares problems

The menu programs described in Table 2 calls the corresponding driver routine given in
Table 3.

For each external FORTRAN or C solver, a special driver routine is developed, which
simplifies the use of the external solver.

Like the MATLAB Optimization Toolbox, OPERA TB and NLPLIB TB are using
a vector with optimization parameters. In Optimization Toolbox, the routine foptions
is setting up the default values in a vector OPTIONS with 18 parameters. Our solvers
need more parameters, currently 40, and therefore the routine goptions is used instead
of foptions. For each type of optimization problem there is a corresponding definition
routine which calls goptions and defines default parameter values for the vector optPar.
The routines are described in Table 4.
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Table 3: Driver routines.

Function Description

ucRun Driver routine for unconstrained optimization.
qpRun Driver routine for quadratic programs.

conRun Driver routine for constrained optimization.

IsRun Driver routine for nonlinear least squares problems.
clsRun Driver routine for constrained nonlinear least squares problems.
minosRun Driver and test routine for MINOS 5.5.

npsolRun Driver and test routine for NPSOL 5.02.

npoptRun Driver and test routine for NPOPT 1.0-10.
nlssolRun Driver and test routine for NLSSOL 5.0-2.
qpoptRun Driver and test routine for QPOPT 1.0-10.
IpoptRun Driver and test routine for LPOPT 1.0-10.
IssolRun Driver and test routine for LSSOL 1.05.

Table 4: Routines defining default optimization parameters.

Function Description

ucDef Define default parameters for unconstrained optimization.

qpDef Define default parameters for quadratic programming.

conDef Define default parameters for constrained optimization.

IsDef Define default parameters for nonlinear least squares optimization.

clsDef Define default parameters for constrained nonlinear least squares op-
timization.

goptions Set default values for optimization and display parameters. General-
ized version of foptions in Optimization Toolbox.

In Table 5 the utility functions needed by the solvers in Table 1 are displayed. The
function ittr implements the initial trust region radius algorithm by Sartenaer [21].

The line search algorithm linesrch used by the solvers conSolve, lsSolve, clsSolve and
ucSolve is a modified version of an algorithm by Fletcher Fletcher [9, chap. 2]. The
use of quadratic (intpol2) and cubic interpolation (intpol3) is possible in the line search
algorithm.

The routine presolve is running a presolve analysis on a system of linear equalities, linear
inequalities and simple bounds. An algorithm by Gondzio [12] is implemented in presolve.
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Table 5: Utility routines for the optimization solvers.

Function Description

ittr Initial trust region radius algorithm.

linesrch Line search algorithm by Fletcher.

intpol2 Find the minimum of a quadratic interpolation. Used by linesrch.
intpol3 Find the minimum of a cubic interpolation. Used by linesrch.
presolve Presolve analysis on linear constraints and simple bounds.

4.1 MEX-file interfaces

It is possible to call FORTRAN and C/C++ code from MATLAB using dynamically
linked subroutines, so called MEX-file interfaces. On PC Windows systems these inter-
faces were previously either built using 16-bit DLL files or 32-bit REX MEX-file interface.
MATLAB 5.1 now supports 32-bit DLLs. A severe restriction is that the standard I/0O
routines in C and FORTRAN are not available; DLL MEX-files must use the Windows
file I/O functions instead. For long it has been very difficult to develop a working MEX-
file interface on PC Windows systems, especially MEX-file interfaces to FORTRAN code.
Most optimization solvers are written in FORTRAN and most of them also draws heavy
on a functioning I/O system.

On UNIX systems it is easier to develop working MEX-file interfaces, and therefor FOR-
TRAN MEX-file code is available for several optimization solvers.

In NLPLIB TB there is currently seven MEX-file interface developed, to the commercial
solvers MINOS, NPSOL, NPOPT, NLSSOL, QPOPT, LPOPT and LSSOL as described
in Table 6. As standard, MINOS has a very advanced I/O handling, but is also possible to
switch it off and use MINOS as a silent subroutine. The other routines are also possible
to make totally silent. The MEX-file interfaces are all written in C and compiled and
linked using the WATCOM C/C++ version 10.6 compiler. It was impossible to make
them work on PC systems without converting all FORTRAN code to C using f2¢ [7].

Table 6: MEX-file interface routines.

Function Description

minos Calls minosMez, the MEX-file interface routine for MINOS 5.5.
npsol Calls npsolMez, the MEX-file interface routine for NPSOL 5.02.
npopt Calls npoptMez, the MEX-file interface routine for NPOPT 1.0-10.
nlssol Calls nilssolMex, the MEX-file interface routine for NLSSOL 5.0-2.
qpopt Calls gpoptMez, the MEX-file interface routine for QPOPT 1.0-10.
Ipopt Calls IlpoptMezx, the MEX-file interface routine for LPOPT 1.0-10.
Issol Calls IssolMex, the MEX-file interface routine for LSSOL 1.05.
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4.2 Low level routines and Test Problems

We define the low level routines as the routines that compute the objective function value,
the gradient vector, the Hessian matrix (second derivative matrix), the residual vector
(for NLLS problems), the Jacobian matrix (for NLLS problems), the vector of constraint
functions, the matrix of constraint normals and the second part of the second derivative of
the Lagrangian function. The last three routines are only needed for constrained problems.
The names of these routines are defined in a set of global variables with predefined names.
It is the task of the problem setup routine, in NLPLIB TB routines with names of the
type *_prob, to return these values, and the driver routine then sets the global variables
to correct values.

As input argument to all menu programs and driver routines the user can send his own
problem setup routine. There is also a menu of all problem setup routines available for
the current type of solver. This implies that the system is totally flexible. All information
about a problem is stored in a structure variable prob. This variable is an argument to all
low level routines and in the field element prob.uP all problem specific information needed
to evaluate the low level routines is then easily retrieved. After writing the setup routine
and the low level routines needed, NLPLIB TB is ready to run the users own problem.

Table 7 shows the reserved global variable names for the low level routines and the in-
formation that should be computed when running them. Only the routines relevant for
a certain type of optimization problem need to be coded. There are dummy routines for
the other routines.

Table 7: Global parameter names.

Global Information computed running feval (global variable)

variable

pf The objective function value f(z).

p-g The gradient vector g(x) of the function f(z).

p-H The Hessian matrix (second derivative matrix) H (z) of the function f(z).

p-c The vector of constraint functions ¢(z).

p-dc The matrix of constraint normals, dc(z)/dx.

p-d2c The second part of the second derivative of the Lagrangian function,
Zi Aié??ci (ZL’)/d.I‘Q

pr The residual vector r(z) of the function f(z) = 2r(z)"r().

p-J The Jacobian matrix J(z), where J;; = Or;/dzj,i=1,...,m,j =1, ..., n.

Different solvers all have very different demand on how the sufficient information should
be supplied, i.e. the function to optimize, the gradient vector, the Hessian matrix. To
be able to code the problem only once and then use this formulation to run all types of
solvers, it was necessary to develop interface routines that returns the information in the
format needed for the actual solver. The interface routines are using the MATLAB m-file
name stored as a string in the global variables in Table 7 to call the correct low level
routine. The Table 8 gives the current set of interface routines needed.
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The table 9 describes the low level test functions and the corresponding problem setup
routines needed for the predefined unconstrained optimization (uc) problems.

The Table 10 describes the low level test functions and the corresponding problem setup
routines needed for the predefined constrained optimization (con) problems.

To be able to solve Quadratic Programming (qp) problems using general purpose solvers,
routines to compute the objective function, the gradient vector and the Hessian matrix
must be defined. The Table 11 describes the routine which defines the qp problem,
gpGetMat, and the three other functions needed.

The Table 12 describes the low level routines, the initialization routine and the routines to
compute the residual vector and the Jacobian matrix needed for the predefined nonlinear
least squares (Is) test problems.

The problem of fitting positive sums of positively weighted exponential functions to em-
pirical data may be formulated either as a nonlinear least squares problem or a separable
nonlinear least squares problem. Some empirical data series are predefined and artificial
data series may also be generated. Algorithms to find starting values for different number
of exponential terms are implemented. The Table 13 describes the relevant routines:

The Table 14 describes the low level routines and the initialization routines needed for
the predefined constrained nonlinear least squares (cls) test problems.

The Table 15 describes the low level test functions and the corresponding problem setup

routines needed for the predefined unconstrained and constrained optimization problems
from the CUTE data base [2, 3.

There are some options in the menu programs to display graphical information for the
selected problem. For two-dimensional nonlinear unconstrained problems, the menu pro-
grams support graphical display of the selected optimization problem as mesh or contour
plots. On the contour plot the iteration steps are displayed. For higher-dimensional prob-
lems, iterations steps are displayed in two-dimensional subspaces. The Table 16 describes
the plot routines.

The Table 17 describes the utility routines called from other NLPLIB TB functions.

The optimization solvers in the MATLAB Optimization Toolbox which are possible to
use in NLPLIB TB are listed in Table 18. The user must of course have a valid license.
The driver routine checks if the actual routine is in the path, possible to call, and then
uses feval to run it.

5 The User Interface and Menu Systems

This section describes the menu routines ucOpt, gpOpt, conOpt, IsOpt and clsOpt. It also
discusses the functional structure of TOMLAB as displayed in Figure 5. The graph-
ical user interface (GUI) has the same functionality as the menu programs. The GUI
is presented in detail in [6]. The following is a list of the standard menu choices for
unconstrained and constrained optimization:

e Name of the problem setup file and the problem to be solved.
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Should the problem be solved using default parameters or should problem dependent
questions be asked?

The amount of output and any restriction on the number of array elements displayed.

This is to avoid too much output for large size problems.
Optimization method (algorithm).

Print levels and pause/no pause after each iteration.
Optimization parameters of the following type:

— 0, the line search accuracy.

— The maximal number of iterations.

— The starting values for the unknown variables z, and lower and upper bounds

on x.
Choice if to use quadratic or cubic interpolation in line search algorithm.

A best guess of the lower bound on the optimal objective function value (used
by the line search algorithm).

The tolerance on the convergence for the iterative sequence of the variables x, a
convergence tolerance on the objective function value f(x), on the norm of the
gradient vector g(x) and on the norm of the directed derivative p’g(z), p =
Th+1 — Tg-

The maximal constraint violation for the inequality constraints c¢(z) > 0 and
equality constraints ¢(z) = 0.

The rank test tolerance which determines the pseudo rank used in the subspace
minimization technique. The subspace minimization technique is part of the
determination of the search direction in some of the NLPLIB internal solvers.

Optimize. Start an optimization with the selected optimization solver.

Draw a contour plot of f(x), and also draw the search directions p. Mark line search
step length trials «; for each search direction.

Draw a mesh plot of f(x).

Draw other types of graphics, e.g. the objective function value for each iteration or
the estimated linear convergence rate for each iteration.

Every parameter has initial default values. The user selects new values or simply uses
the default values. When the user selects the option Optimize, the menu system calls
the driver routine, the Optimization Driver box in Figure 5. The name of the routine
which defines the optimization problem is one of the parameters given in the call to the
driver. The driver routine calls this definition routine, the dashed Setup Problem box in
Figure 5. All problem setup routines in TOMLAB have two different modes of behavior.
If the problem number already is defined, the problem setup routine silently defines the
problem. Otherwise, a menu is displayed, letting the user select the wanted problem. The
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user may set the problem number in a direct call to the Optimization Driver, symbolized
by the Advanced User box in Figure 5. This is useful if a large set of problems is to be
solved, for example when trying out algorithms for a certain applied problem.

The Setup Problem routine defines a string matrix with the names of the m-files that
computes the different elements defining the problem. These are the objective function
value f(x), the gradient vector g(z), the Hessian matrix (matrix of second derivatives)
H(x), the vector of constraint functions ¢(x), the matrix of constraint normals de(x) and
the second part of the Hessian of the Lagrangian, d2¢(x). For nonlinear least squares
problems the routines computing the residual vector r(z) and the Jacobian matrix J(z)
are defined. The Optimization Driver defines global strings with the given function names,
which are used in all computations.

The Optimization Driver either calls a NLPLIB TB or OPERA TB solver, a routine
from MATLAB Optimization Toolbox or a routine callable using a predefined MEX-file
interface.

The Interface Routines in Figure 5 are needed to convert computational results to the
form needed by different solvers.

The names of the Low Level Routines in Figure 5 are the global strings defined in the
Optimization Driver.

The solvers or the Interface Routines are running the MATLAB function feval on these
global strings to compute the wanted functional quantities.

In Figure 2 an example is shown for the case of solving generally constrained nonlinear
optimization problems. The user calls the menu program conOpt, defines the different
options and start an optimization with the menu option Optimize, which makes conOpt
call conRun. If the user has not chosen a name for the Setup Problem routine, conRun calls
the Initialization routine InitFile using the default problem setup routine, con_prob. The
con_prob setup routine is defining the name con_f for the MATLAB m-file that computes
the objective function value. The names for the gradient vector, Hessian matrix, vector of
constraint functions matrix of constraint normals and second part of the second derivative
of the Lagrangian are con_g, con_H, con_c con_dc and con_d2c

These names are stored in the global strings, named p_f, p_g, p_H, p_c, p_dc and p_d2c.
Then conRun calls the selected solver, either conSolve in NLPLIB TB, constrin MAT-
LAB Optimization Toolbox or any of the three commercial solvers MINOS, NPSOL or
NPOPT from Systems Optimization Laboratory (SOL).

There are several Interface Routines needed. The constr solver needs both the objective
function and the vector of constraint functions in the same call, which nlp_fc supplies. Also
the gradient vector and the matrix of constraint normals should be supplied in one call.
These parameters are returned by the routine nlp_gde. MINOS, NPSOL and NPOPT
instead need both the objective function value and the gradient vector to be returned
in one call, which is the output of nlp_fg. The matrix of constraint normals should be
supplied together with the vector of constraint functions. For NPSOL and NPOPT the
routine nlp_cdc returns these both parameters. The matrix of constraint normals is stored
sparse for MINOS, so the sparse Interface Routine nlp_cdcsS is needed.

One of the menu options is to draw a contour plot of f(x) together with the search
steps. On each search step there are marks for each trial value the line search algorithm
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(User]

Either choose problem from

conOpt .
/ [ Advanced Use EJ/ menu or silent setup
S -=-==7 Define names of functions: con_f,
conRun L oconamt \ceop g con_H, con_c, con_de, con_d2c

N MEX: minos, npsol or npopt
p——

conSolve (NLPLIB)I constr (OPTIM) I MINOS NPSOL I NPOPT I
\ Interface: nlp_fc, nlp_gdc, nlp_fg, nlp_cdcS, nlp_cdc

TRt - global p_f="con_f’ in conRun
' Low Level Routines ' Compute f(z) = feval(p_f,x,prob)

___________________

Figure 2: Solution of constrained nonlinear problems in TOMLAB.
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for each trial value, where the line search algorithm had to evaluate the function. It is
possible to follow the full iterative sequence on two-dimensional problems. We have run
the prototype unconstrained solver ucSolve using two different methods. In Figure 3 the
result of optimizing the classical Rosenbrock banana function, see [19] or [11, page 95],

using Newtons method are displayed. There are a few steps where the line search has
shortened the step. In contrast to this, see the behavior of the Fletcher-Reeves conjugate
gradient method in Figure 4. This method (not using second derivative information) has
a much more chaotic path to the solution. Such graphs can be illustrative for students in
a first course in optimization.

Rosenbrocks banana

-1 -0.5 0

Figure 3: The Rosenbrock banana function with search directions and marks for the line
search trials running ucsolve using the Newtons method.

Rosenbrocks banana

7

N

Figure 4: The Rosenbrock banana function with search directions and marks for the line
search trials running ucsolve using the Fletcher-Reeves conjugate gradient method.

o

L
-0.5 0
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User

Menu system

(Advanced User)

_______________

Optimization Driver ' Setup Problem computing f(z), g(z) etc
le———— | 1 , N

_______________

MEX-file interface
—

NLPLIB/OPERA solverI Optimization Toolbox SolverI MEX-file SolverI

Interface Routines

———————————————————

' Low Level Routines: Compute f(z), g(z), H(z), c(z), dc(z)/dz, 3 }i0%ci(x)/da?

___________________

Figure 5: The process of optimization in TOMLAB.
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6 Conclusions

NLPLIB TB is suitable for computer based learning of optimization and in computer
exercises. Currently used at Malardalen University and at Uppsala University. Now being
introduced at Umea University and Linkoping University.

It may be used as a research tool to solve applied optimization problems. Currently used
in our applied research in the Applied Optimization and Modeling Group.

NLPLIB TB is a flexible tool, with both a graphical user interface, menu programs and

driver routines. It is powerful as an environment for solving optimization problems, with
an increasing list of callable solvers.
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Table 8: Interface routines for test problems.

Function

Description

nlp_fc

Compute function value f(z) and the vector of constraint functions
¢(x) using the MATLAB m-file names stored in the global variables
p_fand p_c. This routine is used when calling routines from MATLAB
Optimization Toolbox.

nlp_gdc

Compute the gradient g(z) and the matrix of constraint normals dc(z)
using the MATLAB m-file names stored in the global variables p_g
and p_dc. This routine is used when calling routines from MATLAB
Optimization Toolbox.

nlp_fg

Compute function value f(z) and gradient vector g(z) using the MAT-
LAB m-file names stored in the global variables p_f and p_g. This
routine is used when calling MINOS.

nlp_cdc

Compute constraint vector ¢(x) and matrix of constraint normals dc(z)
using the MATLAB m-file names stored in the global variables p_c and
p_dc.

nlp_cdcS

Compute constraint vector ¢(x) and matrix of constraint normals dc(z)
(stored sparse) using the MATLAB m-file names stored in the global
variables stored in the global variables p_c and p_dc. This routine is
used when calling MINOS.

nlp_c

Generate empty constraint for an unconstrained problem, for use with
constrained codes (dummy routine).

nlp_dc

Generate derivative of empty constraint (dummy routine).

nlp_cD

Generate dummy constraint, for use with constrained codes that need
at least one constraint defined.

nlp_deD

Generate derivative of dummy constraint defined in nlp_cD.

nlp_JT

Compute transposed Jacobian matrix using the MATLAB m-file name
stored in the global variable p_J. This routine is used when calling
routines from MATLAB Optimization Toolbox.

funobj

Dummy problem for solvers accessed using the MEX-file interface.
funobj computes the function value f(x) and the gradient vector g(z).

funcon

Dummy problem for solvers accessed using the MEX-file interface.
funcon computes the vector of constraint functions ¢(z) and the matrix
of constraint normals dc(z).

Is_rJ

Computes the residual vector r(z) and the Jacobian matrix J(z) using
the MATLAB m-file names stored in the global strings p_r and p_J.
This routine is used when calling NLSSOL.
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Table 9: Unconstrained nonlinear (uc) test problems.

Function Description

uc_prob Initialization of uc test problems.

uc_f Compute the objective function f(z) for uc problems.
uc-g Compute the gradient vector g(x) for uc problems.
uc_H Compute the Hessian matrix H(x) for uc problems.

Table 10: Generally constrained nonlinear (con) test problems.

Function Description

con_prob Initialization of con test problems.

con_f Compute the objective function f(z) for con test problems.

con_g Compute the gradient g(z) for con test problems.

con_H Compute the Hessian matrix H(x) of f(x) for con test problems.

con_c Compute the constraint residuals ¢(z) for con test problems.

con_dc Compute the derivative of the constraint residuals for con test prob-
lems.

con_fm Compute merit function 6(zy).

con_gm Compute gradient of merit function 6(zy).

Table 11: Quadratic programming (gp) test problems.

Function Description

qp_prob Initialization of qp test problems.

qpGetMat Return the matrices and vectors defining a qp.

qp-f Compute the function value f(z) = %xTF x+c’ x for gp test problems.
qp-g Compute the gradient vector g(z) = Fx + ¢ for gp test problems.
qp-H Compute the constant Hessian H(x) = F' for qp test problems.
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Table 12: Nonlinear least squares (1s) test problems.

Function Description

Is_prob Initialization of 1s test problems.

Is_r Compute the residual vector 7;(z),i = 1,...,m. x = (1, ..., 3,)" forls
test problems.

Is_J Compute the Jacobian matrix J;j(z) = 0Or;/dz;,i = 1,..,m,j =
1,...,n for Is test problems.

Is_f General routine to compute the objective function value f(z) =
s7(z)"r(z) for nonlinear least squares type of problems. Using global
variable p_r to evaluate r(x).

Is_g General routine to compute the gradient g(z) = J(z)'r(x) for non-
linear least squares type of problems. Using global variable p_J to
evaluate J(x).

Is_.H General routine to compute the Hessian approximation H(x) =
J(z)T % J(x) for nonlinear least squares type of problems.

Table 13: Exponential fitting test problems.

Function Description

exp_artP Generate artificial exponential sum problems

exp-init Setup routine for both ordinary nonlinear least squares and separable
nonlinear least squares formulation.

exp_prob Defines a exponential fitting type of problem, with data series (¢,y).
The file includes data from several different empirical test series.

exp_r Compute the residual vector r;(z),i =1,...,m. z € R"

exp_J Compute the Jacobian matrix Or;/dzj,i =1,..,m,j =1,...,n.

exp_H Compute approximate second derivatives. Adding extra positive def-
inite term Q(x), which gives H(z) = J(z) x J(z) + Q(z).

exp-c Compute the constraints A\; < Ay < ... on the exponential parameters
)\i,i = 1, ey P

exp_dc Compute matrix of constraint normals for constrained exponential
fitting problem.

exp_d2c Compute second part of second derivative matrix of the Lagrangian
function for constrained exponential fitting problem. This is a zero
matrix, because the constraints are linear.

exp_q Find starting values for exponential parameters \;,i =1, ..., p.

exp-p Find optimal number of exponential terms, p.

exp_geo Utility routine used by exp_q.

exp_eq Utility routine used by exp_q.

exp_root Utility routine used by exp_q.
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Table 14: Constrained nonlinear least squares (cls) test problems.

Function Description

cls_prob Initialization of cls test problems.

clsr Compute the residual vector r;(z),7 = 1,...,m. x € R" for cls test
problems.

cls_J Compute the Jacobian matrix J;(z) = 0Or;/dz;,i = 1,..,m,j =
1,...,n for cls test problems.

cls_c Compute the vector of constraint functions ¢(x) for for cls test prob-
lems.

cls_dc Compute the matrix of constraint normals dc(x) for for cls test prob-
lems.

cls_d2c Compute the second part of the second derivative of the Lagrangian
function for cls test problems.

Table 15: Test problems from CUTE data base.

Function Description

ctools Interface routine to constrained CUTE test problems.

utools Interface routine to unconstrained CUTE test problems.

cto_prob Initialization of constrained CUTE test problems.

ctl_prob Initialization of large constrained CUTE test problems.

cto_f Compute the objective function f(x) for constrained CUTE test prob-
lems.

cto_g Compute the gradient g(z) for constrained CUTE test problems.

cto_H Compute the Hessian H(z) of f(z) for constrained CUTE test prob-
lems.

ctoc Compute the vector of constraint functions c¢(x) for constrained CUTE
test problems.

cto_dc Compute the matrix of constraint normals for constrained CUTE test
problems.

uto_prob Initialization of unconstrained CUTE test problems.

utl_prob Initialization of large unconstrained CUTE test problems.

uto_f Compute the objective function f(z) for unconstrained CUTE test
problems.

uto_g Compute the gradient g(z) for unconstrained CUTE test problems.

uto_H Compute the Hessian H(x) of f(x) for unconstrained CUTE test prob-
lems.
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Table 16: Plot routines.

Function Description

plotiter Setup call to plot routines step2d and step2dz.

step2d Draws a contour plot of the objective function f(z) and all search steps
for two dimensional optimization problems. The line search steps at
each step are marked.

step2dx Draws a contour plot of the objective function f(z) and plot the search
direction two dimensional subspace when the optimization problem
has more than two unknown parameters.

meshf Draws a mesh plot of the function f(x).

lineplot Plot along a line (e.g. view the line search problem).

Table 17: Utility routines.

Function Description

OparMenu Subprogram displaying menus which gives the user possibility to
change optimization parameters.

optl,opt2,0pt3| Part of the code for the menu programs: conOpt, IsOpt, ucOpt,
clsOpt, ucOpt.

runl,run2,run3 Part of the code for the driver routines: conRun, IsRun, ucRun,
clsRun, ucRun.

soll,s0l2 Part of the code for the NPSOL and NPOPT solvers: npsolRun, npop-
tRun.

secUpdat Compute least change formulation of secant updates, called from
IsSolve.

inputSet Prompt user for an integer value from a set of values.

inputR Prompt user for a real number in a given interval.

inputV Prompt user for n-dimensional vector where all elements belong to a
given interval. If the user gives only one value, the whole vector is set
to this value. vector

circinit Generate random points for the nonlinear least squares Circle Fitting
Problem.

circplot Plot actual and approximated circle and simulated data points for the
nonlinear least squares Circle Fitting Problem.

backsub Solves upper triangular linear system with backward substitution

inirobot Extra routine needed for the robot problem, constrained test problem
number 12.
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Table 18: Optimization toolbox routines.
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Function Type of Problem Solved

constr Constrained minimization.

leastsq Nonlinear least squares.

fminu Unconstrained minimization using gradient search.
Ip Linear programming.

qp Quadratic programming.

nnls Nonnegative linear least squares (no license needed).
conls Constrained linear least squares.




