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Public:

{

}

int main ()

{

int nvars =
double rhs[2
double lhs[2
double 1b[2] = { 0, 0 };

double ub[2] = { 1, 1 };

CProblem problem(Solver Type Minimize, nvars, ncons);
problem.FcnConstraint.UpperBound = rhs;
problem.FcnConstraint.LowerBound = lhs;
problem.VarDecision.UpperBound = ub;
problem.VarDecision.LowerBound = 1lb;

CNLPEvaluator evalNLP;
problem.Evaluators[Eval Type Function].Evaluator = &evalNLP;
problem.ProblemType = Problem Type OptNLP;
problem.Solver.Optimize

_Optimize Status status = problem.Solver.OptimizeStatus;
const double objvalue = problem.FcnObjective.FinalValue[0];
const double* varvalue = problem.VarDecision.FinalValue;

#include "solversdk.h"
#include "stdafx.h"

using namespace SolverPlatform;

class CNLPEvaluator: public IEvaluator

Virtual _Engine Action Evaluate (EEvaluator& evaluator)

CProblem& problem = evaluator.Problem;
Const double* pVar = problem.VarDecision.Value;
Double* pFcn = problem.FcnConstraint.Value;

pFcn[0] = pVar[0] + pVar[l];
pFcn[l] = pVar[0] * pVar[l];
problem.FcnObjective.Value[problem.ObjectivelIndex] = pVar[0] * pvVar[l] +

pvar[l] * pVar[l];
return Engine Action Continue;

/* Solve example constrained nonlinear optimization problem */

s = 2;
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Introduction

Key Benefits

Welcome to Frontline Systems’ Solver SDK Platform and Solver SDK Pro. The Solver SDK Platform
and Solver SDK Pro provide the tools you need to rapidly prototype and deploy optimization and
Monte Carlo simulation models on desktops, servers, or in the Cloud.

The Solver SDK Platform’s four bundled optimization engines handle linear, quadratic, nonlinear, and
nonsmooth problems. In addition, the SOCP Barrier Solver solves new second order cone
programming (SOCP) problems to obtain robust solutions to problems in finance and engineering
design. It can also solve quadratically constrained (QCP) problems that go beyond conventional
quadratic programming (QP). The Solver SDK Pra's three bundled optimization engines handle linear,
nonlinear and nonsmooth problems. (Quadratic programming only supported in the Solver SDK
Platform.)

The powerful Monte Carlo Simulation engine in the both the Solver SDK Platform and the Solver
SDK Pro, provides everything you need to define and solve risk analysis problems, with 40 probability
distributions and 30 statistics and risk measures, plus percentiles. With the SDK’s Solvers for
optimization plus its Monte Carlo simulation engine, you can easily define and solve simulation
optimization problems.

The SDK can be called from a program you write in any programming language, macro language, or
scripting language for 64-bit or 32-bit Microsoft Windows, Mac OSX or Linux that is capable of
calling a DLL (Dynamic Link Library). Some of the possibilities that will be covered in this User
Guide are Microsoft COM and .NET, as well as C/C++, and Visual Basic. There are many others,
including Visual Basic Application Edition in the Microsoft Office application.

In addition to the Object-Oriented API and Procedural API, the Solver SDK includes a Legacy API
that is fully upward compatible with the APl supported by the former Solver DLL and Solver DLL
Platform products.

If your models are larger than the limits of the Solver SDK Platform’s bundled engines, or if you want
even faster solution times on problems within the bundled engines’ limits, you can expand the Solver
SDK Platform with field-installable Solver engines. These engines allow the SDK to solve models of
virtually unlimited size. We’ve integrated the world’s best Solvers, to handle the largest linear (with
millions of variables), quadratic, conic, nonlinear and mixed integer programming problems.

The Solver SDK Platform also includes the capability to load Excel workbooks with optimization and
simulation models (created using one of our Excel products) . Excel is required to create your model,
but it is not required on the target system - everything you need is contained within the Solver SDK
Platform.

The SDK makes it easy to build dashboards or interfaces over your optimization or Monte Carlo
simulation model to ensure ease of use for your end users. Visual Studio Wizards help you get started
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right away, and IntelliSense helps you write correct code quickly instead of searching through
manuals.

Solver SDK Platform Overview of Features

The five built—in engines of the Solver SDK Platform are able to solve linear programming (LP),
quadratic programming (QP) and mixed integer programming (MIP) problems of up to 8,000 variables
(2,000 integers) and 8,000 constraints; quadratically constrained programming (QCP) problems of up
to 2,000 decision variables and 8,000 constraints; smooth nonlinear programming (NLP) problems of
up to 1,000 variables and 1,000 constraints; and nonsmooth optimization problems (NSP) of up to 500
decision variables and 250 constraints (in addition to bounds on the variables). The Monte Carlo
Simulation engine is able to solve simulation problems with an unlimited number of uncertain
variables and functions and simulation optimization problems with up to 500 variables and 250
constraints.

The Solver SDK Platform is an enhanced version of the linear, mixed integer and nonlinear
programming “engine" used in the Microsoft Excel Solver, which was developed by Frontline
Systems for Microsoft. This Solver has been proven in use over nine years in tens of millions of
copies of Microsoft Excel. Microsoft selected Frontline Systems' technology over several alternatives
because it offered the best combination of robust solution methods, performance, and ease of use.

Loading and Solving Excel Models

The Solver SDK Platform includes the ability to load and solve optimization and simulation models
created with any of our Excel products, including the Excel Solver. Excel is required to create your
model, but it's not required on the target system; everything you need is contained with
SolverSDK.dIl. Examples range from a .NET application running under Windows Server 2008 and
Windows Server 2012 or SQL Server to a CGI for an Apache Web server under Linux.

Exploiting and Controlling Multiple Cores

The SDK uses Windows facilities to create multiple "threads" of execution that can be run on different
processor cores. If you have other compute-intensive applications running at the same time as the
Solver SDK, you can control the number of cores used, separately for optimization and simulation,
using just one line of code.

Supports Multiple Users Concurrently

Solver SDK Platform 2020 is fully reentrant and suitable for multi-threaded applications, such as those
on Intranet, Web server, or Web service applications that are designed to serve multiple users
concurrently.

Built-In Solver SDK Platform Engines

The Solver SDK Platform includes five bundled Solver Engines to find solutions for the full spectrum
of optimization problems, up to certain size limits:

e The Large Scale GRG Solver handles smooth nonlinear (NLP) problems of up to 1,000 decision
variables and 1,000 constraints, plus bounds on the variables, and is augmented with Multistart or
"clustering" methods for global optimization. For some smooth nonlinear problems, these
methods will converge in probability to the globally optimal solution. For other problems, they
often yield very good solutions in an acceptable amount of time.

e The Evolutionary Solver is a hybrid of genetic and evolutionary algorithms and classical
optimization methods. It handles non-smooth (NSP) problems of up to 500 decision variables and
250 constraints, plus bounds on the variables. It is greatly enhanced with parallel algorithms in
the Solver Platform SDK.

SDK User's Guide


http://www.solver.com/sdkplatformc.htm

e The LP/Quadratic Solver handles both linear programming (LP) and quadratic programming
(QP) problems with up to 8,000 variables (2,000 integer variables) and constraints.

e The SOCP Barrier Solver uses an interior point method to solver linear (LP), quadratic (QP),
quadratically constrained (QCP), and second order cone programming (SOCP) problems — the
natural generalization of linear and quadratic programming — with up to 2,000 variables and 8,000
constraints. The SOCP Barrier Solver can be used to solve linear programming models with
uncertainty via robust optimization with the L2 norm.

e  The Risk Solver within the SDK brings full-featured Monte Carlo simulation capability for
problems with an unlimited amount of uncertain variables or functions and simulation
optimization capability for problems with up to 1,000 decision variables and 1,000 constraints.
Each time a simulation is ran, thousands of trials are performed and a full range of simulation
results and statistics are available with simulation speeds of up to 100 times faster than normal
Excel-based Monte Carlo simulation. The Solver SDK Platform supports 45 analytic and custom
distributions (continuous and discrete), 30 statistics and risk measures, rank order correlation,
distribution fitting, multiple random number generators and sampling methods with variance
reduction, and powerful capabilities for multiple parameterized simulations.

Large-Scale Solver Engines

Solver SDK Platform supports multiple, field-installable Solver Engines, in addition to the "bundled"
Solver engines. (This feature is not supported in the Solver SDK Pro.) Such Solver engines are
licensed as separate products that provide additional power and capacity to solve problems much larger
and/or more difficult than the problems handled by the bundled Solver engines. A license for a Solver
Engine enables you to use that Solver in Excel, Matlab, Java, C/C++, C#, Visual Basic, VB.Net and
other languages. 64-bit versions of these Solver Engines are available.

Field installable Solver engines are seamlessly integrated into the Solver SDK Platform. Trial licenses
for these Solver engines are available, allowing you to evaluate how well they perform on a
challenging Solver model that you’ve developed. To obtain a trial license, please contact our Sales
department via email at sales@solver.com or by phone at 888-831-0333.

The large-scale Solver Engines are more valuable than ever in Solver SDK Platform, which can
transform linear programming models with uncertainty into larger, conventional linear programming or
second order cone programming models, using stochastic programming and robust optimization
methods.

Each Solver engine supports the same easy-to-use API (application programming interface) as the
Solver SDK Platform. With one line of code, you can add the plug-in Solver to the collection of
available engines and then use it to solve a problem. You define your model, solve problems, write
Evaluators (callback functions), and access the solution in the same way for all Solver engines. This
makes it easy to test several Solver engines to find out which one performs best on your problems.

Solver SDK Pro Overview of Features

The four built—in engines of the Solver SDK Pro are able to solve linear programming (LP) and mixed
integer programming (MIP) problems of up to 2,000 variables (1,000 integers) and 8,000 constraints;
smooth nonlinear programming (NLP) problems of up to 500 variables and 250 constraints; and
nonsmooth optimization problems (NSP) of up to 500 decision variables and 250 constraints (in
addition to bounds on the variables). The Monte Carlo Simulation engine is able to solve simulation
problems with 2,000 uncertain variables and 8,000 uncertain functions and simulation optimization
problems with up to 500 variables and 250 constraints.
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Exploiting and Controlling Multiple Cores

Solver SDK Pro comprehensively exploits multi-core processors through parallel algorithms in Monte
Carlo simulation, simulation optimization, global optimization, non-smooth optimization, and
automatic differentiation.

The SDK Pro uses Windows facilities to create multiple "threads™ of execution that can be run on
different processor cores. If you have other compute-intensive applications running at the same time
as the Solver SDK, you can control the number of cores used, separately for optimization and
simulation, using just one line of code.

Supports Multiple Users Concurrently

Solver SDK Pro is fully reentrant and suitable for multi-threaded applications, such as those on
Intranet, Web server, or Web service applications that are designed to serve multiple users
concurrently.

Built-In Solver SDK Pro Engines

The Solver SDK Pro includes four bundled Solver Engines to find solutions for the full spectrum of
optimization problems, up to certain size limits:

e The Standard GRG Solver handles smooth nonlinear (NLP) problems of up to 500 decision
variables and 250 constraints, plus bounds on the variables, and is augmented with Multistart or
"clustering" methods for global optimization. For some smooth nonlinear problems, these
methods will converge in probability to the globally optimal solution. For other problems, they
often yield very good solutions in an acceptable amount of time.

e The Evolutionary Solver is a hybrid of genetic and evolutionary algorithms and classical
optimization methods. It handles non-smooth (NSP) problems of up to 500 decision variables and
250 constraints, plus bounds on the variables. It is greatly enhanced with parallel algorithms in
Solver Platform Pro.

e The LP Simplex Solver handles linear programming (LP) problems with up to 2,000 variables
(1,000 integer variables) and 8,000 constraints.

e The Risk Solver within the SDK Pro brings full-featured Monte Carlo simulation capability for
problems with up to 2,000 uncertain variables and 8,000 uncertain functions and simulation
optimization capability for problems with up to 500 decision variables and 250 constraints. Each
time a simulation is ran, thousands of trials are performed and a full range of simulation results
and statistics are available with simulation speeds of up to 100 times faster than normal Excel-
based Monte Carlo simulation. The Solver SDK supports 45 analytic and custom distributions
(continuous and discrete), 30 statistics and risk measures, rank order correlation, distribution
fitting, multiple random number generators and sampling methods with variance reduction, and
powerful capabilities for multiple parameterized simulations.

How to Use This Guide

This User Guide includes a chapter on installing the Solver SDK files, and a chapter providing an
overview of the Solver SDK object oriented API calls and how they may be used to define and solve
linear programming (LP), quadratic programming (QP and QCP — supported in the SDK Platform
only), nonlinear programming (NLP), nonsmooth programming (NSP), mixed-integer programming
(MIP), Monte Carlo simulation and simulation optimization problems. It also includes chapters giving
specific instructions for writing, compiling and linking, and testing application programs in four
languages: C/C++, C#, and VB.NET.

We highly recommend that you read the installation instructions and the overview of the Solver SDK
calls first. Then you may turn directly to the chapter that covers the language of your choice. Each
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chapter gives step-by-step instructions for building and testing simple example programs written in
that language. You can use these example programs as a starting point for your own applications.

The example programs installed in the path, C:\Program Files\Frontline Systems\Solver SDK
Platform\Examples, define and solve multiple types of optimization problems — LP (linear
programming) problems, QP (quadratic programming — supported in the SDK Platform only)
problems, NLP (nonlinear programming) problems, NSP (nonsmooth programming), Monte Carlo
simulation and simulation optimization problems in seven different programming languages (C/C++,
.NET (C# and VB), Matlab, Java, and Visual Basic 6.0) along with several Web examples.
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Installation

What you need

In order to install the Solver SDK 2020 software, you must be running Windows 10, Windows 8,
Windows 7, Windows Vista, Windows Server 2016, Windows Server 2012, Windows Server 2008 or
any version of Linux.

Getting Help

Frontline Systems technical support is ready and willing to offer assistance with installation of the
Solver SDK. You may contact our Support department by phone (888-831-0333) or email
(support@solver.com).

Installing the Software

To install the Solver SDK to work with any 32-bit version of Microsoft Windows or Linux, simply run
the program SDKSetup.exe, which contains all of the Solver files in compressed form. To install
Solver SDK to work with 64-bit version of Windows, Linux, or Mac OSX, run SDKSetup64.exe.

Depending on your Windows security settings, you might be prompted with a message Do you want
to run this software?, showing Frontline Systems, Inc. as the publisher. You may safely click Run in
response to this message.

Next, you’ll briefly see the standard Windows Installer dialog. Then a dialog box like the one shown
below should appear:

Frontline Systems Solver SDK 2020 - InstallShield Wizard

Preparing to Install...

Frontline Systems Solver SDK 2020 Setup is preparing the
InstallShield Wizard, which will guide you through the program
setup process. Please wait.

Extracting: Frontline Systems Solver SDK 2020.msi
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ﬁ Frontline Systems Solver SDK 2020 - InstallShield Wizard X

Welcome to the InstallShield Wizard for
Frontline Systems Solver SDK 2020 for
32-bit Windows

The InstallShield(R) Wizard will install Frontline Systems Solver
SDK 2020 on your computer. To continue, click Next.

With this product, you can create custom applications using
imization and simulation, exploiting multiple cores to solve
a single problem in less time, to run on desktop or server PCs.

Define your model in code, using C/C++, C#, Visual Basic,

VB.NET, MATLAB, Java, and other languages. Or...

~ Load an Excel workbook that defines your model, update

~ its data, and run an optimization or simulation.

~ With field-installable Solver engines for the Solver SDK
~ Platform, you can solve challenging optimization problems of
every type, with up to millions of decision variables.

The Setup program will then ask if you accept Frontline’s software license agreement. You must
select "l accept™ and click Next in order to proceed.

‘_@ Frontline Systems Solver SDK 2020 - InstallShield Wizard

License Agreement

Please read the following license agreement carefully.

This SOFTWARE LICENSE (the "License") constitutes a legally binding ~
agreement between Frontline Systems, Inc. ("Frontline") and the
individual or organization ("Licensee") acquiring the right to use certain
computer program products offered by Frontline (the "Software"), in
exchange for Licensee’s payment to Frontline (the "Fees"). This License
governs the Software as installed for ‘desktop’ Use on a personal
computer; and as installed on servers operated by Frontline for ‘cloud’
Use, where portions of the Software may be executed on the server or
downloaded to a personal computer through a web browser or other
apbplication (includina but not limited to desktop Excel). Unless replaced

v

@1 accept the terms in the license agreement Print

OI do not accept the terms in the license agreement

InstallShield

com cores

The Setup program then displays a dialog box like the one shown below, where you can select or
confirm the folder to which files will be copied (hormally C:\Program Files\Frontline Systems\Solver
SDK or if you are installing 32-bit Solver SDK on 64-bit Windows, C:\Program Files(x86)\Frontline
Systems\Solver SDK Platform). Click Next to proceed.
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ﬁl Frontline Systems Solver SDK 2020 - InstallShield Wizard
Destination Folder
Click Next to install to this folder, or click Change to install to a different fo de

Install Frontline Systems Solver SDK 2020 to:
C:\Program Files (x86)\Frontline Systems\Solver SDK Platform\ Change...
InstallShield
< Back Next > Cancel

Click Next to proceed.

You will see a dialog confirming that preliminary steps are complete, and the installation is ready to

begin. Click Install to proceed.

ﬂ Frontline Systems Solver SDK 2020 - InstallShield Wizard

Ready to Install the Program

The wizard is ready to begin installation.

Click Install to begin the installation.
If you want to review or change any of your installation settings, click Back. Click Cancel to
exit the wizard.
InstallShield
< Back Cancel

After you click Install, the Solver SDK files and examples will be installed. A progress dialog

appears, as shown below. This may take several minutes to complete.

ﬁ Frontline Systems Solver SDK 2020 - InstallShield Wizard

Installing Frontline Systems Solver SDK 2020
The program features you selected are being installed.

Please wait while the InstallShield Wizard installs Frontline Systems Solver
:@ SDK 2020. This may take several minutes.

Status:

Copying new files

InstallShield
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When the installation is complete, you’ll see a dialog like the one below. Click Finish to exit the
installation wizard.

If you would like to start the SolverServer service, which allows a Client machine (PC, phone, tablet,
etc.) to solve a model remotely with the Solver SDK Platform, then please check “Start the
SolverService now” checkbox. If you choose not to start the SolverServer service at this time, it can
be started manually at a later time. For more information on our SolverServer service, please see the
chapter, Using SolverServer Service.

InstallShield Wizard Completed

The InstallShield Wizard has successfully installed Frontline
Systems Solver SDK 2018. Click Finish to exit the wizard.

[[] Start the SolverServer service now.

] Show the readme file for more information on the
Solver Service. You can launch the Solver Service
Administrative Client from the Start - Frontline
Systems-Solver SDK menu.

Solver SDK is now installed. Example code located at C:\Program Files\Frontline Systems\Solver
SDK Platform\Examples can now be run.

Logging in the First Time

In SDK V2020, your license is associated with you, and may be used on more than one PC. For
example, you can run SDKSetup to install the software on your office PC, your company laptop, and
your PC at home. But only you can use SDK, and only on one of these computers at a time.

After installation, you will first need to login to Frontline's License Manager before running SDK
V2020 in order to obtain a license. Click Start -- Frontline Systems — License Manager to open
Frontline System's License Manager.

D @ Solver License Manager e
= Home Shig - (@)
- H p— o v S A
ol . S acopy Status Bar
s/ &4 ot ] EJcolectll ¥ Caption Bar
Import Email Chat Test Options .
Actions Clipboard View
User # This is a caption bar where a message can be presented to the user. Options. N
Nome: Name Ver Expires Location Options  Parameters
Necole Steidel Analytic Solver Basic 170 0days Registry
Solver Platform SDK 170 365days  File vma0;
Email Analytic Solver Comprehensive 170 319days  Web el vm=1
ncele@solver.com KNITRO 170 319days  Web el yme1
Phone:
+1702:953:9569
Company:
Frontiine systems
Login...
Logois..
ser
I Machine
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Click Login.. then enter the email address and password that you used to register on Solver.com or
AnalyticSolver.com. Once you’ve done this, your identity will be “remembered,” so you won’t have
to login every time you use Solver SDK.

You can login and logout at any time, by clicking Logout on the License Manager dialog. If you share
use of a single physical computer with other Solver SDK users, be careful to login with your own
email and password, and log out when you’re done — if you don’t, other users could use up your
allotted CPU time or storage.

Uninstalling the Software

To uninstall Solver SDK, just run the SDKSetup or SDKSetup64 program as outlined above. You’ll
be asked to confirm that you want to remove the software.

You can also uninstall by choosing Control Panel from the Start menu, and double-clicking the
Programs and Features or Add/Remove Programs applet. In the list box below "Currently installed
programs," scroll down if necessary until you reach lines beginning with "Frontline," select Solver
SDK Platform 2020 and click the Uninstall/Change or Add/Remove... button. Click OK in the
confirming dialog box to uninstall the software.

10 o
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Licensing the Solver SDK

Important Considerations

Please bear in mind that in order to lawfully distribute copies of the Solver SDK within your
organization or to external customers, or to lawfully use the Solver SDK in a server-based
application that serves multiple users, you will need an appropriate license from Frontline
Systems. Licenses to use and/or distribute the Solver SDK in conjunction with your application are
available at substantial discounts that increase with volume. Please contact Frontline Systems for
licensing and pricing information.

Frontline Systems offers three types of licenses for Solver SDK: Single-User, Multi-User and
Runtime.

e ASingle-User License is our standard "paid" license granted to a single hamed individual. This
license allows you to install and use the software on more than one computer -- such as a desktop,
laptop, home computer, or virtual computer -- but you may use the license only on one computer
at a time.

e A Multiple-User License is our standard "paid" multi-user or "‘concurrent use" license, normally
purchased by an organization. With this license, several different individuals may use the
software, but only one of them at any given time.

e Runtime licenses give you the right to embed Solver SDK, and any desired plug-in engines, and
duplicate or distribute copies, or make the application accessible to users on an Intranet or Web
Server, or via a Web service.

Single User Licenses

A Single-User License is our standard "paid" license granted to a single named individual. As noted
above, this license allows you to install and use the software on more than one computer -- such as a
desktop, laptop, home computer, or virtual computer -- but you may use the license only on one
computer at a time.

To obtain a permanent license for a Single-User license, go to Start | Frontline Systems | License
Manager, click Login and then enter your Solver credentials.

Licensing the Solver SDK o 11



User

Name:
Nicole Steidel

Email:
ncole@solver.com KNITRO 170 319days  Web el vme

Phone:
+1702:953-9569

Compony:
Frontiine systems.

pane 1 Pane 2

For further flexibility, a license tied to the hardware of your machine may be created. For more
information on this option, please contact Sales@Solver.com.

Multiple User Licenses

A Multiple-User license allows multiple users, working at multiple computers, to use a Frontline
Systems software product, so long as the number of instances of the software running at any given time
does not exceed the number of Multi-User licenses owned. Frontline must receive a complete list of
the email addresses of the individuals who are entitled to share use of the license. Each of the users
may install the software on more than one computer, just as for a Single-User License. Any of the
named users can temporarily "acquire" the license and use the software, but only one at a time, per
Multiple-User License. If another one of the named users seeks to acquire the license, he/she will
receive a message indicating that the license is in use -- this will normally include the email address of
the user who is "holding" the license. The second user must wait until the license is released and then
try again. A license is allocated when Problem.Optimize or Problem.Simulate is called. A license is
released when the Problem object (associated with the call to Optimize or Simulate) is destroyed. A
user whose email address is listed on several Multiple-User Licenses can "acquire" a license as soon as
one of them becomes free.

The users and computers may be located anywhere, and they may each have their own local copies of
Frontline Systems software files, but the computers must be able to communicate with Frontline
Solvers License Manager over a TCP/IP or IPX/SPX network.

For further flexibility, in most cases a Multiple-User License may be "checked out" from the license
server and used for a period of time on a laptop or notebook computer that is disconnected from the
network. (During this time, the license is not available for use on the network.) The license may be
"checked in" to the license server at any time, making it again available for shared use. If you expect
to use this option, please contact Frontline Systems Support at Support@solver.com.

As stated above for a Single User License, for further flexibility, a license tied to the hardware of your
machine may be created. For more information on this option, please contact Sales@Solver.com.

Runtime Licensing Programs

Frontline’s runtime licenses give you the right to embed the Solver SDK and- if required — one or
more of our large-scale Solver Engines into your application, and duplicate or distribute copies, or
make the application accessible to users on an Intranet or Web server, or via a Web service. Our
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runtime License management options make it easy to monitor and control use of the software, using
either Frontline-provided tools or your own tools.

A development license enables one or more application developers, to write, test, debug, and modify
an application, using all of the facilities of the Solver SDK. In contrast, a runtime license enables one
or more end users to run the finished application that uses the Solver to find solutions to optimization
or simulation problems; it cannot be used to modify, recompile or debug the application itself. A
runtime license may be temporarily used (and re-used) for client evaluations and sales demos, or it
may be permanently deployed at client or customer sites.

A runtime license costs less and ""does less' than a development license. Where a Solver SDK
development license allows you to use any of five bundled Solver Engines for optimization and/or
simulation, an SDK runtime license allows you to use one specific Solver Engine -- such as the
LP/Quadratic Solver or the LSGRG Nonlinear Solver -- that is required to solve the specific problem
defined by your finished application. Runtime license prices generally start at 50% of a development
license, and are further discounted for quantity.

Runtime licenses may be purchased only after an appropriate license agreement is signed with
Frontline Systems. We offer a standard form of license agreement that is sufficient for many common
situations, and does not require a license origination fee. If our standard form of agreement is not
appropriate, we'll be happy to negotiate a custom agreement with your organization that includes a
license origination fee to cover the extra costs of negotiation.

The copy of the Solver SDK that you license for distribution, is customized for use by your
application program(s). It recognizes a specific character license key string which you provide as a
property of an object in your code. Without this license key string, the Solver SDK will not function —
all Solver SDK routines will return without doing anything. It is important that you keep your license
key string confidential, and use it only in your application programs. Frontline Systems will treat you
as responsible for the use of any copies of the Solver SDK that recognize your specific license key
string.

See example code below for creating a hew environment object and passing the license string.
Example code is provided for COM, Visual Basic, VB.NET, C/C++/C#, Java, and Matlab.

COM, Visual Basic, VBA and VB.NET Example Code

Dim env as New Environment ‘creates new environment
env.Create "r12345" ‘sets the runtime ID: r12345
env = nothing ‘destroys environment

Procedural C Example Code

HEnv* env;
SolverEnvinit(& env, L""); //creates new environment
SolverEnvRuntimelDSet (env, L"r12345"); //sets the runtime ID: r12345

C++ Example Code
SolverPlatform.Environment env; //creates new environment
env.Create(L"r12345"); //sets the runtime ID: r12345

C# Example Code

//creates new environment
SolverPlatform.Environment env = new SolverPlatform.environment();
env.create("r12345"); //sets the runtime ID: r12345

Java Example Code
//creates new Environment
SolverPlatform.Environment env = new SolverPlatform.Environment();
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env.Create ("r12345"); //sets the runtime ID: r12345

Matlab Object Oriented Example Code

env = Environment(); //creates new environment
Create(env, "r12345"); //sets the runtime ID: r12345
Destroy(env); //destroys environment

Matlab Procedural Example Code
env = SolverSDK("EnvInit"); //creates new Environment
SolverSDK("EnvRuntimelIDSet","r12345"); //sets runtime id: r12345

env = SolverSDK(‘EnvFree’); //destroys Environment

Python Example Code

env = Environment(); //creates new environment
Create(env, "r12345"); //sets the runtime ID: r12345
Destroy(env); //destroys environment

R Example Code

env = Environment(); //creates new environment
Create(env, "r12345"); //sets the runtime ID: r12345
Destroy(env); //destroys environment

Frequently Asked Questions

Why do | keep getting the error, "The specified module could

not be found"?

This error occurs when the application is unable to find the SolverSDK.dII. If you are using .NET to
call the Solver SDK, then you simply need to save the SolverSDK.dIl into the Bin directory of the
.NET Project. If you are using Java to call the Solver SDK, then you must set the LD_Library PATH.
If you are using Matlab, then you must copy the SolverSDK.dll into the folder where your Matlab

script is located.

Why can’t the Solver SDK find my license file?

One of the most common problems that users encounter with the Solver SDK is one where a valid
license for the SDK exists, but the SolverSDK.dll is unable to find the file and thus stops with a "No
License Found" exception. The SolverSDK.dll searches for its license file in three locations. Saving
your solver.lic license file into one of these three locations will prevent this type of error from

occurring.

1. The DLL first checks if the User is using the Environment Object in the code to specify the

location of the license file.

2. If the DLL does not find the location of the license file in the Environment Object, then it will

check the FRONTLIC environment variable.
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3. If the license file is not found in Steps 1 or 2 above, then the DLL will look in the directory where
the SolverSDK.dlI is located.

If the license file is not found in any of the three locations above, the Solver SDK will stop with the
exception, SolverSDK: No License Found.

Licensing the Solver SDK e 15






Designing Your Application

Calling the Solver SDK

This chapter provides an overview of the way your application program should call the Solver SDK
routines to define and solve an optimization or simulation problem. We’ll use the syntax of the C++
programming language, but the order of calls, the names of routines, the arguments, and most other
programming considerations are the same in other languages.

At run time, your application program uses dynamic linking to load the Solver SDK and call various
routines within it. Details of the process of compiling, linking and running your application with the
Solver SDK are provided in the chapters on the various languages.

Loading and Solving Excel Optimization Models

The quickest and easiest way to use the Solver SDK is to load a model built with the Excel Solver
(Supported only in the Solver SDK Platform). This only requires three lines of code. The code below
loads the active spreadsheet inside the Product Mix.xlIsx Excel model. Note: Excel workbooks
containing the Solver models must have extensions of .xIsx or .xIsm (saved with Microsoft Excel 2007
or later).

CProblem prob;
prob.Load ("Product Mix.xlsx",SolverPlatform File FormatXLsStd);
prob.Solver.Optimize () ;

Three additional lines allow you to obtain the optimization status, final variable values, and final
objective value.

Optimize Status status = prob.Solver.OptimizeStatus;
double[] varvalue = prob.VarDecision.FinalValue.Array;

double[] objValue = prob.FcnObjective.FinalValue.Array;

It is also possible to solve a model on a spreadsheet that is not the active spreadsheet. The line of code
below will load a model from Sheet1 within the Product Mix.xlsx workbook.

prob.Load ("Product Mix.xlsx!Sheetl",
SolvePlatform File Format.XLStd);

The Platform Excel models may contain most Excel formulas or functions (even new Excel 2010
functions). However, user-defined VBA functions written in VBA are not supported. (Please contact
our Technical Support (support@solver.com) specialists for help with user-defined functions.)
Typically, if your model runs with the PSI Interpreter in the Risk Solver Platform or Premium Solver
Platform, then the model will also run in the Solver SDK. When a model is run in the SDK, problem
setup is usually faster, and solution times are either the same speed or faster than in Excel.
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Analyzing and Solving Excel Models in the SDK Platform

It is possible to diagnose a Solver Excel model that has been loaded into the Solver SDK Platform. To
do so, simply load the model and then call prob.Solver.Optimize(Solve_Type_Analyse). To get the
diagnosis information, call prob.ProblemType as shown below.

int ret;

CProblem prob;

prob.Load ("Product Mix.xlsx",SolverPlatform File FormatXLstd);
prob.Solver.Optimize (Solve Type Analyse);

ret = prob.ProblemType;

There are six different problem types that can be returned from prob.ProblemType.

Return Value | Problem Type Description
1 Problem_Type OptLP Linear Problem
2 Problem Type OptQP Quadratic Problem
4 Problem_Type OptQCP Quadratically Constrained Problem
8 Problem_Type SOCP Second Order Cone Programming
16 Problem Type OptNLP Nonlinear Problem
32 Problem Type OptNSP Nonsmooth Problem

Once you know the problem type, you can select the best engine for solving. Please see the table
below for the engines best suited for each problem type in the Solver SDK Platform.

Solver SDK Platform Engine Problem Type
Large Scale GRG Engine OptNLP

Standard LPQP Engine OptLP, OptQP
Standard Evolutionary Engine OptNSP
Standard SOCP Engine OptQCP

For example, if prob.ProblemType returns a 16 (Problem_Type NLP), then the Large Scale GRG
Engine should be selected for solving. Please see the section below titled, Selecting an Engine in the
SDK, for an example on how to select an engine for solving.

There are four additional Solve_Types for use with prob.Solver.Optimize: Solve_Type_Nolntegers,
Solve_Type_SimOpt, Solve_Type_Solve, and Solve_Type_SolveForRecourse. Solve_Type_Nolntegers
instructs the SDK to solve the "relaxation™ of the problem. This means that the Solver SDK will
ignore integer constraints (including alldifferent constraints) during the solving process.
Solve_Type_SimOpt will instruct the Solver SDK Platform to solve a simulation optimization problem
while Solve_Type_Solve tells the Solver SDK Platform to solve a "normal" optimization problem. (If
Solve_Type is omitted, Solve_Type_Solve is used by default.) Solve_Type_SolveForRecourse instructs
the SDK Platform to solve only for recourse variables. (When using this Solve_Type, the model loaded
must include Recourse Variables.)
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Input Objects

The Psilnput function in Excel provides a way to mark certain cells as containing (changeable) input
data for an optimization or simulation model. When you use this function to mark certain cell ranges
as Inputs, save your workbook, and load it into Solver SDK Platform under the control of your
application program, these cell ranges are made available through SDK InputData objects. You can
then get or set values in these cell ranges, before you run your optimization or simulation model via the
SDK. (For more information on the InputData object, please see the Solver SDK Platform Reference
Guide.)

Parameter Objects

The Risk Solver Platform in Excel includes three problem parameters, PsiOptParam, PsiSimParam and
PsiSenParam. The values of PsiOptParam() are automatically varied when you perform multiple
optimizations. PsiSimParam() functions are automatically varied when you perform multiple
simulations. The values of PsiSenParam() function calls are automatically varied when you create a
Sensitivity Analysis Report or Chart in Excel. If loading an Excel workbook, these parameters can all
be accessed via the CParameter Class or, if using the Procedural API, through various Solver
functions. For more information on this class, please see the Solver SDK Platform Reference Guide.

Solving Linear and Quadratic Optimization Problems

The overall structure of an application program calling the Solver SDK Pro to solve a linear
programming problem or the Solver SDK Platform to solve a linear or quadratic programming problem
is as follows:

/* Get data and set up an LP problem */

//create an instance of a problem

CProblem prob;

//pass the number of variables in the model
prob.VarDecision.Size = nvars;

//pass the number of constraints in the model
prob.FcnConstraint.Size = ncons;

//pass the constraint right hand sides
prob.FcnConstraint.UpperBound.Array = rhsvalue;

//set lower bounds of all unconstrained variables to 0
prob.VarDecsion.NonNegative () ;

//pass the DoubleMatrix that holds the objective coefficients
prob.Model.AllLinear [Function Type Objective] = fcnObj;
//pass the DoubleMatrix that holds the constraint coefficients
prob.Model.AllLinear [Function Type Constraint] = fcnConstr;
//set the objective to Maximize

prob.Solver.SolverType = Solver Type Maximize;

//solve the model

prob.Solver.Optimize () ;

//get the status, var values, and objective value
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Optimize Status status = prob.Solver.OptimizeStatus;

Double[] varvalue = prob.VarDecision.FinalValue.Array;

Double[] objValue prob.FcnObjective.FinalValue.Array;

Your program should first create a new instance of the class CProblem. The class CProblem()
represents a function that creates a new problem. It also initializes the type of Solver engine to be used
and specifies the number of variables and functions. The class properties describe the type of analysis
to be performed. For example, prob.VarDecision.Size sets the number of variables in the model. To
set the model type, you call prob.Solver.SolverType = Solver_Type_Maximize for a maximization and
prob.Solver.Solvertype = Solver_Type_Minimize for a minimization. Optionally, you may call
prob.Model.FcnQuadratic to specify a quadratic objective, and/or prob.Model.IntegerType to specify
integer variables. To solve the problem, call prob.Solver.Optimize. To retrieve the solution, call
prob.Solver.OptimizeStatus. This cycle may be repeated to solve a series of optimization problems.

Solving

Nonlinear Optimization Problems

In a linear or quadratic problem, you can describe the objective and constraints with an array or matrix
of constant coefficients; the Solver SDK can determine values for the objective and constraints by
computing the sums of products of the variables with the supplied coefficients. In a nonlinear
problem, however, the problem functions cannot be described this way; the coefficients represent first
partial derivatives of the objective and constraints with respect to the variables, and these derivatives
change as the values of the variables change.

As a result, you must write a "callback™ function (called NLPEvaluator_Evaluate() below) that
computes values for the problem functions (objective and constraints) for any given values of the
variables. The Solver SDK will call this function repeatedly during the solution process. The overall
structure of a program calling the Solver SDK to solve a nonlinear programming problem is:

Engine Action NLPEvaluator Evaluate(...)

{
/* Receive values for the variables, compute values */
/* for the constraints and the objective function */

}

int main ()

{
/* Get data and set up an NLP problem */

CProblem prob

//pass the number of variables in the model
prob.VarDecision.Size = nvars;

//pass the number of constraints in the model
prob.FcnConstraint.Size = ncons;

//pass the constraint right hand sides
prob.FcnConstraint.UpperBound.Array = rhsvalue;
//pass the variable upper bounds
prob.VarDecision.UpperBound.Array = ub;

//pass the variable lower bounds

prob.VarDecision.LowerBound.Array 1b;
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//call the evaluator to compute the obj and constraints
prob.Evaluators[Eval Type Function].OnEvaluate +=

new EvaluateEventHandler [NLPEvaluator Evaluate);

//set the problem type to Minimize
prob.Solver.SolverType = Solver Type Minimize;

//solve the model

prob.Solver.optimize () ;

//get the status, var values, and objective value
Optimize Status status = prob.Solver.OptimizeStatus;
Double[] varvalue = prob.VarDecision.FinalValue.Array;

Double[] objValue

prob.FcnObjective.FinalValue.Array;

}

Your program should first create a problem, Problem prob = new Problem then call additional routines
in the problem class. Optionally, you may call prob.Model. AllGradDepend() to give the Solver more
information about linear and nonlinear functions in your problem, prob.Model.DependTest() to have
the Solver determine the prob.ModelAllGradDepend() information through a numerical test, or
prob.Model.IntegerType() to specify integer variables — defining an integer nonlinear problem. Then
call prob.Solver.optimize() to solve the problem. To retrieve the optimization status, the final decision
variable values and the final objective function value, call prob.Solver.OptimizeStatus(),
prob.VarDecision.FinalValue, and prob.FcnObjective.FinalValue, respectively. As with solving a
linear optimization model, this cycle may be repeated to solve a series of Solver problems.

For more information on evaluators and solving nonlinear problems, see the next chapter Solver SDK
Platform Evaluators.

Solving Nonsmooth Optimization Problems

You define and solve a problem with nonsmooth or discontinuous functions in much the same way as
you would for a problem defined by smooth nonlinear functions. In a nonsmooth problem, however,
the first partial derivatives of the objective and constraints may not be continuous functions of the
variables, and they may even be undefined for some values of the variables. Because of this property,
the gradient-based methods used by the GRG Solver are not appropriate, and instead the Evolutionary
Solver "engine" must be used to solve the problem.

As for smooth nonlinear problems, you write a "callback™ function, NSPEvaluator_Evaluate in the
example below, that computes values for the problem functions for any given values of the variables.
But you cannot use the optional Eval_Type_Gradient callback function (described below) to speed up
the solution of a nonsmooth problem.

Engine Action NSPEvaluator Evaluate(...)

{

/* Receive values for the variables, compute values */
/* for the constraints and the objective function */

}

int main ()

{
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/* Get data and set up an NSP problem */

//pass the number of variables in the model
prob.VarDecision.Size = nvars;

//pass the number of constraints in the model
prob.FcnConstraint.Size = ncons;

//pass the constraint right hand sides
prob.FcnConstraint.UpperBound.Array = rhsvalue;

//pass the variable upper bounds

prob.VarDecision.UpperBound.Array ub;

//pass the variable lower bounds

prob.VarDecision.LowerBound.Array = 1b;

//call the evaluator to compute the obj and constraints
prob.Evaluators[Eval Type Function].OnEvaluate +=

new EvaluateEventHandler [NSPEvaluator Evaluate);

prob.Engine = prob.Engines[CEngine: :EVOName] ;

//set the problem type to Minimize

prob.Solver.SolverType = Solver Type Minimize;

//solve the model

prob.Solver.Optimize () ;

//get the status, var values, and objective value

Optimize Status status = prob.Solver.OptimizeStatus;

Double[] varvalue = prob.VarDecision.FinalValue.Array;

Double[] objValue = prob.FcnObjective.FinalValue.Array;

}

Your program should first create a problem, Problem prob = new Problem, and then call prob.Engine
= prob.Engines[Engine::EvoName]; to call the Evolutionary Engine. You could also set the problem

type, prob.ProblemType = Problem_Type OptNSP, to nonsmooth which will automatically call the
Evolutionary Engine.

You may optionally call prob.VarDecision.Integertype() to specify integer variables — defining an
integer nonsmooth problem. Then call prob.Solver.Optimize() to solve the problem. To retrieve the
solution status, the final values of the decision variables and the final objective function value, call
prob.Solver.OptimizeStatus(), prob.VarDecision.FinalValue, and prob.FcnObjective.FinalValue,
respectively. As with both linear and nonlinear optimization problems, this cycle may be repeated to
solve a series of Solver problems.

For more information on evaluators and solving nonsmooth problems, see the next chapter Solver SDK
Platform Evaluators.

Genetic and Evolutionary Algorithms

A non-smooth optimization problem generally cannot be solved to optimality, using any known
general-purpose algorithm. But the Evolutionary Solver can often find a "good" solution to such a
problem in a reasonable amount of time, using methods based on genetic or evolutionary algorithms.
(In a "genetic algorithm," the problem is encoded in a series of bit strings that are manipulated by the
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algorithm; in an “evolutionary algorithm," the decision variables and problem functions are used
directly. Most commercial Solver products are based on evolutionary algorithms.)

An evolutionary algorithm for optimization is different from "classical" optimization methods in
several ways. First, it relies in part on random sampling. This makes it a nondeterministic method,
which may yield different solutions on different runs.

Second, where most classical optimization methods maintain a single best solution found so far, an
evolutionary algorithm maintains a population of candidate solutions. Only one (or a few, with
equivalent objectives) of these is "best," but the other members of the population are "sample points"
in other regions of the search space, where a better solution may later be found. The use of a
population of solutions helps the evolutionary algorithm avoid becoming "trapped" at a local optimum,
when an even better optimum may be found outside the vicinity of the current solution.

Third — inspired by the role of mutation of an organism’s DNA in natural evolution — an evolutionary
algorithm periodically makes random changes or mutations in one or more members of the current
population, yielding a new candidate solution (which may be better or worse than existing population
members). There are many possible ways to perform a "mutation," and the Evolutionary Solver
actually employs three different mutation strategies. The result of a mutation may be an infeasible
solution, and the Evolutionary Solver attempts to "repair" such a solution to make it feasible; this is
sometimes, but not always, successful.

Fourth — inspired by the role of sexual reproduction in the evolution of living things — an evolutionary
algorithm attempts to combine elements of existing solutions in order to create a new solution, with
some of the features of each "parent." The elements (e.g. decision variable values) of existing
solutions are combined in a crossover operation, inspired by the crossover of DNA strands that occurs
in reproduction of biological organisms. As with mutation, there are many possible ways to perform a
""crossover" operation — some much better than others — and the Evolutionary Solver uses multiple
variations of two different crossover strategies.

Fifth — inspired by the role of natural selection in evolution — an evolutionary algorithm performs a
selection process in which the "most fit" members of the population survive, and the "least fit"
members are eliminated. In a constrained optimization problem, the notion of "fitness" depends partly
on whether a solution is feasible (i.e. whether it satisfies all of the constraints), and partly on its
objective function value. The selection process is the step that guides the evolutionary algorithm
towards ever-better solutions.

A drawback of an evolutionary algorithm is that a solution is "better" only in comparison to other,
presently known solutions; such an algorithm actually has no concept of an "optimal solution," or any
way to test whether a solution is optimal. (For this reason, evolutionary algorithms are best employed
on problems where it is difficult or impossible to test for optimality.) This also means that an
evolutionary algorithm has no definite rule for when to stop, aside from the length of time, or the
number of iterations or candidate solutions that you wish to allow it to explore. Aside from such
limits, the Evolutionary Solver uses two heuristics to determine whether it should stop — one based on
the "convergence" of solutions currently in the population, and the other based on the rate of progress
recently made by the algorithm.

Optimization Problems in Algebraic Notation

As outlined above, problems for the Solver SDK are generally defined by a series of calls made by
your application program. In particular, for linear and if using the Solver SDK Platform, for quadratic
problems as well, you must be careful to supply the correct values for objective and constraint
coefficients and constraint and variable bounds to define the problem you want to solve. Problems you
define exist only in main memory for the duration of your calls to the Solver SDK — they do not
"persist" across runs of your application.

To make it easier to work with linear and quadratic problems, the Solver SDK can read and write text
files containing a problem description in a form very similar to standard algebraic notation. An
example of such a text file for a simple linear integer problem is shown below:
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Maximize LP/MIP
obj: 2.0 x1 + 3.0 x2
Subject To
cl: 9.0 x1 + 6.0 x2 <= 54.0
c2: 6.0 x1 + 7.0 x2 <= 42.0
c3: 5.0 x1 + 11.0 x2 <= 50.0
Bounds
0.0 <= x1 <= +infinity
0.0 <= x2 <= +infinity
Integers
x1
x2
End

After you setup and define this problem, you can produce a text file with the contents shown above by
calling prob.Save. (This provides a convenient way to verify that the problem you defined
programmatically is the problem you intended, by examining the resulting text file.) If you have such
a text file containing your problem, you can define your model by calling prob.Load(), without setting
up all of the array arguments normally required.

You can use prob.Save() and prob.Load() to "persist" the definition of a problem on disk between runs
of your application program, without having to write code to store this data in some file format of your
own design.

Both prob.Save() and prob.Load() support the following files types: Excel, JSON_INPUT,
JSON_OUTPUT, LP, LPFML, MPS, and OSIL.

Models saved in JSON may also be solved using RASON.com or RASON IDE.

Setting the Problem Type

The Solver SDK categorizes optimization problems using the following six types: Problem_Type LP
(linear problem), Problem_Type_OptQP (quadratic optimization problem), Problem_Type OptQCP
(quadratically constrained optimization problem), Problem_Type OptNLP (nonlinear optimization
problem), and Problem_Type OptNSP (non-smooth optimization problem). If the problem type is set,
the Solver SDK will choose the best engine available to solve that problem type. Please see below for
example code in C++ on how to set the problem type or click here for more examples in the Procedural
API, C# or COM.

prob.ProblemType = Problem Type OptNSP;

If you are calling AllLinear, the Solver SDK Platform will automatically select the best linear solver to
solve the model. If no additional Solver engines are present, such as the Gurobi or Large Scale LP/QP
engine, then the LP/Quadratic engine will be selected. Likewise, if you are solving a nonlinear
problem or nonsmooth problem and have passed the problem type OptNLP or OptNSP, then the best
nonlinear or nonsmooth solver will be selected. Within the Solver SDK Platform, the best nonlinear
engine is the Large Scale GRG enging; the best engine for solving nonsmooth problems is the
Evolutionary Engine. Please see the table below for the engines best suited for each problem type.

Engine Problem Type
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Large Scale GRG Engine OptNLP
Standard LPQP Engine OptLP, OptQP

Standard Evolutionary Engine OptNSP

Standard SOCP Engine OptQCP

If you are calling AllLinear, the Solver SDK Pro will automatically select the best linear solver to
solve the model. Likewise, if you are solving a nonlinear problem or nonsmooth problem and have
passed the problem type OptNLP or OptNSP, then the best nonlinear or nonsmooth solver will be
selected. Within the Solver SDK Pro, the best nonlinear engine is the Standard GRG engine; the
best engine for solving nonsmooth problems is the Evolutionary Engine. Please see the table below

for the engines best suited for each problem type.

Engine Problem Type
Standard GRG Engine OptNLP, OptQP, OptQCP
Simplex LP Engine OptLP
Standard Evolutionary Engine OptNSP

Selecting an Optimization Engine

Selecting an Engine in the SDK

You can also set the engines manually. Please see below for an example in C++ on how to set any of
the bundled optimization engines, Standard Simplex LP, Standard LP/Quadratic, Standard GRG or
Large Scale GRG, Standard Evolutionary, and Standard SOCP Barrier, respectively. Please see below

for example code in C++ or click the following links: C#, Procedural API, or COM.

prob.Engine = prob.Engines[CEngine: :LPName];

prob.Engine = prob.Engines[CEngine: :LPQPName];
prob.Engine = prob.Engines[CEngine: :GRGName];
prob.Engine = prob.Engines[CEngine::EVOName];
prob.Engine = prob.Engines[CEngine::SOCPName] ;

Selecting Large Scale Solver Engines

If the size of your model exceeds the problem limits of the four bundled optimization engines, then you
will need to add a Large Scale Engine to the engine collection. (You can download these additional
engines from our Website at www.solver.com under Downloads/SDK Products. A password and
activation code will be emailed to the address provided during registration.) For example, say you
have a linear model with more than 9,000 variables. Since the LP/Quadratic engine, bundled within
the SDK, has a variable limit of 8,000 variables, you will need to add an additional engine that is
designed to solve large linear problems. Let us assume that we will be using the Gurobi Solver Engine
which can solve linear models of virtually unlimited size. Please see the examples below which
illustrate how to add this engine to the engine collection and then select the engine to solve the

problem.

The first line of code below creates the variable, engGurobi of type CEngine, and initializes the engine
to the Gurobi engine located at the path, C:\Program Files\Frontline Systems\Engines\gurobieng.dl.

Designing Your Application

e 25


http://www.solver.com/

The second line of code adds engGurobi to the engine collection and then selects the engine to solve
the problem. For examples in additional languages, click the following links: C#, Procedural API, or
COoMm.

CEngine engGurobi (L"GUROBI",L"C:\\Program Files\\Frontline
Systems\\gurobieng.dl1l") ;

prob.Engine = prob.Engines [L "engGurobi"];

Please see the table below for example code on selecting any of the remaining Large Scale field
installable engines.

CEngine engKnitro (L"KNITRO",L"C:\\Program Files\\Frontline
KNITRO Systems\\Engines\\knitroeng.dll");

prob.Engine = prob.Engines [L "engKnitro"];

CEngine engLSGRG (L"LSGRG",L"C:\\Program Files\\Frontline
LSGRG Systems\\Engines\\lsgrgeng.dll") ;

prob.Engine = prob.Engines [L "engLSGRG"];

CEngine engLSLP (L"LSLP",L"C:\\Program Files\\Frontline
LSLP Systems\\Engines\\lslpeng.dll");

prob.Engine = prob.Engines [L "engLSLP"];

CEngine engLSSQP (L"LSSQP",L"C:\\Program Files\\Frontline
LSSQP Systems\\Engines\\lssgpeng.dll") ;

prob.Engine = prob.Engines [L "engLSSQP"];

CEngine engMosek (L"MOSEK",L"C:\\Program Files\\Frontline
MOSEK Systems\\Engines\\mosekeng.dll");

prob.Engine = prob.Engines [L "engMosek"];

CEngine engOptQuest (L"OPTQUEST”,L"C:\\Program Files\\Frontline
OptQuest Systems\\Engines\\optquesteng.dll");

prob.Engine = prob.Engines [L "engOptQuest"];

CEngine engXpress (L"XPRESS",L"C:\\Program Files\\Frontline
XPRESS Systems\\Engines\\xpresseng.dll");

prob.Engine = prob.Engines [L "engXpress"];

An alternative way to add an engine is to use the Discover function. This function will find any
engines located at a given path and add them to the engine collection. If a path is not specified, the
SDK will first check the path where the Frontline Solver Engine(s) was installed. If a Frontline Solver
Engine(s) is not found, the SDK will search for the engine(s) in the same location where the
SolverSDK.dII is installed.

Note: The default installation path for the Frontline Solver Engines is: C:\Program Files\Frontline
Systems\Engines. In V12.5 and earlier, the default installation path for the Frontline Solvers Engines
was C:\Program Files\Frontline Systems\Solver SDK Platform\Bin.

To select the engine, simply pass the name. In the examples below, we are selecting the Gurobi Solver
installed in the path: C:\Program Files\Frontline Solvers\Engines. Frontline Systems offers seven
additional Large Scale engines: KNITRO Solver, Large Scale GRG Solver, Large Scale LP Solver,
Large Scale SQP Solver, Mosek Solver, OptQuest Solver, and Xpress Solver. Please see below for an
example in C++ or click the following links: C#, Procedural API, or COM.

ret = prob.Engines.Discover (L"C:\\program Files\\Frontline
Systems\\Engines") ;
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prob.Engine = prob.engines (L"Gurobi Solver");

Replace the last line of code above (prob.Engine = prob.engines(“LGurobi Solver”);) with any of the
lines of code below to select any of the remaining seven engines.

KNITRO prob.Engine = prob.engines (L"KNITRO Solver");

LSGRG prob.Engine = prob.engines (L"Large Scale GRG Solver");
LSLP prob.Engine = prob.engines (L"Large Scale LP Solver");
LSSQP prob.Engine = prob.engines (L"Large Scale SQP Solver");
MOSEK prob.Engine = prob.engines (L"MOSEK Solver");

OptQuest prob.Engine = prob.engines (L"OptQuest Solver");

Xpress prob.Engine prob.engines (L"Xpress Solver");

Determining Linearity Automatically in Optimization
Models

As explained above, the primary difference between solving a nonlinear problem and solving a linear
problem is that you must provide a "callback" routine to evaluate the nonlinear problem functions, at
trial points (values for the variables) determined by the Solver SDK. However, you do not have to
initialize the arrays of coefficients passed to the callback function with values.

It is possible to use a callback routine for any Solver problem — even if it is an entirely linear problem.
If you do choose to setup a linear problem using an evaluator, there will be a slight speed penalty as
the engine will have to call the evaluator a number of times to compute the objective and constraint
values.

If you are solving a specific problem or class of problems, you will probably know in advance whether
your problem is linear or nonlinear. If you know whether each variable occurs linearly or nonlinearly
in the objective and each constraint function, you can supply this information to the Solver through
prob.Model.AllGradDepend(). (Such information can be used by advanced nonlinear solution
algorithms to save time and/or improve accuracy of the solution.)

If you are solving a general series of problems, however, you might have some nonlinear and some
linear problems, all being computed by callback routines. prob.Model.DependTest() allows you to ask
the Solver to determine, through a numerical test, whether the problem is linear or nonlinear. In
addition, prob.Model.DependTest() computes the information you would otherwise have to supply
through a call to prob.Model.AllGradDepend(), and if the problem is entirely linear,
Model.DependTest() computes the LP coefficients and places them in an array. You can then switch
from the nonlinear Solver to the linear Simplex method by calling prob.Engine =
prob.Engines[CEngine::LPQPName], and then calling prob.Solver.Optimize() to solve.

It is also possible to diagnose a model using prob.Solver.Optimize(Solve_Type_Analyse). See the
section Loading and Solve Excel Optimization Models above for more information.

Diagnosing Infeasible Optimization Problems

When a call to problem.Solver.Optimize() finds no feasible solution to your optimization problem, the
Solver SDK returns a status value indicating this result when you call
problem.Solver.OptimizeStatus(). This means that there is no combination of values for the variables
that will satisfy all of the constraints (and bounds on the variables) at the same time. If your model
correctly describes the real-world problem, it may be that no solution is possible unless you can find a
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way to relax some of the constraints. But more often, this result means that you made a mistake in
specifying some constraint upper or lower bound i.e. supplying an upper bound of 0 and a lower bound
of 100.

If you have many constraints, it can be difficult to determine which of them contains a mistake, or
conflicts with some other (combination of) constraints. To aid you, the Solver SDK includes a facility
to find a subset of your constraints such that your problem, with just those constraints, is still
infeasible, but if any one constraint is dropped from the subset, the problem becomes feasible. Such a
subset of constraints is called an Irreducibly Infeasible Set (11S) of constraints.

(Note: If you are solving a mixed integer problem and your model is found infeasible, your first step
in diagnosing the problem should be to try to solve the "relaxation" of the MIP problem, ignoring the
integer restrictions on the variables. You can do this by calling
problem.Solver.Optimize(Solve_Type Nolntegers). (If you do not pass an argument after
problem.Solver.Optimize, the Solver will solve the complete problem.) If the relaxation of the original
problem is still infeasible, you can use the API calls described in this section to isolate the infeasibility.

To find an Irreducibly Infeasible Set of constraints, call the routine problem.Solver.lISFind(). This
routine returns the indices of the constraints and the indices of the variable bounds that are included in
the 11S. If you have both lower and upper bounds on the same variable(s), the SDK will tell you which
bound is contributing to the infeasibility.

In general, when a model is infeasible, there can be more than one subset of constraints (possibly many
subsets) that qualify as an 11S. Some of these will contain fewer constraints than others, making them
easier to analyze. However, finding the "minimal-size” 1S can be computationally very expensive;
hence, the 11S finder is designed to find an 11S that contains as few constraints (rows) as possible in a
reasonable amount of time. Since variable bounds are easier to analyze than full constraints, the 11S
finder favors fewer rows over fewer bounds.

Solution Properties of Quadratic Optimization Problems

If calling the Solver SDK Platform to solve a quadratic problem, please read on. If calling the Solver
SDK Pro to solve a quadratic problem, please refer to the section above, Solving Nonlinear
Optimization Problems, for steps on how to setup and solve a smooth, nonlinear model.

A quadratic programming (QP) problem is one in which the objective is a quadratic function, and the
constraints are all linear functions of the variables. A general quadratic function may be written as the
sum of a quadratic term X" Q x and a linear term c x:

FX)=x"Qx+cx

The matrix Q is the Hessian (matrix of second partial derivatives) of the objective function. Because
the function is quadratic or second degree, all elements of this matrix are constant. You supply the
elements of the Q matrix when you call problem.Model.FcnQuadratic[Function_Type_Objective], and
the elements of the ¢ vector when you call problem.Model.AllLinear[Function_Type_Constraint].

Depending on the properties of the Q matrix, a quadratic function may have one, many, or no optimal
(minimum or maximum) values. If the Q matrix is positive definite (for a minimization problem;
negative definite for a maximization problem), the function will have a "bowl" shape and a single
optimal solution (a strong minimum). If the Q matrix is positive semi-definite, the function will have a
"trough" and (infinitely) many optimal solutions, all with the same objective function value (a weak
minimum). If the Q matrix is indefinite, the function will have a "saddle point" (which has many, but
not all, of the properties of an optimal solution), however the true optimal solution(s) — one or many of
them — will lie somewnhere on the boundaries of the constraints.

Quadratic programming algorithms are specialized (for speed and accuracy) to solve problems where
the Q matrix is positive definite (when minimizing) or negative definite (maximizing). The QP
algorithm used in the Solver SDK Platform is somewhat more general: It can handle problems where
the Q matrix is positive semi-definite (or negative semi-definite), in which case it will converge to a
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point in the "trough™ with the correct minimum (maximum) objective function value. If applied to a
problem where the Q matrix is indefinite, however, the Solver SDK Platform may converge either to a
saddle point, or to (one of) the optimal solution(s) on the constraint boundary — depending on the initial
values of the variables. In this case a call to the Optimize_Status will return a status code of
No_Remedies to indicate that the solution is not necessarily optimal.

Most problems based on real-world data yield a Q matrix which is positive definite. For example, if
you are solving a portfolio optimization problem where the Q matrix represents variances and
covariances of pairs of securities calculated from a historical price series, it can be shown that the
matrix will be positive definite if the number of observations in the price series is greater than the
number of variables.

If, however, you are solving problems based on arbitrary user-provided data, you should take care to
diagnose the model by calling the function, problem.Solver.Optimize(Solver_Type_Analyze) and then
checking the value of problem.Solver.OptimizeStatus(). If the model is diagnosed as nonconvex, you
may wish to use the nonlinear Solver "engine" instead of the quadratic Solver "engine" — but you must
bear in mind that either solution algorithm will find only a local optimum which is not necessarily the
global optimum.

The problem.VarDecision.InitialValue() function provides initial values for the variables. If the
problem is positive (negative) semi-definite or indefinite, these initial values will influence the path
taken by the solution algorithm and the final solution to which it converges. If you must solve
problems of this type, you can use the problem.VarDecision.InitialValue() to exercise some control
over the solutions returned by the Solver SDK Platform.

Solving Simulation Problems

The Solver SDK includes a Monte Carlo Simulation engine to solve problems that contain uncertainty.
You define and solve a simulation problem in much the same way as you would for a problem
designed to solve a smooth nonlinear optimization problem, by calling an evaluator to compute the
uncertain function values. In the example below, the evaluator , SIMEvaluator, computes values for
the uncertain functions for any given values of the uncertain variables.

Engine Action SIMEvaluator Evaluate(...)

{

/* Receive values for the variables, compute values */
/* for the constraints and the objective function */

}

int main ()

{

/* Get data and set up an NSP problem */
//pass the number of variables in the model
prob.VarUncertain.Size = nvars;

//pass the number of constraints in the model
prob.FcnUncertain.Size = ncons;

//pass the distributions of the 2 uncertain variables

prob.Model.VarDistribution[0] CDistribution (L"PsiUniform(0,2)");

prob.Model.VarDistribution[1] CDistribution (L"PsiNormal (1,1)");
//call the evaluator to compute the uncertain functions

prob.Evaluators[Eval Type Sample].OnEvaluate +=
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new EvaluateEventHandler [SIMEvaluator Evaluate);
//solve the model
prob.Solver.Simulate () ;

//get the simulation status and the uncertain variables and
functions

//statistics and percentiles

_Simulate Status status = prob.Solver.SimulateStatus;

CStatistics VarStat = prob.VarUncertain.Statistics;

CDhoubleMatrix VarPct = prob.VarUncertain.Percentiles;

CStatistics FcnStat = prob.Functions[0].Statistics;

CDhoubleMatrix FcnPct = prob.Functions[0].Percentiles;

}

Your program should first create a problem, Problem prob = new Problem, and then call
prob.Solver.Simulate() to run a simulation. You may optionally call prob.Model.DistCorrelations =
CDoubleMatrix( Array_Order_ByRow, nvars, nvars, correl ) to pass a correlation matrix. It is also

possible to embed an optimization problem inside of the simulation evaluator which will be solved on
each simulation trial.

To retrieve the solution status, and the statistics for the uncertain variables and functions (such as
mean, minimum, maximum etc.) call prob.Solver.SimulateStatus(), prob.VarUncertain.Statistics, and
prob.FcnUncertain[].Statistics, respectively. As with optimization problems, this cycle may be
repeated to solve a series of Simulation problems.

For more information on evaluators and solving simulation problems, see the next chapter Solver SDK
Platform Evaluators.

Passing Sparse Matrices

DoubleMatrix Object

In most large optimization problems, the constraint coefficient matrix (the Jacobian) (and — in some
quadratic problems — the Hessian) are sparse — meaning that most of the matrix elements are zero. For
example, in many larger problems there are groups of constraints that are functions of a small subset of
the variables, but that do not depend on any of the other variables — leading to many zero coefficients
in the constraint matrix.

When these matrices are sparse, it is more efficient to store — and to process — only the nonzero matrix
elements. The SDK includes a Double Matrix object that allows you to easily create memory-efficient,
large, sparse matrices by supplying the row and column indices of the nonzero elements. This means
that no storage at all is needed for the zero elements, which can include 90% to 95% of all elements in
large, sparse problems. So, if you create a matrix with one million rows and one million columns, it
will take very little memory initially. You can then assign nonzero elements to the matrix by writing
assignment statements, treating the DoubleMatrix object much like an ordinary two-dimensional array.

DoubleMatrix Methods

When passing the objective and constraint matrices in sparse form, you must pass two double matrices,
one containing the coefficients for the objective
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(problem.Model.AllLinear[Function_Type_Objective]) and a second for the coefficients of the
constraints (problem.Model.AllLinear[Function_Type_Constraint]).

The Create method creates a structure for a new matrix of the specified size, but does not initialize any
of its elements. The InitDense method creates a new matrix whose storage is optimized for the
situation where most elements are non-zero — i.e. the matrix is dense. The InitSparse method creates a
new matrix whose storage is optimized for the situation where most elements are zero — i.e. the matrix
is sparse. In both cases, the matrix is initialized with values from the Elements array, taking these
elements in the ArrayOrder order (initially in "column major" order). Method Clear removes all non-
zeros from the matrix, but preserves its size; method Destroy removes all non-zeros and also sets the
number of rows and columns to zero.

DoubleMatrix.Create Rows, Columns
DoubleMatrix.InitDense Rows, Columns, Elements
DoubleMatrix.InitSparse Rows, Columns, Elements
DoubleMatrix.Clear

DoubleMatrix.Destroy

As an example, consider the following sparse constraint matrix:

1.2 0.0 3.4
0.0 5.6 0.0
7.8 0.0 0.0
0.0 9.0 0.0

Here, the number of variables (nvars) = 3, the number of constraints (ncons) = 4 and there are 5
nonzero elements. To pass this matrix in sparse form, you would first create a DoubleMatrix object
and then pass each element directly.

DoubleMatrix fcnConstr (ncons,nvars)
fcnConstr.vValue[0] [0] = 1.2;
fcnConstr.value[0] [2] =

fcnConstr.Value[l] [1] =

’

fcnConstr.Value([2] [0] =

’

o g3 U1 W
[e>2Ee o BN e T

fcnConstr.Value[3][1] =

’

The first line creates the DoubleMatrix, fcnConstr, of size ncons x nvars. Nvars is the number of
variables (3) and ncons (4) is the number of constraints. The remaining lines of code pass the
nonzero elements directly to the fcnConstr DoubleMatrix. As you can see, no zero elements are
passed. Each time an element is passed to the DoubleMatrix, several internal arrays are updated in the
SDK.

To speed up the matrix population, you can use the optional functions, NZBgn() and NZEnd(). These
functions instruct the SDK not to update the DoubleMatrix until all elements have been collected.
When populating a large matrix, this will result in a significant speed improvement. It is important to
note that you should not use this matrix between the calling of NZBgn() and NZEnd() as the matrix will
not be populated until NZEnd() is executed. If you need to ‘undo’ the effect of NZBgn, call NZCancel
(instead of NZEnd — in this case, all of the assignments since NZBgn was called will have no effect.

DoubleMatrix fcnConstr (ncons,nvars)
fcnConstr . .NZBgn () ;
fcnConstr.vValue[0] [0] = 1.2;
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fcnConstr.Value[0] [2] =
fcnConstr.Value[l] [1] =

~e

fcnConstr.Value[2] [0] =

O ~J ul w
(@) [ee) [e)} IS
~.

fcnConstr.vValue([3][1] =
fcnConstr.NZEnd () ;

The MakePSD method can be used on a non-positive semidefinite (hon-PSD) matrix to transform the
matrix into a positive semidefinite (PSD) matrix that is "close to" the original matrix. This is most
often used for correlation matrices in simulation, but may also be used in certain optimization
problems. The Weights argument is optional; if it is specified, the elements of the transformed matrix
with the largest weights in the corresponding positions of the Weights matrix will be as close as
possible to the original matrix elements, and the elements with the smallest weights will experience the
greatest change in the transformed matrix.

DoubleMatrix.MakePSD [Weights]

Using the Solver SDK in Multi-Threaded Applications

The Solver SDK is multi-threaded and fully reentrant. The SDK can solve multiple problems
concurrently: You may setup and solve several problems by creating multiple instances of the problem
class. You can freely mix calls to any of the Solver SDK routines simply by calling the appropriate
instance of CProblem.

The Solver SDK may be used to solve decomposition problems (which involve both a "master
problem" and a "slave problem™), or any recursive problem where the computation of the objective or
constraints for a main problem requires the solution of another optimization subproblem. The multi-
threaded versions may also be used in Web server or Intranet applications, where the application
calling the Solver SDK consists of several threads executing concurrently, each thread dealing with a
specific user session.

One sequence of calls that is illegal in every version of the Solver DLL is a call to
problem.Solver.Optimize() for a given problem, then a second call to problem.Solver.Optimize() for
that same problem, made before the first call returns (e.g. made from within your evaluator() or other
callback routine).

Memory Usage

The Solver SDK allocates memory to store problem data when a problem is created. This information
is maintained until the problem is destroyed. Memory is allocated in two ways, on demand (before
prob.Solver.Optimize) and automatically (after prob.Solver.Optimize).

Before the call to prob.Solver.Optimize, memory is allocated on demand. For example, the memory
for a sparse matrix is allocated when the user sets the first nonzero element. Memory is allocated
automatically after the call to prob.Solver.Optimize so that the user can retrieve solution and sensitivity
data, for example, dual values, final values, etc. The allocated memory is freed when the user
destroys the problem. (Note: Our Legacy API will still store the pointers and later copy the data from
the allocated problem into the user allocated data.)
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Solver SDK Evaluators

Introduction

The Solver SDK employs the use of evaluators or callback functions for two main reasons: To check
the progress of the Solver during the optimization or simulation process (Progress Information
Evaluators) or to provide the crucial role of computing constraint function values or passing gradient
or Hessian values (Solver SDK Platform only) when solving an optimization problem (most commonly
nonlinear or nonsmooth problems) or computing uncertain function values when solving a simulation
problem (Computing Evaluators).

Once you have setup your optimization or simulation problem, you can optionally call a Progress
Information Evaluator to check the simulation trial or optimization iteration number, report the current
objective, check for a user abort code, etc. If you are solving a nonlinear or nonsmooth optimization
model, a Computing Evaluator is required to calculate the objective or constraint function values or if
solving a simulation problem to compute the uncertain function values. It is also possible, although it
is not required, to pass exact first and second order derivatives to a quadratic or smooth, nonlinear
problem. Regardless of what the evaluator does, it is always created using the same methodology.
This chapter explains the types of optimization and simulation evaluators offered by the Solver SDK
and gives an example of each.

Note: When using an evaluator in a multi-threaded application on a multiple core machine, you
must ensure that your evaluators are threadsafe.

If you encounter any problems in creating or writing any one of these evaluators, please contact our
Technical Support desk by emailing Support@solver.com or calling 888-831-0333.

Using an Evaluator to Check the Progress of an
Optimization

An evaluator can be used to obtain control from the Solver SDK during, before, or after an
optimization to check the progress of the solution process, to display a message, etc. For an
optimization, there are five such evaluators available of type: Eval_Type_lteration,

Eval_Type NewsSolution, Eval_Type OptBegin, Eval_Type Opt_End and Eval_Type_Optimization.
Please see the table below for an explanation of each. These types of progress information evaluators
are always optional.

Optimization Progress Information Evaluators

Eval_Type_lteration Called on each optimization iteration.
Can be used to track the progress
(check the objective function, number
of iterations, etc) of the optimization.

Eval_Type_NewSolution Called each time a new solution is
found to a mixed-integer problem
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(MIP), or nonlinear/nonsmooth
optimization model.

Eval_Type_OptBegin Called at the beginning of an
optimization run (of two or more
solves).

Eval_Type_OptEnd Called after the end of an optimization
run (of two or more solves).

Eval Type Optimization Called at the end of an optimization.

The evaluator of type Eval_Type_lteration is the most commonly used of these "Progress Information”
optimization evaluators. As such, we will use this evaluator in our example below. Note: Each of the
evaluators above can be created with the same steps as shown below. Simply substitute
Eval_Type_lteration when creating the evaluator with Eval_Type_X where X is NewSolution,
OptBegin, OptEnd, or Optimization.

First we create the evaluator in the main body of our code. In this example, the name of our evaluator
of type Eval_Type_lteration is Evallteration. As mentioned above, this type of evaluator is called at
every iteration of an optimization and can be used to obtain control during the solution process in order
to display a message, check for a user abort action, etc.

int main ()
{

/* Get data and set up an optimization problem */

CProblem prob

/* Pass the number of variables, constraints, pass constraint upper
and lower bounds, variable upper and lower bounds, etc. */

CIterEvaluator Evallteration;
prob.Evaluators[Eval Type Iteration].Evaluator = & Evallteration;

The example code below gives an example of an evaluator of type Eval Type_lteration which writes
the iteration number and the current objective function value to the C++ Console on each iteration.
This will allow the User to keep watch as the Solver progresses to a solution.

class CIterEvaluator : public IEvaluator

{
public:
virtual Engine Action Evaluate (CEvaluatoré& evaluator)
{

cout << "Iteration " <<
evaluator.Problem.Engine.Stat.Iterations << endl;

cout << "Objective = " <<
evaluator.Problem.FcnObjective.Value[0]<< endl;

return Engine Action Continue;

Note: If, for any reason, you want the Solver SDK to stop optimizing the model, then you should
return Engine_Action_Stop inside of a progress evaluator, not inside an evaluator of type Function,
Jacobian or Hessian.
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This completes the section explaining how to construct an optional evaluator to gain control during the
optimization process. Please click the following links for more example code in C#, the Procedural
API or in COM.

Using a Function Evaluator to Compute the Objective
and Constraints

An evaluator can be used to compute the objective function and constraints of an optimization
problem. If you are solving a linear problem, you can either use an evaluator to compute the objective
function and constraints, or you can call AllLinear to supply the objective and constraint coefficient
matrices directly to the SDK. (For more information, please see the Creating a Linear Problem
sections in each of the next four chapters.) If you are solving a nonlinear or nonsmooth model, you
must provide an evaluator to compute the constraints and objective function.

In a linear model or a quadratic model, you typically supply the Solver SDK with the objective and
constraint coefficient matrices using FcnQuadratic for a quadratic objective and AllLinear for a linear
objective and/or constraints. The SDK can determine the values of the objective and constraints by
computing the sums of products of the variables with the supplied coefficients. In a nonlinear model,
the coefficients represent first partial derivatives of the objective and constraints with respect to the
variables, and these derivatives change as the values of the variables change. As a result, you must use
an evaluator to pass the objective and constraint functions, specifically an evaluator of type
Eval_Type_Function.

The Solver uses an evaluator of type Eval_Type_Function (i) to compute values for the problem
functions at specific trial points as it seeks an optimum, and (ii) to compute estimates of the partial
derivatives of the objective (the gradient) and the constraints (the Jacobian). (It is possible to pass
these derivatives directly to the SDK using the Eval_Type_Gradient evaluator. For more information,
see the subheading, Calling an Evaluator to Supply the Jacobian below.)

The partial derivatives are estimated by a "rise over run" calculation, in which the value of each
variable in turn is perturbed, and the change in the problem function values is observed. For a problem
with N variables, the Solver SDK will call Eval_Type_Function() N times on each occasion when it
needs new estimates of the partial derivatives (2*N times if the "central differencing" option is used).
This often accounts for 50% or more of the calls to the evaluator during the solution process.

We must first create the evaluator in the main body of our program which calls the Solver SDK.
Again, the Solver will call the evaluator of type Eval_Type_Function to compute the constraints and
objective function values and also to generate partial derivatives. The name given to the evaluator of
type Eval_Type_Function is evalNLP.

int main ()
{

/* Get data and set up an optimization problem */

CProblem prob

/* Pass the number of variables, constraints, pass constraint upper
and lower bounds, variable upper and lower bounds, etc. */

CNLPEvaluator evalNLP;
prob.Evaluators[Eval Type Function].Evaluator = & evalNLP;

The evaluator below is an example of an evaluator that could be called to compute an objective and
two constraints for a simple nonlinear optimization problem.

Objective: x"2 + y"2
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Constraints: X +y
X *y
The first line of code creates a Problem and a convenient pointer. The next two lines of code setup
pointers to the decision variables (pVar) and the constraints (pFcn). These pointers make the code
more readable but are purely optional.

CProblem& prob = evaluator.Problem;

const double* pVar = prob.VarDecision.Value;

double* pFcn = prob.FcnConstraint.Value;

These next two lines of code compute the constraints, X + y and X *y.

pFcn([0] = pVar[0] + pVar[l];

pFcn[1l] = pVar[0] * pVar[l];

The line of code below computes the objective function x *2 +y ~ 2.
prob.FcnObjective.Value[0] = pVar[0] * pVar[O]+pVar[l] * pVar[l];

Finally, this last line of code tells the Solver SDK to continue solving. There are two additional
Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop. Engine_Action_Evaluate
forces the SDK to call the evaluator of type Eval_Type_Function a second time which can be useful if
you need to inspect the variable values. Engine_Action_Stop will indicate to the SDK that an error has
occurred during the calculation of the functions (objective or constraints). The Large Scale GRG
engine (within the Solver SDK Platform), the GRG Nonlinear engine (within the Solver SDK Pro), and
the Evolutionary engine will disregard the current point and continue solving.

return Engine Action Continue;

Complete Evaluator

Please see below for a complete snapshot of the code required for our evaluator of type
Eval_Type_Function.

class CNLPEvaluator : public IEvaluator
public:
virtual Engine Action Evaluate (CEvaluatoré& evaluator)
{
CProblem& prob = evaluator.Problem;
const double* pVar = prob.VarDecision.Value;

double* pFcn = prob.FcnConstraint.Value;

pFen[0] pvVar[0] + pVar[l];

pFcn[l] = pVar[0] * pVar[l];

prob.FcnObjective.Value[0] = pVar[0] * pVar[O]+pVar[l] *
pvar([l];

return Engine Action Continue;

}

This is all that is required to solve a problem with an evaluator (of type Eval_Type_Function) to
compute the constraints and objective function for an optimization problem. For example code in
additional languagues, please click the appropriate link: C#, Procedural API, COM. Please read on for
more information on supplying partial derivatives using an optional evaluator of type
Eval_Type_Gradient.
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Using a Gradient Evaluator to Provide First Order Partial
Derivatives

To speed up the solution process for nonlinear problems, and to give the Solver SDK Platform exact
partial derivatives (as opposed to estimates of the partial derivatives computed by the Solver SDK),
you can supply a second evaluator of type Eval_Type_Gradient which returns values for all elements
of the objective gradient and constraint Jacobian matrix in one call. (The Solver SDK Pro does not
support an evaluator of this type.) This callback function is optional, but if it is present, the Solver
SDK Platform will call it instead of making repeated calls to the Eval_Type_Function() evaluator to
evaluate partial derivatives. The Eval_Type_Function evaluator must still be present as it will still be
called to compute the objective function and constraint values each time a new point is tried.
However, the number of calls to this evaluator will be drastically reduced since it will no longer be
used to compute the partial derivatives.

We must first create the evaluator in the main body of our program which calls the Solver SDK
Platform. The name given to the evaluator of type Eval_Type Gradient is evalJac.

int main ()
{

/* Get data and set up an optimization problem */

CProblem prob

/* Pass the number of variables, constraints, pass constraint upper
and lower bounds, variable upper and lower bounds, etc. */

CNLPEvaluator evalNLP;

prob.Evaluators[Eval Type Function].Evaluator & evalNLP;
CJacEvaluator evalJac;
prob.Evaluators[Eval Type Gradient].Evaluator = & evalJac;

Below is the Jacobian evaluator of type Eval_Type_Gradient for the example evaluator above,
evalNLP, with the objective = x"2 + y*2 and the constraints: x +y and x * y. When passing the
Jacobian, you must first create two double matrices to hold the partial derivatives of the objective and
constraints. The first double matrix, objGrad, will hold the partial derivatives of the objective function
and the second double matrix, matGrad, will hold the partial derivatives of the constraints.

First, we create a double matrix to hold the partial derivatives for the objective function, x* 2 +y ” 2,

CDhoubleMatrix objGrad =
evaluator.Problem.Model.AllGradValue [Function Type Objective]
[Variable Type Decision];

The line of code below passes the partial derivative for x ~ 2 (which is 2x),

objGrad.Value[0, 0] = 2.0 * evaluator.Problem.VarDecision.Valuel[O0];
and the line of code below passes the partial derivative for y ~ 2 (which is 2y).
objGrad.Value[0, 1] = 2.0 * evaluator.Problem.VarDecision.Value[l];
Next we create a double matrix to hold the partial deriatives for the constraints, x + y and x * y.

CDoubleMatrix matGrad =
evaluator.Problem.Model.AllGradValue [Function Type Constraint]
[Variable Type Decision];
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The next two lines of code pass the partial derivatives for the first constraint, x +y. The partial
derivative of x is 1 and the partial derivative of y is also 1.

matGrad.Value[0, 0] = 1.0;
matGrad.Value[0, 1] = 1.0;

While the next two lines of code pass the partial derivatives for the second constraint, x *y. The first
partial derivative is y and the second is x.

matGrad.Value[l, 0]

evaluator.Problem.VarDecision.Value[l];
matGrad.Value[l, 1] = evaluator.Problem.VarDecision.Value[0];
Finally, we instruct the Solver SDK Platform to continue solving.

return Engine Action.Continue;

Complete Evaluator

Please see below for a complete snapshot of the code required for our evaluator of type
Eval_Type_Gradient.

class JacEvaluator : public IEvaluator
{
public:
virtual Engine Action Evaluate (CEvaluatoré& evaluator)
{

CDhoubleMatrix objGrad =
evaluator.Problem.Model.AllGradValue
[Function Type Objective] [Variable Type Decision];

objGrad.Value[0, 0] = 2.0 *
evaluator.Problem.VarDecision.Value[0];
objGrad.Value[0O, 1] = 2.0 *

evaluator.Problem.VarDecision.Value[l];

CDhoubleMatrix matGrad =
evaluator.Problem.Model.AllGradValue
[Function Type Constraint] [Variable Type Decision];

matGrad.Value[0, 0] = 1.0;
matGrad.Value[0, 1] = 1.0;
matGrad.Value[l, 0] = evaluator.Problem.VarDecision.Value[l];

matGrad.Value[l, 1]

evaluator.Problem.VarDecision.Value[0];

evaluator.Problem.Model.AllGradValue[Function Type Constraint]
[Variable Type Decision] = matGrad;

return Engine Action.Continue;

}

Writing a function that computes the 2™ order derivative matrix (Jacobian) can be difficult — it is easy
to make errors in computing the various partial derivatives. To aid in debugging, the SDK has the
ability to call your Eval_Type_Gradient() evaluator and compute its own estimates of the partial
derivatives by calling the evaluator Eval_Type_Function. It will compare the results and call the
evaluator Eval_Type_GradError which can be used to display an error message for mismatching
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partial derivatives. To use this feature you must call prob.Engine.Params(L"Derivatives").Value = 4.
In this case, you will create three types of evaluators, Eval_Type_Function, Eval_Type_Gradient, and
Eval_Type_GradError in the main body of your code.

The Evolutionary Solver "engine,” which is used if any of your problem functions are nonsmooth or
discontinuous (as indicated by prob.Model.DependTest()), does not make use of the
Eval_Type_Gradient() function, even if you call the evaluator in your program.

This completes the section explaining how to construct an optional evaluator to pass the first order
derivatives of the objective and constraints when solving a nonlinear optimization problem. Please
click the following links for more example code in C#, the Procedural API or in COM.

Using a Hessian to Provide Second Order Partial
Derivatives

If using the Solver SDK Platform, an evaluator of type Eval_Type_Hessian can be called to pass exact
second order partial derivatives for a quadratic, quadratically constrained or nonlinear problem. In a
quadratic problem, an evaluator of type Eval_Type_Hessian can be called to compute the Q-matrix for
the objective. In a quadratically constrained problem this type of evaluator can be called to compute
the Q-matrix for a quadratic constraint. (Most times this is because the Q-matrix is not constant.
However, it is also possible to pass a constant Q-matrix in this way.) In a nonlinear problem, an
evaluator of type Eval_Type_Hessian can be called to pass exact second order partial derivatives much
like the evaluator of type Eval_Type_Gradient is used to pass exact first order partial derivatives.

Each function in the problem (objective and constraints) will have it’s own Hessian matrix, although
the matrix could contain all zeros (for example, if all terms in the function are linear). The size of a
Hessian matrix will always be number of variables x number of variables.

Solving a Quadratic Problem with a Hessian Evalautor

If supplied to a quadratic or quadratically constrained problem, an evaluator of type
Eval_Type_Hessian will be called to compute a Q -Matrix that is in the objective or in a constraint. If
the Q-Matrix is constant, then it is possible to use the FcnQuadratic method to pass the Q-matrix
rather than with an evaluator of type Eval_Type Hessian. However, if the Q-Matrix is not constant,
then you must supply the Q-Matrix via the evaluator of type Eval_Type Hessian.

In the Solver SDK Platform, the LP/ Quadratic and SOCP Solver engines will ask for the Hessian
matrix when solving either a quadratic or quadratically constrained problem. If you are solving a
quadratic problem, you must set the problem type to Problem_Type OptQP before calling
prob.Solver.Optimize(). If you are solving a quadratically constrained problem, then you must set the
problem type to Problem_Type OptQCP and then specify how each variable occurs (linearly or
quadratically) in both the objective and constraints by using the AllGradDepend method.

The example code below solves a quadratic investment portfolio model. The mathematical
representation of this model is below.

Minimize: Portfolio Variance (x"Qx + cx) where the Stock Variance/Covariance Matrix is contained
in the table below and there are 0 linear coefficients.

Stock 1 (x1) | Stock 2 (x2) Stock 3 (x3) Stock 4 (x4) Stock 5 (x5)
Stock 1 (x1) | .000204 .000424 .000170 .000448 -.000014
Stock 2 (x2) | .000424 .012329 .001785 0.001633 -0.000539
Stock 3 (x3) | 0.000170 0.001785 0.000365 0.000425 -0.000075
Stock 4(x4) | 0.000448 0.001633 0.000425 0.005141 0.000237
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Stock 5 (x5) | -0.000014 -0.000539 -0.000075 0.000237 0.000509
Subject to: X1+ X2+ X3+ X4+X5=1
.086X1 +.0714X2 + .095X3 + .107X4 + .069X5 >=.085
0<=X1, X2, X3, X4, X5<=1

This model contains 5 variables and 2 constraints. The variables are the percentages to be allocated to
each investment or asset class and are x1, x2, x3, x4, and x5. These variables may not be less than 0 or
greater than 1. The first constraint requires that the total of all the variables must equal 1 (x1 + X2 + x3
+ x4 + x5 = 1). The second constraint ensures that the portfolio return must be greater than or equal to
8.5%. The objective function is minimizing the variance of the portfolio. In linear algebra notation this
function can be written as x"Qx + cx where x is an array of n decision variables, Q is an n x n matrix of
coefficients, and c is an n vector of linear coefficients. (In this example, all linear coefficients are 0.)

We must first create the evaluator in the main body of our program which calls the Solver SDK
Platform. Note that when using an evaluator of type Eval_Type_Hessian to compute the Q-Matrix you
do not need to also pass an evaluator of type Eval_Type Function. The name given to the evaluator of
type Eval_Type Hessian is evalHess.

To begin, the example code first initializes two variables, nvars and ncons, to pass the number of
variables (nvars) and constraints (ncons) in the model.

int nvars = 5, ncons = 2
Next we create and initialize several arrays. The objcoeff array is of size nvars (nhumber of variables or

5) and will hold the linear coefficients of our objective function. In this example, all five linear
coefficients are 0. This means that there are no linear terms in our objective function.

double objcoeff[] = { 0.0, 0.0, 0.0, 0.0, 0.0 };

The ub_constraints array is of size ncons (number of constraints or 2) and holds the upper bounds of
the two constraint right hand sides. Note: CConstants:PINF is a C++ constant for "positive infinity".

double ub_constraints[] = { 1, CConstants::PINF };

The Ib_constraints array is of size ncons and holds the lower bounds of the two constraint right hand
sides. Notice that the lower and upper bounds of the first constraint are both 1 to denote an equality
constraint (x1 + x2 + x3 + x4 + x5 =1).

double 1b constraints[] = {1.0, 0.085};

The concoeff array is of size number of variables x number of constraints (5 * 2) and holds the
constraint coefficients. This array of coefficients will be passed "row wise". Therefore, the first five
coefficients belong to the first constraint (total of all variables must equal 1) and the last five
coefficients belong to the second constraint (portfolio return).

double concoeff[] = { 1.0, 1.0, 1.0, 1.0, 1.0, 0.086, 0.0714, 0.095,
0.107, 0.069 };

The following two arrays are both of size nvars and hold the decision variables lower bounds (Ib) and
upper bounds (ub).

double 1b[] = { 0.0, 0.0, 0.0, 0.0, 0.0 };
double ub[] = { 1.0, 1.0, 1.0, 1.0, 1.0 };

The next line of code creates an instance of the CProblem class (prob), passes the Solver Type
(Solver_Type_Minimize) and also the number of decision variables (nvars) and constraints (ncons) to
the Solver SDK. (For more information on creating an instance of the CProblem class, see the
subsequent four chapters on calling the SDK in the programming language of your choice.)

CProblem prob (Solver Type Minimize, nvars, ncons);

The next two lines of code pass the constraint upper and lower bounds, respectively, to the SDK.
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problem.FcnConstraint.UpperBound = rhs;
problem.FcnConstraint.LowerBound = lhs;

While the next two lines of code pass the decision variable upper and lower bounds, respectively, to
the SDK.

problem.VarDecision.UpperBound = ub;

prob.VarDecision.LowerBound = 1b;

The two lines of code below call prob.Model.AllLinear[Function_Type_Objective] to pass the linear
terms of the objective coefficient matrix, objcoeff, and
prob.Model.AllLinear[Function_Type_Constraint] to pass the constraint coefficient matrix, concoeff.

problem.Model.AllLinear [Function Type Objective] [Variable Type Decis
ion]=CDoubleMatrix (Array Order ByCol, 1, nvars, objcoeff);

problem.Model.AllLinear [Function Type Constraint] [Variable Type Deci
sion]= CDoubleMatrix (Array Order ByRow, ncons, nvars, concoeff);

The line of code below sets the problem type to OptQP (Quadratic Problem). If you omit the problem
type, the Solver SDK will not call the evaluator . Setting this problem type will automatically choose
the LP/Quadratic engine in the Solver SDK Platform to solve the problem.

problem.ProblemType = Problem Type OptQP;

Here we create the evaluator evalHess of type Eval_Type Hessian. This evaluator will be called to
compute the Q matrix in the objective function of this quadratic problem.

CHessEvaluator evalHess;
prob.Evaluators[Eval Type Hessian].Evaluator = & evalHess;
Finally, we ask the Solver to optimize.

Prob.Solver.Optimize () ;

From here, the SDK will call the evaluator below to compute the objective function.
First, we setup a convenient pointer to the Problem, prob.

CProblem& prob = evaluator.Problem;

Then, setup the gmatval array and pass the Q-matrix.

double gmatvall[] =

{ 0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,

-0.000014, -0.000539, -0.000075, 0.000237, 0.000509 };

Next, we check the function type of the current function. If the function type is
Function_Type_Objective (Objective function), then we call the FcnHessValue method.

if (prob.Solver.FunctionType == Function Type Objective)

The left side of the equation below calls the FcnHessValue method while passing the function type
(Function_Type_Objective), the functon index (always O for the objective function) and the Variable
type (Variable_Type_Decision). The right side of this equation creates a DoubleMatrix of size 5 rows
and 5 columns (number of variables x number of variables), indicates that the Q-matrix coefficients
will be passed by column (Array_Order_ByCol) and then passes the gmatval array which holds the
coefficients.
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prob.Model.FcnHessValue[Function Type Objective] [0] [Variable T
ype Decision] =

CDoubleMatrix (Array Order ByCol, 5, 5, gmatval);
Finally, we ask the SDK to continue solving.

return Engine Action Continue;

Complete Evaluator

Please see below for a complete snapshot of the code required for our evaluator of type
Eval_Type_Hessian.

class HessEvaluator : public IEvaluator
{
public:
virtual Engine Action Evaluate (CEvaluatoré& evaluator)
{
CProblem& prob = evaluator.Problem;

double gmatvall[] =

{ 0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,

-0.000014, -0.000539, -0.000075, 0.000237, 0.000509 };

if (prob.Solver.FunctionType == Function Type Objective)

prob.Model.FcnHessValue [Function Type Objective] [0]
[Variable Type Decision] =

CDoubleMatrix (Array Order ByCol, 5, 5, gmatval);
return Engine Action Continue;
}

}

For example code in calling an evaluator of type Eval_Type Hessian for a quadratic problem in
additional languages, please click the appropriate link: C#, Procedural APl, COM.

Solving a Quadratically Constrained Problem with a Hessian
Evaluator

When solving a quadratically constrained problem, you must also call the AllGradDepend method to
pass an array which indicates whether the variables occur linearly or quadratically, in addition to
setting the problem type of OptQCP, as indicated above. Let’s modify the example above and this
time maximize the expected return of the portfolio while adding a constraint that keeps the portfolio
variance less than 1%. This modified model will have a linear objective, one linear constraint and one
quadratic constrant (the variance constraint). For simplicity, we will use the same Q-matrix.

Maximize: Portfolio Expected Return (Expected returns for each stock are contained in the table
below) .07X1 + .08X2 + .095X3 + .065X4 + .15X5
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Stock 1 (x1)

Stock 2 (x2)

Stock 3 (x3)

Stock 4 (x4)

Stock 5 (x5)

8.6%

7.14%

9.5%

10.7%

6.9%

Subject to:

X1+X2+X3+X4+X5=1
(X"Qx + cx) >= .01

where the Stock Variance/Covariance Matrix is contained in the table below

Stock 1 (x1) | Stock 2 (x2) Stock 3 (x3) Stock 4 (x4) Stock 5 (x5)
Stock 1 (x1) | .000204 .000424 .000170 .000448 -.000014
Stock 2 (x2) | .000424 .012329 .001785 0.001633 -0.000539
Stock 3 (x3) | 0.000170 0.001785 0.000365 0.000425 -0.000075
Stock 4(x4) | 0.000448 0.001633 0.000425 0.005141 0.000237
Stock 5 (x5) | -0.000014 -0.000539 -0.000075 0.000237 0.000509

0<=X1, X2, X3, X4, X5<=1

This model contains 5 variables and 2 constraints. The variables are the percentages to be allocated to
each investment or asset class and are x1, x2, x3, x4, and x5. These variables may not be less than 0 or
greater than 1. The first constraint requires that the total of all the variables must equal 1 (x1 + X2 + x3
+ x4 + x5 = 1). The second constraint ensures that the portfolio variance must be less than or equal to
1%. In linear algebra notation this function can be written as x"Qx + cx where x is an array of n
decision variables, Q is an n x n matrix of coefficients, and c is an n vector of linear coefficients. (In
this example, all linear coefficients are 0.) The objective function is maximizing the return of the
portfolio.

To begin, the example code will again initialize two variables, nvars and ncons, to pass the number of

variables (nvars) and constraints (ncons) in the model.
int nvars = 5, ncons = 2;

Again, we will setup the same arrays, but in this example, our objcoeff array coefficients will be
nonzero to reflect the stock returns (.086x1 + .0714x2 + .095x3 + .107x4 + .069x5).

double objcoeff[] = { 0.086, 0.0714, 0.095, 0.107, 0.069 };

The arrays ub_constraints and lb_constraints change to the following to reflect the 2" constraints left
hand side of “<=0.01".

double ub_ constraints](]

{1.0, 0.01 };

double 1lb constraints[] = {1.0, CConstants::MINF };
The Ib and ub arrays remain the same.

double 1b[] { 0.0, 0.0, 0.0, 0.0, 0.0 };

double ubf[] = { 1.0, 1.0, 1.0, 1.0, 1.0 };

The concoeff array is still of size number of variables x number of constraints (5 * 2) and still holds
the constraint coefficients. This array of coefficients will be passed "row wise". Therefore, the first
five coefficients belong to the first constraint (x1 + x2 + x3 + x4 + x5 = 1) and the last five coefficients
belong to the second constraint (Portfolio Return). Notice that the coefficients for our last constraint
are now all zero as this contraint has been changed from a linear constraint in the example above to a
quadratic constraint in this example.

double concoeff[] = { 1.0, 1.0, 1.0, 1.0, 1.0, O, O, O, O, O };

This next line of code creates an array, concoefftype, of type _Depend_Type (type defined within the
Solver SDK) which contains information on how each variable occurs in the two constraints, linearly
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or quadratically. This array will be passed "by row" so the first five array elements belong to the first
constraint and the last five belong to the second constraint.

_Depend Type concoefftypel] =

{Depend Type Linear,Depend Type Linear, Depend Type Linear,

Depend Type Linear, Depend Type Linear,Depend Type Quadratic,
Depend Type Quadratic, Depend Type Quadratic,
Depend Type Quadratic, Depend Type Quadratic};

The next line of code creates an instance of the CProblem class (prob), passes the Solver Type
(Solver_Type_Minimize) and also the number of decision variables (nvars) and constraints (ncons) to
the Solver SDK. (For more information on creating an instance of the CProblem class, see the
subsequent chapters on calling the SDK.)

CProblem prob (Solver Type Minimize, nvars, ncons);

The next four lines of code remain unchanged passing the constraint upper and lower bounds, and the
upper and lower bounds for the decision variables, respectively, to the SDK.

problem.FcnConstraint.UpperBound = rhs;
problem.FcnConstraint.LowerBound = lhs;
problem.VarDecision.UpperBound = ub;
prob.VarDecision.LowerBound = 1b;

The two lines of code below call prob.Model.AllLinear[Function_Type_Obijective] to pass the
objective coefficient matrix, objcoeff, and prob.Model.AllLinear[Function_Type_Constraint] to pass
the linear terms of the constraint coefficient matrix, concoeff.

problem.Model.AllLinear [Function Type Objective] [Variable Type Decis
ion]=CDoubleMatrix (Array Order ByCol, 1, nvars, objcoeff);

problem.Model.AllLinear [Function Type Constraint] [Variable Type Deci
sion]= CDoubleMatrix (Array Order ByRow, ncons, nvars, concoeff);

The next line of code passes the concoefftype using the AllGradDepend method. The left side of the
equation calls the AllGradDepend method while passing the Function Type
(Function_Type_Constraint) and the Variable Type (Variable_Type_Decision). The right side of the
equation creates a Double Matrix object of size ncons (2) by nvars (5), then passes the array
concoefftype "row-wise". This line of code is required when computing the Q-matrix inside of an
evaluator.

problem.Model.AllGradDepend[Function Type Constraint] [Variable Type
Decision]= CDependMatrix (Array Order ByRow, ncons, nvars,
concoefftype);

The line of code below sets the problem type to OptQCP (Quadratically Constrained Problem). If you
omit the problem type, the Solver SDK will not call your evaluator of type Eval_Type Hessian.
Setting this problem type will automatically choose the SOCP engine in the Solver SDK Platform to
solve the problem.

problem.ProblemType = Problem Type OptQCP;

Here we create the evaluator evalHess of type Eval_Type_Hessian. This evaluator will be called to
compute the Q matrix for the second constraint.

CHessEvaluator evalHess;
prob.Evaluators[Eval Type Hessian].Evaluator = & evalHess;
Finally, we ask the Solver to optimize.

Prob.Solver.Optimize () ;

From here, the SDK will call the evaluator of type Eval_Type_Hessian found below.
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First, we setup a convenient pointer to the Problem, prob.
CProblem& prob = evaluator.Problem;

Then, setup the gmatval array for the portfolio return constraint.
double gmatvall[] =

{ 0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,

-0.000014, -0.000539, -0.000075, 0.000237, 0.000509 };

Next, we check the function type of the current function. If the function type is
Function_Type_Constraint, then we call the FcnHessValue method to pass the Hessian matrices for
each constraint.

if (prob.Solver.FunctionType == Function Type Constraint)

The next line of code passes the Q-matrix of the first constraint to the FcnHessValue method. The left
side of this equation calls the FcnHessValue method while passing the function type
(Function_Type_Constraint), the function index (0) and the variable type (Variable_Type Decision).
The right side of this equation creates a DoubleMatrix of size 5 rows and 5 columns (number of
variables x number of variables) with all 0 values. This is because the second order partial derivatives
(Hessian matrix) are all zeros for the first constraint (X1 + x2 + x3 + x4 + x5 = 1).

prob.Model.FcnHessValue [Function Type Constraint] [0] [Variable Type D
ecision] = CDoubleMatrix (5, 5, (double) 0);

The next line of code passes the Q-matrix of the second constraint to the FcnHessValue method. The
left side of this equation calls the FcnHessValue method while passing the function type
(Function_Type_Constraint), the functon index (1) and the variable type (Variable_Type_Decision).
The right side of this equation creates a DoubleMatrix of size 5 rows and 5 columns (humber of
variables X number of variables), indicates that the Q-matrix coefficients will be passed by column
(Array_Order_ByCol) and then passes the gmatval array which holds the coefficients.

prob.Model.FcnHessValue [Function Type Constraint] [1] [Variable Type D
ecision] =

CDoubleMatrix (Array Order ByCol, 5, 5, gmatval);

Finally, we ask the SDK to continue solving.

return Engine Action Continue;

Complete Evaluator

Please see below for a complete snapshot of the code required for our evaluator of type
Eval_Type_Hessian.

class HessEvaluator : public IEvaluator
{
public:
virtual Engine Action Evaluate (CEvaluatoré& evaluator)
{
CProblem& prob = evaluator.Problem;

double gmatvall[] =
{ 0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
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0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,
-0.000014, -0.000539, -0.000075, 0.000237, 0.000509 };
if (prob.Solver.FunctionType == Function Type Constraint)

{

prob.Model.FcnHessValue [Function Type Constraint] [0]
[Variable Type Decision] = CbDoubleMatrix (5, 5, (double) O0);

prob.Model.FcnHessValue [Function Type Constraint] [1]
[Variable Type Decision] = CbDoubleMatrix (Array Order ByCol, 5,
5, gmatval);

}

return Engine Action Continue;
}

}

For example code in calling an evaluator of type Eval_Type Hessian for a quadratically constrained
problem in additional languages, please click the appropriate link: C#, Procedural API, COM.

Solving a Nonlinear Problem with a Hessian Evalautor

If either the KNITRO or LSSQP "plug in" Solver engines are being called to solve a nonlinear problem
and an evaluator of Eval_Type Hessian is supplied, then this evaluator will be called in lieu of the
evaluator of type Eval_Type_Function, to pass the second order partial derivatives of the objective
function and constraints. In this instance, you must provide the evaluator of type Eval_Type_Function
and if solving a generic nonlinear model, it is advisable to provide the evaluator of type
Eval_Type_Gradient as well, but this is optional. The GRG engine included in the Solver SDK
Platform is not designed to call this evaluator.

In our example code below, we compute the second order derivatives for the evaluator evalNLP of
type Eval_Type_Function in the section above, Using a Function Evaluator to Compute the Objective
and Contraints. We must first create the evaluator in the main body of our program which calls the
Solver SDK Platform. The name given to the evaluator of type Eval_Type_Hessian is evalHess.

int main ()
{

/* Get data and set up an optimization problem */

CProblem prob

/* Pass the number of variables, constraints, pass constraint upper
and lower bounds, variable upper and lower bounds, etc. */

//evaluator of type Eval Type Function must be present
CNLPEvaluator evalNLP;
prob.Evaluators[Eval Type Function].Evaluator = & evalNLP;
//evaluator of type Eval Type Gradient may be present

CJacEvaluator evaldJdac;
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prob.Evaluators[Eval Type Gradient].Evaluator = & evalJac;
CJacEvaluator evalHess;
prob.Evaluators[Eval Type Hessian].Evaluator = & evalHess;

Below is the Hessian evaluator for the example model with the objective = x*2 + y*2 and the
constraints: x +y and x *y. When passing the Hessian, you must first create a double matrix for each
function. This example contains two constraints and one objective function, therefore, we have three
total functions.

The first double matrix, objHess, will hold the 2nd derivatives of the objective function and the second
double matrix, matHess1, will hold the 2nd derivatives of the second constraint. (The second
derivatives for the first constraint (x + y) are all 0 so there is no need to pass a double matrix for this
constraint.)

First we check the function type of the current function.

if (evaluator.Problem.Solver.FunctionCurrent.FunctionType ==
Function Type Objective)

If the Function Type is Function_Type_Objective, then, we create a double matrix, objHess, to hold the
second order partial derivatives for the objective function, x " 2 +y ~ 2.

{

CDhoubleMatrix objHess =
evaluator.Problem.Model.FcnHessValue [Function Type Objective]
[0] [Variable Type Decision];

objHess.Value[0,0]= 2;

objHess.Value[0,1] = 0;

0
0;
2

objHess.Value[l,0]
objHess.Valuel[l,1] =

’

}

Again we check the function type, but this time for Function_Type_Constraint, then create one (1)
double matrix, matHess1, to hold the second order partial deriatives for the second constraint, x * y.
Since the second partial derivatives for the first constraint (x + y) are all zero we can pass a double
matrix of size 2 x 2 with all elements equal to 0 with one line of code.

The line of code,
evaluator.Problem.Model.FcnHessValue[Function_Type_Constraint][0][Variable_Type_Decision] =
CDoubleMatrix(4, 4, (double) 0), creates a double matrix of size 2 by 2 (number of variables x number
of variables) and passes all 0 elements to the FcnHessValue method.

if (evaluator.Problem.Solver.FunctionCurrent.FunctionType ==
Function Type Constraint)

{

evaluator.Problem.Model.FcnHessValue [Function Type Constraint] [0] [Va
riable Type Decision] = CDoubleMatrix (2, 2, (double) 0);

CDhoubleMatrix matHessl =
evaluator.Problem.Model.FcnHessValue[Function Type Constraint]
[1] [Variable Type Decision];

matHessl.Value[0,0] = 0;
matHessl.Value[0,1] = 1;
matHessl.Value[1l,0] = 1;
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matHessl.Value[l,1] = 0;
}
Finally, we instruct the Solver SDK Platform to continue solving.

return Engine Action.Continue;

Complete Evaluator

Please see below for a complete snapshot of the code required for our evaluator of type
Eval_Type_Hessian.

class HessEvaluator : public IEvaluator
{
public:
virtual Engine Action Evaluate (CEvaluatoré& evaluator)

{

if (evaluator.Problem.Solver.FunctionCurrent.FunctionType ==
Function Type Objective)

CDoubleMatrix objHess = evaluator.Problem.Model.FcnHessValue
[Function Type Objective] [0] [Variable Type Decision];

objHess.Value[0,0]= 2;
objHess.Value[0,1] = 0
objHess.Value[l,0] = 0;
objHess.Valuel[l,1] = 2

}

if (evaluator.Problem.Solver.FunctionCurrent.FunctionType ==
Function Type Constraint)

problem.Model.FcnHessValue [Function Type Constraint] [0]
[Variable Type Decision] =
CDhoubleMatrix (2, 2, (double)O);

CDhoubleMatrix matHess = evaluator.Problem.Model.FcnHessValue

[Function Type Constraint][1l] [Variable Type Decision];

CDhoubleMatrix matHess =

’

matHess.Value[0,0] =

matHess.Value[0, 1]

’

0
1;
matHess.Value[1l,0] 1
0

’

matHess.Value[l,1] =
}
return Engine Action.Continue;
}

This completes the section explaining how to construct an optional Hessian evaluator to compute the
Q-matrix for a quadratic objective, a quadratic constraint, or to pass the second order derivatives of
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the objective and constraints when solving a nonlinear optimization problem. Please click the
following links for more example code in C#, the Procedural API or in COM.

Using an Evaluator to Check the Progress of a
Simulation Run

An evaluator can be used to obtain control from the Solver SDK before or after a simulation to check
the progress of the solution process, to display a message, etc. For a simulation, there are three such
evaluators available of type: Eval_Type_SimBegin, Eval_Type_SimComplete, and
Eval_Type_Simulation. Please see the table below for an explanation of each. Simulation Progress
Information Evaluators are always optional.

Simulation Progress Information Evaluators

Eval_Type_SimBegin Called at the beginning of a simulation
run (of two or more simulations).

Eval_Type_SimComplete Called at the end of a simulation run (of
two or more simulations).

Eval_Type_Simulation Called after each simulation.

We will use the evaluator of type Eval_Type_Simulation in our example below. Note: Each of the
evaluators above can be created with the same steps as shown below. Simply substitute
Eval_Type_Simulation when creating the evaluator with Eval_Type X where X is SimBegin or
SimComplete.

First we create the evaluator in the main body of our code. In this example, the name of our evaluator
of type Eval_Type_Simulation is EvalSimulation. (The name of the class is CSimulation.) As
mentioned above, this type of evaluator is called after every simulation (when multiple simulations are
being run) and can be used to obtain control during the solution process in order to display a message,
check for a user abort action, etc.

int main ()
{

/* Get data and set up a simulation problem */

CProblem prob

/* Pass the number of uncertain variables and pass their
distributions, pass the number of uncertain constraints, setup
correlation matrices, etc. */

CSimulation EvalSimulation Evaluator;
prob.Evaluators[Eval Type Simulation].Evaluator = & EvalSimulation;

The example code below gives an example of an evaluator of type Eval_Type_Simulation which writes
the Simulation index to the C++ Console after each simulation is finished. This will allow the User to
keep watch as the Solver finishes each simulation.

class CSimulation : public IEvaluator

{
public:

virtual Engine Action Evaluate (CEvaluatoré& evaluator)
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{

cout << "Simulation " <<
evaluator.Problem.Solver.SimulationIndex << endl;

return Engie Action Continue;
}
}

This completes the section explaining how to construct an optional evaluator to gain control during the
simulation process. Please click the following links for more example code in C#, the Procedural API
or in COM.

Using an Evaluator to Compute Uncertain Functions in a
Simulation Problem

When running a simulation, the evaluator of type Eval_Type_Sample is called on each trial to calculate
the uncertain functions, much like the evaluator of type Eval_Type_Function is called to compute the
objective and constraints in a nonlinear optimization problem. If your simulation model contains
uncertain functions, then this evaluator is required.

To begin we create an evaluator of type Eval_Type_Sample in the main body of code. The name of the
evaluator is evalSim.

int main ()
{

/* Get data and set up a simulation problem */

CProblem prob

/* Pass the number of uncertain variables and pass their
distributions, pass the number of uncertain constraints, setup
correlation matrices, etc. */

CSimEvaluator evalSim Evaluator;
prob.Evaluators[Eval Type Sample].Evaluator = & evalSim;

The example evaluator of type Eval_Type_Sample below is called to compute the uncertain functions,
X +yandx*y. Again, we start out by creating a problem and three convenient pointers,prob, pVar,
and pFcn.

CProblem& prob = evaluator.Problem;
const double* pVar = problem.VarUncertain.Value;
double* pFcn = problem.FcnUncertain.Value;

The next two lines of code compute the uncertain functions, X +y and X *y.

pFcn[0] pvar[0] + pVar[l]; /] X+Y

pFen[l] = pVar[0] * pvVar[l]; // X*Y

Finally, we tell the Solver SDK Platform to continue simulating. There are two additional
Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop. Engine_Action_Evaluate
forces the SDK to call the evaluator of type Eval_Type_Function a second time which can be useful if
you need to inspect the uncertain variable values. Engine_Action_Stop will indicate to the SDK that an
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error has occurred during the calculation of the uncertain functions . The SDK will mark the current
trial as an error trial and continue with the remaining trials.

return Engine Action Continue;

Complete Evaluator

Please see below for a complete snapshot of the code required for our evaluator of type
Eval_Type_Sample.

class CSimEvaluator : public IEvaluator
{
public:
virtual Engine Action Evaluator (CEvaluatoré& evaluator)
{
CProblem& prob = evaluator.Problem;
const double* pVar = problem.VarUncertain.Value;
double* pFcn = problem.FcnUncertain.Value;
pFcn[0] = pvVar[0] + pVar[l]; // X+Y
pFen[l] = pVar[0] * pVar([1l]; // X*Y
return Engine Action Continue;
}
}

This completes the section explaining how to construct an evaluator to compute the uncertain functions
for a simulation problem. Please click the following links for more example code in C#, the
Procedural API or in COM.

Conclusion

As mentioned in the introduction of this chapter, regardless of what the evaluator does, it is always
created using the same methodology. First, the evaluator is created along with specifying the type of
evaluator (Eval_Type_Sample, Eval_Type_Function, etc.) in the main body of the code. Then the
evaluator is written to perform the intended function whether it is a Progress Information Evaluator or
a Computing Evaluator.

Multiple evaluators can be included in the same problem. For example, a generic nonlinear
optimization problem could have up to 7 evaluators, an evaluator of type Eval_Type_lteration to gain
control during the solution process, Eval_Type_Function, to compute the objective function and
constraints, Eval_Type_Gradient, to pass the first order derivatives, Eval_Type_Hessian, to pass the
second order derivatives, Eval_Type_NewSolution to gain control each time a new solution is found,
Eval_Type_OptBegin to gain control before the optimization is run, and Eval_Type_Optimization to
gain control after the optimization has finished.
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Calling the Solver SDK from C++

C++ Compilers

To use the Solver SDK from C++ you must have an appropriate compiler and linker capable of
building Windows applications, such as Microsoft Visual C++, Microsoft Visual Studio C++, Borland
C++, or Symantec C++. This Guide will give explicit instructions for use with Microsoft Visual
Studio C++ , but use with other compilers should be similar.

To simplify the input/output and focus on the Solver SDK routines and arguments, the example
applications in this chapter use console calls for output and will be built as a "Win32 console
application” in Microsoft Visual Studio C++.

Basic Steps: Solving Three Simple Models

This chapter will outline the steps required to compile, link and run a simple linear, nonlinear and
simulation example using the Solver SDK using 32-bit Microsoft Visual Studio C++. The steps
required for other compilers will be similar.

Creating a New C++ Project

First, follow the steps in the "Installation" chapter, which will install all required SDK files, including
Example files, into the Frontline Systems directory (located at C:\Program Files) on your hard disk.

1. Create a new project. Start Microsoft Visual Studio, Select File | New Project, select C++ on the
left of the dialog and select Win32 Console Application under Templates (on the right of the
dialog). Type a name of your choice in the Project name edit box, and C:\Program
Files\Frontline Systems\Solver SDK Platform\Examples\C++ (or a path of your choosing) in
the Location edit box. Then click OK.
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Project types: Templates: {NET Framework 3.5 M EI

Reporting [+]f|  Visual Studic installed templates =
Test - -
WCF i' i _;'-"::- = ﬂz ﬂg T
Workflow Custom  TestProject Windows CLRConsole  Win32  ATL Project
4 Other Languages Wizard Forms Ap... Application  Console ...
+ Visual C# =
4| Visual Cov u = E@ 53 x| |
ATL MFC Makefile  ATLSmart Class Library CLREmpty  Empty
CLR Application Project Device P... Project Project
General | ’
2 My Mgk [}
QAFC b Elc) Elc| aEe @ﬁg E]ﬂg E h
t
mart Device MFC ActiveX MFCDLL  MFCSmart MFCSmart MFCSmart  Wind2
Test Control Device A..  Device A.. DeviceDLL  Project
Win32
. Other Project Types = =) )
a N b
. Test Projects ... L b . hd

A project for creating a Win32 console application

Name: Name of Your Choice
Location: C:\Program Files\Frontline Systems\Solver Platform SDK\Examples\C++ -
Solution Name: Name of Your Choice [¥] Create directery for solution

Then Click Finish.

Win32 Application Wizard - UserGuideExample

Welcome to the Win32 Application Wizard

Overview These are the current project settings:

Application Settings + Console application
Click Finish from any window to accept the current settings.

After you create the project, see the project’s readme. bt fle for information
about the project features and files that are generated.

[ Next > H Finish ” Cancel ]

2. Add the library file, SolverSDK.lib. To create an application that calls the Solver SDK in C++,
you must include the import library file, SolverSDK.lib in your project or your linkers response
file. (Alternatively, you can write code to use "run-time dynamic linking" by calling Windows
API routines such as LoadLibrary().)

Right click Source Files in the Solution Explorer and select Add | Add Existing Item in the dialog,
navigate to C:\Program Files\Frontline Systems\Solver SDK Platform\Lib, and add the file,
SolverSDK.lib.

3. Add an include statement and an (optional) directive. In order to access the Solver SDK
functions, you must add an include statement for the file solversdk.h. In addition, you can also
add an optional using namespace directive for SolverPlatform. If you choose not to include the
using namespace directive, you must add "SolverPlatform::" to the beginning of each SDK
function call. For example:

SolverPlatform: :CProblem problem;
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problem.Model.AllLinear[SolverPlatform: :Function Type Objective]
= SolverPlatform: :CDoubleMatrix (Array Order ByRow, 1, nvars,
objcoeff);

This example uses the using SolverPlatform directive which is shown in the screenshot below.
(The precompiled header files such as stdafx.h and iostream provide basic operating and output
functions.)

" UserGuideExample - Microsoft Visual Studio (Administrator;

Eile Edit Yiew Project Build Debug Tools Test Window Help

Solution Explorer - 1%
= | @ | E 6%,
¢+ stdafx.cpp -
€+ UserGuideExample.c s

UserGuideExample.cpp | Start Page -

(Global Scope) -

O #include "stdafx.h"
#include <iostream> =( [ Ul 4
#include "C:\Program Files\Frontline Systems\Solver SDX Platform\Include\solversdk.h" Properies -0 x

z=ing namespace SolverPlatform;
i : @z [A
using namespace std: 2: ;:l’

< i v

Build succeeded Ln5 Col11 Ch1l INS

From here you can solve either a linear, nonlinear or simulation model. For more details on each,
please read on.

Creating a Linear Model

1. First Steps. Follow the steps in the section, Creating a New C++ Project. In this example, we
will name the function that will hold the linear example, linear().

2. Create alinear model. For this example, we will solve a linear programming model with two
variables (x1 and x2) and three constraints. Both final variable values must be 0 or larger. The
example model is below.

Maximize 2 x1 + 3 x2
Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50
x1, x2 non-negative

To begin, the example code first initializes two variables, nvars and ncons, to pass the number of
variables and constraints in the model.

int nvars = 2, ncons = 3;
Next, we create an array to hold the upper bounds of the constraint right hand sides.
double ub_ constraints[]= { 54, 42, 50};

This next line of code (CProblem prob) creates an instance of the CProblem class. There are two
different constructors which create a Problem. The first constructor (CProblem prob) will only
create the Problem. This constructor will not create any variable or function blocks or pass any
additional information, such as whether you are solving a minimization optimization,
maximization optimization or a simulation problem. If this constructor is used, a user must either
call prob.VarDecision.Size to automatically add a variable block or create a variable block using
CVariable vars(Variable_Type_Decision, L"vars", 1) where the first argument is the variable type,
the 2" argument is a name chosen by the user, and the third argument is the size of the variable
block. Additionally, the User must add the variable to the problem by calling
prob.Variables.Add(vars). This is true for functions as well. A user can either add constraints
automatically using prob.FcnConstraint.Size or create a function with CFunction
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conl(Function_Type_ Constraint, L"conl", 1) (where the first argument is the function type, the
2" argument is a name chosen by the user, and the third argument is the size of the function block)
and then calling prob.Functions.Add(conl) to add the function to the Problem.

The second constructor, not only creates the Problem, but also passes the Solver_Type,
(Solver_Type_Minimize, Solver_Type_Maximize, or Solver_Type_Simulate) the number of
variables (nvars) and the number of constraints (ncons). An example of this constructor would be:
CProblem problem(Solver_Type_Minimize, nvars, ncons).

CProblem prob;

The next line of code creates one variable block of size nvars (two).
prob.VarDecision.Size = nvars;

while the next line of code creates one function block of size ncons (two).

prob.FncConstraint.Size = ncons;

As mentioned above, we could have added the variables using the two lines of code below. The
first line of code creates a variable block of type Variable_Type_Decision, names the block "vars"
and then sets the size of the block to 2. The second line of code adds the vars variable block to
the Problem.

CVariable vars (Variable_Type_Decision, L"vars",2);
prob.Variables. Add(vars);

In addition, we could have added the constraints using the two lines of code below. The first line
of code creates a function block of type Variable_Type_ Constraint, names the block "cons" and
then sets the size of the block to 3. The second line of code adds the cons function block to the
Problem.

CFunction cons (Function_Type_Constraint, L"cons",3);

prob.Functions.Add(cons);

To tell the SDK to maximize the model, we use the line of code below. Alternatively,
Solver_Type_Minimize will minimize the problem.

prob.Solver.SolverType = Solver Type Maximize;

We pass the ub_constraints array which holds the upper bounds of the constraint right hand sides
to the SDK.

prob.FcnConstraint.UpperBound = ub constraints;

To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:

prob.VarDecision.NonNegative () ;

In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code
on how to pass upper and lower variable bounds to the SDK.

The next two lines of code create two different DoubleMatrix objects to hold the objective and
constraint coefficients: objcoeff - for the objective coefficients, and concoeff- for the constraint
coefficients. Since there is only one objective, we create the objcoeff array of size nvars (number
of variables) x 1 for the objective coefficients and the second array, concoeff, of size nvars x
ncons (number of variables) for the constraint coefficients. Notice that we are using NZBgn() and
NZEnd() when passing the constraint matrix (concoeff) as explained in the subsection Passing
Sparse Matrices in the chapter Designing Your Application. As a result, the Solver SDK will not
update the concoeff DoubleMatrix object until NZEnd() is executed.

CDhoubleMatrix objcoeff (1, nvars);
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objcoeff.vValuel[0][0] = 2;

objcoeff.value[0][1l] = 3;
CDoubleMatrix concoeff (ncons, nvars);
concoeff .NZBgn () ;
concoeff.Value[0] [0] = 9;
concoeff.Value[0] [1] = 6;
concoeff.Value[l][0] = 6;
concoeff.Value[l][1l] = 7;
concoeff.Value[2][0] = 5;
concoeff.vValue([2][1] = 10;
concoeff.NZEnd () ;
UserGuideExample - Microscft Visual Studic ministrator] L=
File Edit View Project Build Debug Tools Test Window Help
Start Paga}o;t[aamr;g[ve[;dkAb)/USElGIIHEEXZIIIPIE.(PP' « 3 | Solution Explorer >3 x
(Global Scope) + “@lincar) - 2B &
I =1 UserGuideExample
Ty gy
{ - (= | Header Files
int nvars = 2, ncons = 3; () SolverSdich
double ub _constraints[] = { 54, 42, 50 }; p 5] stdafih
_ L w. [h] targetver.h
CProblem prob: “|l|| - 3 Resource Files
=~ L& Source Files
prob.VarDecision.Size = nvars; i % SolverSDK.lib
prob.FenConstraint.Size = ncons; o € stdafx.cpp
... €] UserGuideExample.cpp
prob.Solver.SolverType = Solver Type Maximizer
prob.FenConstraint . UpperBound = ub_constraints:
prob.VarDecision.NonNegative (),
Properties > X
CDoubleMatrix cbjcoeff (1, nvars); 5
objcoefs.Value[0] (0] = 2: linear VCCodeFunction -
objcoeff.Value[0] [1] = 3:
CDoubleMatrix concoeff (ncons, nvars);: (Name) finear i
concoeff.NZBgn () ; File c\program files
concoeff.Value[0] [0] = 8; FullMame  linear |
concoeff.Value[0] [1] = & llnjected  False r
concoeff.Value[l] [0] = &: Islnline False
concoeff.Value[1] [1] = 7; IsOverloaded False
concoeff.Value[2] [0] = 5; IsSealed False
concoeff.Value[2] [1] = 10; ~ . - A4
concoeff.NZEnd () ; (Name)
T ||| Sets/returns the name of the
<| m 1 v object.
Ttem(s) Saved Ln43 Col34 Ch28 INS

3. Call AllLinear functions and solve the linear model. The example code below calls
prob.Model. AllLinear[Function_Type_ Objective] to pass the objective coefficient matrix,

objcoeff, and prob.Model.AllLinear[Function_Type_Constraint] to pass the constraint coefficient
matrix, concoeff. Calling prob.Model.AllLinear sets the problem type to “linear"
(Problem_Type_OptLP. Consequently, the SDK will automatically choose the best linear engine
available to solve the problem. If no additional "plug in" engines have been added, then the
LP/Quadratic engine will be selected in the Solver SDK Platform and the LP Simplex engine will
be selected in the Solver Platform Pro.
prob.Model.AllLinear [Function Type Objective] = objcoeff;
prob.Model.AllLinear (Function Type Constraint] = concoeff;
Solve the optimization problem by calling:

prob.Solver.Optimize () ;
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UserGuideExample - Mi

Eile Edit View Project Build

Debug Tools Test Window Help

Start Page | ostream | solversdk b L .m*] + X | Solution Explorer -1 x
= | 5 s
(Global Scope) T —- . | B E &K
gzl i -
S-SR <
prob.Model.Alllinear [Function Type Objective] = objcoeff; o 4 n b
prob.Model.Alllinear [Function_ Type_Constraint] = concoeff: D Properties -1 x
prob.Selver.Optimize (); linear VCCodeFunction -
< 1 | 3
Item(s) Saved Ln43 Cel34 Ch28 INS

Obtain and display the solution to the linear model. We abtain the solution status along with
the final objective and decision variable values,

_Optimize Status status =

Const double objective =

Const double* varvalue =

prob.Solver.OptimizeStatus;
prob.FcnObjective.FinalValue[0];

prob.VarDecision.FinalValue;

and display them on the C++ console.

cout << "Status = " << st
cout << "x1 = " << varval
cout << "x2 = " << varval
cout << "Obj = " << prob.

UserGuideExample - Mi

File Edit View

Project  Build Debug

atus << endl;
ue[0] << endl;
uel[l] << endl;

FcnObjective.FinalValue[0]

Tools Test Window Help

_b)"use i E 1 rn.,'l’stan Page | - X Sutl?n Exp\ore;q
(Global Scope) v “@linear) . \ & E &
= u idebampl

_Optimize Status status = prob.Solver.OptimizeStatus;
const double objective = prob.FcnObjective.FinalValue[0]:
const double* varvalue = prob.VarDecision.FinalValue; L

cout << "Linear Example" << endl;

cout << "Status = " << status << endl;
cout << "xl =
cout << "x2 =

" << warvalue[0] << endl:
" << varvalue[l] << endl;

~||| & £ Header Files
o [1] SolverSdich

[ stdafxh

P — —(—

L

4

Properties

linear VCCodeFunction

- 1%

cout << "Obj = " << objective << endl; c\program file 2
} T || (Name)
Rl i | D Sets/returns the name of the obj...
Ready Ln 43 Col35 Ch29 INS
5. Catch any errors. The catch statement handles any exceptions.

catch (CSolverException e)

{

cout

<< "Linear Example " << endl;

cout << "Throws Exception" << endl;

cout <<
cout <<

return 1;

"Code ="
"Text =

<< e.E

" << e.De

rrorCode << endl;

scription << endl;
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" UserGuideExample (Running) - Microsoft Visual Studio (Administrater]
File Edit View Project Build Debug Tools Test Window Help
Bagm| %@
die.h’ U idebs le.cpp ~ 3 | Solution Explorer - 4 X
= | =
(Global Scope) ~ “Wlinear() L=l & B A
— A UserGuideExample -
catch (CSolverException e) o T “‘ Header Files =
| L[] SohverSdih
// If something goes wrong, we throw an exception. ﬂ:{‘tdaf“'h
cout << "Linear Example™ << endl; [ ”’,",f*"“’“ :
cout<< "Throws Exception" << endl;
cout << "Code = " << e.ErrorCode << endl; Properties -
cout << "Text = " << e.Description << endl; linear VCCodeFunction
return 1; s 5]
} B |4
return 0; File s 2
R - ||| (Name)
q rr v Sets/returns the name of the object.
Ready Ln69 Col18 Ch12 INS

6. Build and run the application. To compile and link this project, select Build | Build
userguideexample. Then use Debug | Start Debugging to run the program. An output window like
the one below should appear.

R —
@ c\Program Files\Frontiine System\Salver Platform SCK\Eamples\C - Al rGuidebxample\Debug).. ==

Creating a Nonlinear Problem

1. Basic Steps. Follow the steps above in the section, Creating a New C++ Project. In this
example, we will name the function that will hold the nonlinear example, nonlinear().

2. Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear model
with two variables (x and y) and two constraints. The first constraint (x + y) forces the total of the
two variables to be equal tol and the second constraint (x * y)forces the product of the two
variables to be zero or larger. Both final variable values must be non-negative (0 or larger).
Minimize x"2 + y”"2
Subject To:

x + vy =1
X *Y >=0
X, y non-negative

To begin, we initialize the number of variables (nvars) and constraints (ncons).
int nvars = 2, ncons = 2;

Next, we create two arrays of size ncons (2 constraints) to hold the upper and lower bounds on the
constraint right hand sides. Notice the upper and lower bound of the first constraint is 1 to denote
an equality constraint. CConstants::PINF sets the upper bound of the second constraint to
positive infinity.

double ub constraints[2] = { 1.0, CConstants::PINF };

double 1lb constraints[2] { 1.0, 0 };

The next two lines of code create two arrays to hold the lower and upper variable bounds.
double 1b[2] { 0, 0 };
double ub[2] = { 1, 1 };

This next line of code (CProblem prob (Solver_Type_Minimize, nvars, ncons) creates an instance
of the CProblem class. There are two different constructors which create a Problem. The first
constructor (CProblem prob) will only create the problem. This constructor will not create any
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variable or function blocks or pass any additional information, such as whether you are solving a
minimization optimization, maximization optimization or simulation problem. If this constructor
is used, a user must either call prob.VarDecision.Size to automatically add a variable block or
create a variable block using CVariable vars(Variable_Type_Decision, L"vars", 1) where the first
argument is the variable type, the 2" argument is a name chosen by the user, and the third
argument is the size of the variable block. Additionally, the User must add the variable to the
problem by calling prob.Variables.Add(vars). This is true for functions as well. A user can either
add constraints automatically using prob.FcnConstraint.Size or create a function with CFunction
conl(Function_Type_Constraint, L"conl", 1) (where the first argument is the function type, the
2" argument is a name chosen by the user, and the third argument is the size of the function block)
and then calling prob.Functions.Add(conl) to add the function to the Problem.

The second constructor,which is used here, not only creates the Problem, but also passes the
Solver_Type, (Solver_Type_Maximize, Solver_Type_Minimize, or Solver_Type_Simulate) the
number of variables (nvars) and the number of constraints (ncons).

CProblem prob (Solver Type Minimize, nvars, ncons);
Here we pass the constraint upper (ub_constraints) and lower (Ib_constraints) bounds to the SDK,
prob.FcnConstraint.UpperBound = ub constraints;

prob.FcnConstraint.LowerBound = lb constraints;

following up with the variable upper (ub) and lower (Ib) bounds.

prob.VarDecision.UpperBound = ub;

1b;

prob.VarDecision.LowerBound

" UserGuideExample - Microsoft Visual Studio (Administrator,

File Edit View Project Build Debug Tools Test Window Help I
&5 b %|3- 1
UserGuideExample.cpp | Start Page - X | Selution Explorer > x
=N o
(Global Scape) ~ % wmain(int argc, TCHAR *[] argv) J2l2lEa
. . = UserGuideExample -
[3int nonlinear() — N
i ||| B ¥ Header Files L
5 = 5 - 5 i e [n] stdafxh
int nvars = 2, ncons = 2 :
double ub_constraints[2] = { 1.0, CConstants:;BINF }; ] targetver.h
double 1b_constraints[2] = { 1.0, 0}: i [ Resource Files -
double 1b[2] = { 0, O }; =]« n v
double ub[2] = { O, O }: Properties - ax
li VCCodeFuncti -
CProblem prob(Solver_Type_Minimize, nvars, ncons): noniinear oderunction
prob.FenConstraint.UpperBound = ub_constraints; B4
prob.FenConstraint.LowerBound = 1lb_constraints: = c\program file =
prob.VarDecision.UpperBound = ub; = R =5
prob.VarDecision.LowerBound = lb: (Name}
= ||| Sets/returns the name of the
g LI} b object.
Item(s) Saved Ln22 Coll Chl INS

Create the nonlinear evaluator. In a linear model or quadratic model, you typically supply the
Solver SDK with the objective and constraint coefficient matrices. The SDK can determine the
values of the objective and constraints by computing the sums of products of the variables with the
supplied coefficients. However, in a nonlinear model, the coefficients represent first partial
derivatives of the objective and constraints with respect to the variables, and these derivatives
change as the values of the variables change. Therefore, we must supply an evaluator to compute
the function (objective and constraint) values. This evaluator will be called at every iteration, to
compute the values of the objective and constraints, as well as to compute numerical derivatives, if
no Jacobian evaluator is supplied. (It is possible to pass these derivatives directly to the SDK
using the Eval_Type_Gradient evaluator. For more information on supplying this type of
evaluator , see the subheading Using a Gradient Evaluator to Provide First Order Partial
Derivatives in the chapter, Solver SDK Evaluators. )

We create and pass the evaluator of type Eval_Type_Function (as described above) to the SDK.
The name of this evaluator is evalNLP.

CNLPEvaluator evalNLP;
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prob.Evaluators[Eval Type Function].Evaluator = &evalNLP;

. UserGuideExampl
File Edit View Project Build Debug Tools Test Window Help
v E1 5 b 3 E % |3~
1] id .,.,*]/Stmpaga + 3 | Solution Explorer > 0%
= | & D
(Global Scope) ~ % wmain(int arge, TCHAR *[] argv) J=2lalEa
bt [T T N O S
||« I r
CHLPevaluator evalNLP: Properties > 1 x
prob.Evaluators[Eval Tvpe Function].Evaluator = &evalNLP; |
- - _ ||| nonlinear VCCodeFunction -
. i C BEIR
IntelliSense: No additional information available'  (see ‘Troubleshooting Intellisense in C++ Projects’ Ln22 Col 62 Ch59 INS

4. Write the nonlinear evaluator. Inside of the evaluator evalNLP, we first create a convenient
pointer, p, to the Problem,

CProblem& p = evaluator.Problem;

and another pointer, pVar, to the variables.

const double* pVar=p.VarDecision.Value;

Next, we obtain a pointer to the constraint functions and calculate the constraints.

double* pFcn=p.FcnConstraint.Value;
Here, we pass the first constraint, x +y,

pFcn[0] = pVar[0] + pVar[l];

and now the second constraint, x * y.

pFcn[1l] = pVar[0] * pVar[l];

Then we compute the objective function, x * x +y * .

p.FcnObjective.Value[p.ObjectivelIndex] = pVar[0] * pVar[0] +
pVar[l] * pVar[l];

Finally, we tell the SDK to continue optimizing by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the functions
(objective or constraints). The Large Scale GRG engine (within the Solver SDK Platform), the
GRG Nonlinear engine (within the Solver SDK Pro), and the Evolutionary engine (for solving
nonsmooth problems) will disregard the current point and continue solving.

return Engine Action Continue;

An alternative way to write this evaluator without using the p, pVar, and pFcn pointers is below.

class CNLPEvaluator : public IEvaluator
{
public:
virtual Engine Action Evaluate (CEvaluatoré& evaluator)
{
evaluator.Problem.FcnConstraint.Value[0] =
evaluator.Problem.VarDecision.Value[0] +
evaluator.Problem.VarDecision.Value[l];
evaluator.Problem.FcnConstraint.Value[l] =
evaluator.Problem.VarDecision.Value[0
evaluator.Problem.VarDecision.Value[l];
evaluator.Problem.FcnObjective.Value[0] = pVar[0] *
pvVar[0] + pVar[l] * pVar[l];
return Engine Action Continue;

] *
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}i
Our evaluator is complete. We will now finish the code inside of the nonlinear() function.

File Edit VWiew Project Build Debug Tools Test Window Help

- Start Page | solversdi.h” U idek: le.cpp + x| Solution Explorer -~ 1 x
- 2| & &
“I§ CNLPEvaluator v ¥ Evaluste(SolverPlatform:CEvaluator & evaluator) - BR(EA
C A U d B
E class CNLPEvaluator : public IEvaluator ||| & 5 HeaderFiles L
. - [1] Solversdkh = |
'Lpuhlic' (0] stdafxh L4
= virtual _Engine_Action Evaluate (CEvaluatora evaluator) lﬂ targetver.h
¢ (||~ L Resource Files
CProblema p = evaluator.Problem; i :n‘ [ Source Files . 4
const double* pVar = p.VarDeecision.Value: ‘
bo.}ble* pFcn = p.FenConstraint.Value; Properties >3 x

Evaluate VCCodeFunction -
pFen[0] = pVar([0] + pVar([1l];

@= [A
pFen[1l] = pVar[0] * pVar[ll]: E:E|J
(Mame) Evaluate o
evaluator.Problem.FcnObjective.Value[0] = pVar[0] * pVar[0] + pVar[l] * pVar[l]: Access public
return Engine Action_Continue; TR 3 -
L } (Name)
i = ||| Sets/retums the name of the
1 . | 3 object.
Item(s) Saved Ln73 Col9 Ch3 INS

5. Solve the nonlinear problem. Back inside the nonlinear() function, we provide the problem type
as nonlinear which directs the SDK to select the GRG engine to solve the model. Alternatively,
we also could have set the GRG engine manually (in either the SDK Platform or SDK Pro) by
calling: prob.Engine = prob.Engines.[Engines. GRGName];

prob.ProblemType = Problem Type OptNLP;
To solve the nonlinear optimization problem, we call:
prob.Solver.Optimize () ;

UserGuideExample - Microsoft =

File Edit View Project Build Debug Tools Test Window Help

Start Page b UserGui cpp ~ x| Solution Explorer -
=NpE &
(Global Scope) + @ nonlinear( . \ & | [E &S
=A U: idels
m o [% Ueadee Cilee
prob.ProblemType = Problem Type OptNLE: < [ ] »
//problem.Engines = problem.Engine.GRGHame; F Properties I
prob.Solver.Optimize () ; ||| nonlinear VCCadeFunction
M= =]
< m I D
Item(s) Saved Ln115 Col 52 Cha6 INS

6. Obtain the solution status and final answer. We obtain the solution status, along with the final
objective and variable values,

_Optimize Status status = prob.Solver.OptimizeStatus;
const double* objvalue = prob.FcnObjective.FinalValue;
const double* varvalue = prob.VarDecision.FinalValue;
and display them on the C++ console.

cout << "Status = " >> status << endl;

cout << "x1 = " >> varvalue[0] << endl;

cout << "x2 = " >> varvalue[l] << endl;

cout << "Obj = " >> prob.FcnObjective.FinalValue[O0]
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. UserGuideExample - Microsoft Visual Studio (Administrator] =P

File Edit View Project Build Debug Tocls Test Window Help

Start Page | solversdk.h UserGuideExample.cpp™ « x | Selution Explorer >3 x
2| 5| E &
(Global Scope) + @ nonlinear() S22 E A
- :E UserGuideExample -+

~||| & [ HeaderFiles

Optimize Status status = prob.Solver.OptimizeStatus;
- — ] SolverSdk.h

‘ const double* convalue = prob.FcnObjective.FinalValue:

o . 1 stdafeh v
const double* varvalue = prob.VarDecision.FinalValue; 4 - (ma b
s ]
cout << "Status = " << status << endl; R ——
cout 1 " << varvalue[0] << endl: nonlinear VCCodeFunction -

cout
cout

" << wvarvalue[l] << endl:
" << prob.FonObjective.FinalValue[0] << endl;

il m = (Name)
Satefratiene bhe name f tha nhi
Item(s) Saved Ln120 Coll Chl INS

7. Catch any errors. The catch statement will handle any exceptions.
Catch (CSolverException e)

cout << "Example 1" << endl;

cout << "Throws Exception " << endl;

cout << "Code = " << e.ErrorCode << endl;
cout << "Text = " << e.Description << endl;

return 1; }
.. ual St L@&Jj

W UserGuideExampl icrosoft

Eile Edit Miew Project Build Debug Tools Test Window Help
Start Page | solversdk.h UserGuideExample.cpp™ ~ » | Solution Explorer > 1 X
= | & | E &
(Global Scope) + @ nonlinear() J=El s B
—|| & UserGuideExample a
- = 7 Header Fil
catch(CSolverException &) - Iy Header Files
F 1] SolverSdich
cout << "Example 17 << endl; - 0] stdafch o
cout<< "Throws Exception" << endl;: “ n »
cout << "Code " << e.ErrorCode << endl; Properties ~ 1 x
cout << "Text = " << (e.Description) << endl:
return 1; ‘ i ! nonlinear VCCodeFunction -
return 0; =
L = ||| (Name)
« m r Sets/returns the name of the obj...
Item(s) Saved Ln120 Coll Ch1l INS

7. Build and run the application. To compile and link this project, select Build | Build

userguideexample. Then use Debug | Start Debugging to run the program. An output window like
the one below should appear.

e ——————=—=
B c\Program Files\Frontline Systems\Solver Platform SDK\Examples\C + +\UserGuideExample\Debug... E

Monlinear Example
Evaluation x1 @, Iteration
i Iteration
Iteration
Iteration

%2 = @, Iteration
= 1e-B@6, Iteration
x Iteration

Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
@.5, Iteration
BBEA1 . Iteration
8.5, Iteration 18
8.5, Iteration

=®
o

UL 00 00t b R Nk b

@ar oo

Iteration
8.5, Iteration 28
-~ Iteration
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Solving a Simulation Problem

1.

Basic Steps. Follow the steps in the chapter, Creating a New C++ Project. In this example, we
will name the function that will hold the simulation example, simulation().

Create a simulation problem. The simulation model that we will be solving in this example
contains two uncertain variables, x and y. The uncertain variable x has a uniform distribution with
a lower parameter of 0 and an upper parameter of 2. The uncertain variable y has a Normal
distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
functions. The first uncertain function is the total of the two uncertain variables. The second is
the product of the two uncertain variables.

Given two uncertain variables X and Y with distributions:
x = PsiUniform(0,2) and vy = PsiNormal (1,1)

Function[l]: x + vy

Function[2]: x * vy

To begin, we initialize the number of uncertain variables (nvars) and functions (nfcns).
int nvars = 2, nfcns = 2;

This example uses a correlation matrix which measures the degree to which the movements of the
two uncertain variables are related. This is optional. The correlation matrix is:

1.5
5|1

The correlation coefficients in the correl array are being passed row-wise.
double correl[] = { 1.0, 0.5, 0.5, 1.0 };

This next line of code (CProblem prob (Solver_Type_Simulate, nvars, nfcns) creates an instance
of the CProblem class. There are two different constructors which create a Problem. The first
constructor (CProblem prob) will only create the problem. This constructor will not create any
variable or function blocks or pass any additional information, such as whether you are solving an
optimization or simulation problem. If this constructor is used, a user must either call
prob.VarUncertain.Size to automatically add a variable block or create a variable block using
CVariable vars(Variable_Type_Uncertain, L"vars", 1) where the first argument is the variable
type, the 2" argument is a name chosen by the user, and the third argument is the size of the
variable block. Additionally, the User must add the variable to the problem by calling
prob.Variables.Add(vars). This is true for functions as well. A user can either add uncertain
functions automatically using prob.FcnUncertain.Size or create a function with CFunction
conl(Function_Type Uncertain, L"con1", 1) (where the first argument is the function type, the
2" argument is a name chosen by the user, and the third argument is the size of the function block)
and then calling prob.Functions.Add(con1l) to add the function to the Problem.

The second constructor,which is used here, not only creates the Problem, but also passes the
Solver_Type, (Solver_Type_Minimize, Solver_Type_Maximize, or Solver_Type_Simulate) the
number of variables (nvars) and the number of functions (nfcns).

CProblem prob (Solver Type Simulate, nvars, nfcns);
Next, we pass the distributions of the two uncertain variables, Uniform and Normal.
prob.Model.VarDistribution[0]

Distribution (L"PsiUniform(0,2)");
prob.Model.VarDistribution[l] = CDistribution (L"PsiNormal (1,1)");

Here we create a new double matrix of size nvars x nvars (2 x 2) to hold the correlation matrix.
We are passing the correl array row-wise.
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prob.Model.DistCorrelations =

CDoubleMatrix ( Array Order ByRow, nvars, nvars, correl );

UserGuideExample - Microsoft rator) LEL
File Edit View Project Build Debug Tools Test Window Help
Start Page | solversdk.h” UserGuideExample.cpp* + % [Solution Explorer -1 x
5 e
(Global Scope) ¥ ~Wsimulation() - E%l '3 | 5] -
Zu ideE; . p
int simulation i
ﬁ o 0 « ||| = 5 Header Files
Example program calling the Monte Carlo Simulation engine. - [1] solversdich
Given two uncertain variables X and ¥ with distributions: 1] stdafich E
¥ = PsilUnifeorm(0,2) and Y = PsilNormal(l,1) L] targetverh
Perform 10 trials and calculate the functions: 3 Resource Files
X+ ¥ = [ Source Files )
X ® Y m SolverSDK.lib
Lsy ¢+ stdafx.cpp 2
Try a n ] »
i Properties - Ix
int nvars = 2, nfcns = 2; . .
double correl[] = { 1.0, 0.5, 0.5, 1.0 }: ﬂ simulation VCCodefunction |5
CProblem prob(Sclver Type Simulate, nvars, nfcns); simulation -
prob.Model,VarDistribution[0] = CDistribution (L"PsiUniform(0,2)"); Gprogram "'Ef‘i‘
prob.HModel .VarDistribution[1] = CDistribution(L"PsiNormal (1,1)"); FullName simulation
Idnjected  False
prob.Model.DistCorrelations = felal =
ChoubleMatrix( Array Order ByRow, nvars, nvars, correl ): (Name)
| ||| Sets/returns the name of the
4 i | + object.
Ready Ln176 Col13 Ch4 INS

3. Create the simulation evaluator. When running a simulation, the evaluator Eval_Type_Sample
is called so the user can calculate the uncertain functions, much like Eval_Type_Function is called

to compute the objective function and constraints in a nonlinear optimization problem.

We create the Eval_Type_Sample evaluator (as described above) and pass the evaluator to the

SDK. The name of the evaluator is evalSim().
CSimEvaluator evalSim;

problem.Evaluators[Eval Type Sample].Evaluator = &evalSim;

File Edit View Project Build Debug Tools Test Window Help

prob.Evaluators[Eval Type Sample].Evaluator = & evalSim; [

< | m | 3

Start Page | solversdk.b UserGuideExample.cpp™ ~ x| Solution Explorer - 3%
5 &
(Global Scope) + % simulation{) . | RESH
< i |
CSimEvaluator evalSim; Properties ~ 1 x

simulation VCCodeFunction °

2= B LIEL

Ready Ln180 Col13

Ch4 INS

4, Write the simulation evaluator. Inside of the evaluator evalSim, we first create a convenient

pointer, p, to the Problem,

CProblem& p = evaluator.Problem;

and a second pointer, pVar, to the uncertain variable values.

const double* pVar = p.VarUncertain.Value;

Next, we create a pointer, pFcn, to the uncertain functions.

double* pFcn=p.FcnUncertain.Value;

We compute the uncertain function values given the current variable values.
pFcn[0] = pVar[0] + pVar[l];

pFcn([1] pVar[0] * pvVar[l];

Finally, we tell the SDK to continue simulating by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type_Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
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will indicate to the SDK that an error has occurred during the calculation of the uncertain

functions . The SDK will mark the current trial as an error trial and continue with the remaining
trials.

return Engine Action Continue;

An alternative way to write this evaluator without using the p, pVar, and pFcn pointers is below.

class CSimEvaluator

public IEvaluator

{
public:
virtual Engine Action Evaluate (CEvaluator& evaluator)
{
evaluator.Problem.FcnUncertain.Value[0] =
evaluator.Problem.VarUncertain.Value[0] +
evaluator.Problem.VarUncertain.Value[l];
evaluator.Problem.FcnUncertain.Value[l] =
evaluator.Problem.VarUncertain.Value[0] *
evaluator.Problem.VarUncertain.Value[l];
return Engine Action Continue;
}
}i

UserGuideExample - Mi

File Edit View Project Build Debug Tools Test Window Help

Start Page U i pp* ~ 3 | Solution Explorer
= | & &
g CSimEvaluator ~ “%Evaluate(SolverPlatform:CEvaluator & evaluator) - 23| Ea
FAu idek;
T |

Flclass CSimEvaluator
i
public:
= virtual _Engine Action Evaluate(CEvaluatoré evaluator)
{

public IEvaluator

CProblem& p = evaluator.Problem;
const double* pVar = p.VarUncertain.Value;
double* pFcn = p.FcnUncertain.Value;

pFenl0]
pFen[1]

= pVar[0] + pVar[l]:
= pVar[0] * pVar[l]:

return Engine Action Continue;

4 m

[ Header Files

i (1) SolverSdich
1] stdafuh
[n] targetver.h
[23 Resource Files
[ .

Properties

|| Evaluate VCCodeFunction

=]

- 3%

(Name)
Access

Evaluate
public

(Name)

T ||| Setsfreturns the name of the
3 object.

Ready

Ln 148

Coll

Chl INS

Our evaluator is complete. We will now finish the code inside of the simulation() function.

5. Solve the simulation model. Back inside the simulation() function, we call the following line of

code to run the simulation.

prob.Solver.Simulate() ;

al Studic (Administrator)
File Edit Miew Project Build Debug Tools Test Window Help
Start Page | solversdk.h UserGuideExample.cpp*

(Global Scope) - @ simulation()

prob.Solver.Simulate () ;

< n

Solution Explorer >3 x
EIRE =Y

4 " ] »
Properties - Ix

simulation VCCodeFunction -

o=[A1]I =

Ready

Ln 217

Coll

Chl INS

6. Obtain and display various simulation statistics. We obtain the simulation status.

_Simulate Status status =
cout << "Simulation Example" << endl;
cout <<

"Status = " << status << endl;

prob.Solver.SimulateStatus;
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cout << "Statistics on Uncertain Variables" << endl;

The next two lines of code create convenient pointers, VarStat for the uncertain variable statistics

and VarPct for the uncertain variable percentiles.

CStatistics VarStat

prob.VarUncertain.Statistics;

CDhoubleMatrix VarPct

prob.VarUncertain.Percentiles;

Display statistics for the two uncertain variables.

Calling the Solver SDK from C++

int 1i;
for (i = 0; 1 < nvars; i++)
{
cout << "Variable " << 1 << endl;
cout << " Minimum = " << VarStat.Minimum[i] << endl;
cout << " Maximum = " << VarStat.Maximum[i] << endl;
cout << " Mean = " << VarStat.Mean[i] << endl;
cout << " StdDev = " << VarStat.StdDev[i] << endl;
cout << " Variance = " << VarStat.Variance[i] << endl;
cout << " Skewness = " << VarStat.Skewness[i] << endl;
cout << " Kurtosis = " << VarStat.Kurtosis[i] << endl;
cout << " 10th Percentile = " << VarPct.Value[i][10] << endl;
cout << " 90th Percentile = " << VarPct.Value[i][90] << endl;
}
UserGuideExample - Microsoft ratar) (Eh
File Edit View Project Build Debug Tools Test Window Help
~ Start Page[solversdk.b) UserGuideExample.cpp* « 3 | Solution Explorer >~ 31X
(Global Scope) « =& simulation() - ng El “f'“
Simulate Status status = prob.Solver.SimulateStatus; o [ HeaderFiles
= - [n] SolverSdk.h
cout << "Simulation Example” << endl; ‘ﬂ stalafih
cout << "Status = " << status << endl; : D\Rﬂ ta’ge“:"h
cout << "Statistics on Uncertain Variables" << endl; E| l_jSourca Files
"Q SolverSDK.lib
CStatistics VarStat = prob.VarUncertain.Statistics; G4 stdafr.cpp
CDhoubleMatrix VarPct = prob.VarUncertain.Percentiles; ¢+ UserGuideExample.cpp
int i
far (i = 0; i < nvars; i++) Properties >3 x
¢ " " . R simulation VCCodeFunction -
cout << << 1 << endl;
cout << " = " ¢¢ VarStat.Minimum[i] << endl; E‘=- =
cout << " = " ¢ VarStat.Maximum[i] << endl; i (Name) simulation P
cout << " = " ¢¢ VarStat.Mean[i] << endl: |=| = S
cout << " 5 = " << VarStat.StdDev[i] << endl; B file & ”‘Cg'amf”&,
cout << " Variance = " << VarStat.Variance[i] << endl; FullNzme simulation 3
cout << " Skewness = " << VarS5tat.Skewness[i] << endl; Islnjected False L4
cout << " Kurtosis = " << VarStat.Kurtosis[i] << endl; Llnline False
cout << " 10th Percentile = " << VarPct.Value[i][10] << endl; IsOverloaded False i
cout << " 20th Percentile = " << VarPct.Value[i][30] << endl;
} (Name)
= ||| Sets/returns the name of the
m ] ’ object.
Ready Ln183 Coll Chl INS
Here we create two more pointers, FcnStat and FcnPct. FenStat is a pointer to the uncertain
function statistics and FcnPct is a pointer to the uncertain function percentiles.
cout << endl << "Statistics on Uncertain Functions" << endl;
CStatistics FcnStat = prob.Functions[0].Statistics;
CDhoubleMatrix FcnPct = prob.Functions[0].Percentiles;
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Display statistics for the uncertain functions.

for (i = 0; i1 < nfcns; i++)

cout << "Functio
cout << "Minimum
cout << "Maximum
cout << "Mean
cout << "StdDev
cout << "Varianc
cout << "Skewnes

cout << "Kurtosi

cout << "10th Percentile

cout << "90th Percentile = " << FcnPct.Value[i][90]

n " << i << endl;

e =

S

S

<< FenStat.Minimum([i]
<< FecnStat.Maximum([i]
<< FcnStat.Mean([i]
<< FcnStat.StdDev([i]
<< FcnStat.Variance[i]
<< FcnStat.Skewness[i]

<< FcnStat.Kurtosis[i]

" << FcnPct.Value[i] [10]

<< endl;

<< endl;

<< endl;
<< endl;

<< endl;

<< endl;

<< endl;

File Edit View Project Build Debug Tools Test Window Help

cout << "Variance
cout << "Skewness
cout << "Kurtosis
cout << "10th Percentile
cout << "90th Percentile

"<
"<
"<

FonStat.Variance[i] << endl;
FonStat.Skewness[i] << endl;
FenStat.Kurtosis[i] << endl;
= " << FonPct.Value[i] [10] << endl;
= " << FcnPct.Value[i] [90] << endl:

<

.

Start Page | solversdich UserGuideExample.cpp* ~ % [Solution Explorer -1 x
EARE e
(Global Scope) - % simulation) &2 EA i
Z i 1 o
cout << endl << "Statistics on Uncertain Functions" << endl; @ o
~||| & [& Header Files
i [ |
CStatistics FenStat — prob.Functions[0].Statistics; (1] SalverSdkh =
CDoubleMatrix FenPot = prob.Functions[0].Percentiles; - 0] stdafxh
- h] targetver.h
for (i = 0; i < nfcns; i++) i [ Resource Files
{ B [ Source Files
cout << "Function " << i << endl; 5 . #ed ﬁrr"\ruwﬁnwhh
cout << "Minimum " << FenStat.Minimum[i] << endl;
cout << "Maximum " << FenStat.Maximum[i] << endl: Properties -1 x
cout << "Mean " << Fenstat.Mean[i] << endl; simulation VCCodeFunction
cout << "StdDev " << FcnStat.5tdDev[i] << endl:

simulation

FullName simulation

c\program fl\&“]l

(Name)
Sets/returns the name of the
object.

Ready

Ln183 Coll

Ch1l INS

7. Catchany errors. The catch statement will handle any exceptions.

catch (CSolverException e)

{

cout << "Simulation Example" << cout;

cout << "Throws
cout << "Code =
cout << "Text =

return 1;}

Exception" << cout;

" << e.ErrorCode << cout;

" << e.Description << cout;
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File Edit View Project Build Debug Tools Test Window Help
Start Page | solversdk.h UserGuideExample.cpp ~ X | Solution Explorer > 1%
= | | E &
(Global Scope) ~ Wsimulation( L=l E S
. (7 UserGuideExample P
catch (CSolverException e) — b
¢ - =1~ |7 Header Files
cout << "Example 17" << cout; (] SolverSdk.h |
cout << xception” << cout; ] stdafich E
cout << << e.ErrorCode << cout; : 1] targetverh
cout << "Text = " << e.Description << cout; - [ Resource Files
return 1; =1+ |7 Source Files
H - %4 SolverSDK.lib
zerura 02 P cax
7 ||| simulation VCCodeFunction -
< m b
= [A]
Ttemn(s) Saved Ln 210 Coll Ch1 INS

8. Build and run the application. To compile and link this project, select Build | Build
userguideexample. Then use Debug | Start Debugging to run the program. An output window like
the one below should appear.

e —
E® c\Program Files\Frontline sttams\Salver Platform SDK\BoamE]es\C++\UserGu|deB¢ample\Debug\.‘. = Eh
Simulation Example -
” .
on Uncertain Uariahles
Mininun = B.000234428
Maximum = 1.99822
= 1.08084
8.57764
B.333668
-B08129764
-20361

ti -
?@8th Percentile = 1.79961
UVariable 1
Mininum = -2.45391
Maximum = 3.18373

0016
-86759284
- -0.8262772
1@th Percentile = —B.27724
?@8th Percentile = 2.28847

9ath Percentile = 3.77204

Function 1

F8th Percentile = 3.42668

C/C++ Source Code

The source code file StandardExamples.cpp (installed into C:\Program Files\Frontline Systems\Solver
SDK Platform\Examples\C++\Standard Examples) contains over thirty examples of how to solve
linear, integer, quadratic, nonlinear, nonsmooth, Monte Carlo simulation and simulation optimization
programming problems. The list below gives a brief explanation of each example problem.

You can easily open and run each example by opening Visual Studio, clicking File | Open Project,
browsing to C:\Program Files\Frontline Systems\Solver SDK Platform\Examples\C#\Standard
Examples and opening the file, StandardExamples-VS2003.sIn (for Visual Studio 2003),
StandardExamples-VS2005.sIn (for Visual Studio 2005), StandardExamples-VS2008.sIn (for Visual
Studio 2008) or StandardExamples-VS2010.sIn (for Visual Studio 2010). To run the example, go to
Debug | Start Debugging in Visual Studio.

1. Linear Programming Example (Dense Matrix)
e  Simple two-variable LP problem which passes a dense constraint matrix "row-wise".

2. Integer Linear Programming Example (Dense Matrix)
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10.

11.

12.

13.

14.

15.

16.

17.

e  Simple MIP problem, identical to the previous LP problem except that the decision variables
are required to have integer values and the coefficients are passed column wise.

Markowitz Optimization with QP Solver

e Quadratic programming problem, using the classic Markowitz method to find an efficient
portfolio of five securities.

Nonlinear programming with GRG engine

e Simple two-variable nonlinear optimization problem, which defines an evaluator of type
Eval_Type_Function to compute the problem functions.

Non-Linear Programming with Evolutionary engine

e Finds the global optimum of a classic two-variable problem, the Branin function, which has
three local optima.

Non-Linear Programming with the GRG engine using Gradients

e Identical to example 5, except that an evaluator of type Eval_Type_Gradient is also defined,
to give the SDK faster and more accurate partial derivatives of the problem functions.

Markowitz Optimization with SOCP Solver

o Identical to example 3, except that the AllGradDepend method is used to pass objtype and
matvaltype arrays to the SOCP engine.

Quadratically Constrained Programming with SOCP Solver

o Similiar to examples 3 and 7, except that the objective maximizes the return.
Exception Handling Example

o lllustrates how to "catch" an exception.

Reading an MPS, OSiL or Excel File

e Example shows how a problem can be loaded from a text file.

Markowitz Optimization using Hessians

e Identical to examples 3 and 6, except that an evaluator of type Eval_Type Hessian is defined
to give the SDK faster and more accurate second order derivatives of the problem functions.

Second order Cone programming Example

e Simple example of a problem with two cone constraints.

Integer Programming with All-Different Constraint

e Similar to example 1 and 2 with an added All-Different Constraint.
Linear Programming Infeasibility Diagnosis Example

o  Attempts to solve a linear problem that is infeasible, then it uses the IIS finder to diagnose the
infeasibility.

Illustrating Multiple Solutions

o  Example illustrates how a user can access all incumbent solutions that the SDK finds during
the optimization.

Linear Programming with Sparse Matrix
o  Example illustrates how to pass a sparse matrix.
Simulation Example

o  Example program calling the Monte Carlo simulation engine.

70 o

SDK User's Guide



18.

19.

20.

21.

22.

23.

24,

25.

26.

217.

28.

29.

30.

31.

32.

Simulation Example with Distribution Fitting
o Illustrates how to fit a distribution to a dataset.
Creating a Problem Object
o Example illustrates two different methods of creating the CProblem object.
Adding Variable and Function Blocks
e This example illustrates the use of pointers to create a CProblem object.
Creating a vector of Problem Objects
e Creates a vector of problem objects, each with 2 vars and 4 fcns.
Note: This example only will work if multiple licences for the Solver SDK Platform exist.
Traveling Salesman Problem 1 [All-Different Constraint]
o Example models the Traveling Salesman Problem using an All-Different Constraint.
Traveling Salesman Problem 2 [Multiple All-Different Constraints]

e This example is identical to Example 22, but this example models four decision variables
using four blocks of variables, each of size 1.

Simulation Example 2

e  This example illustrates the use of the Truncate function to define the uncertain distributions;
it also illustrates the use of a simple binary search as an alternative to the PsiTarget function.

Simulation Example 3

e This example is similar to example24; the difference lies in how we model the variables and
the uncertain functions. In this example, we create a single block of 2 variables, and just 1
uncertain function block with 100 functions.

Simulation Rank Correlations Example
o Example illustrates how to specify a correlation matrix.
Optimization within Simulation Example

e In this example we find the optimal order quantity automatically, by embedding an
optimization problem inside each trial of a simulation problem.

Simulation within Optimization Example

e In this example, which is similar to example 27, we find the optimal order quantity by
embedding a simulation problem inside of an optimization problem.

Simulation Optimization using SIP/SLURP

e Example generates a sample of demand and price (the uncertain variables) in the main
program, stores these sampled values in appropriate arrays, then uses these values to compute
the constraints and the objective of the optimization problem in the Evaluator.

Sodoku with All-Different Constraints
Constructs 3 arrays of variable objects each representing 9 blocks of variables, where each block
will contain 9 variables.

Simulation Statistical Functions Example
o lllustrates the different statistical functions that are supported for uncertain variables.
PSD Correlation Matrix Example

e This example demonstrates using a correlation matrix to correlate input uncertain variables.
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There are five additional examples installed into the C++ Examples directory. You can run each of
them, by opening Visual Studio and the appropriate solution file inside of each directory described
below.

1. CollegeFundModel

e  This example illustrates how to load and solve a model from an Excel workbook that contains
a Solver simulation model. The simulation predicts the amount of funds needed to cover
college tuition.

2. CutStock

e A cutting stock problem involves allocating space on large sheets of paper or timbers to be cut
into smaller pieces to meet demand while minimizing waste.

3. Portfolio

e An example that uses the Markowitz method to obtain the best combination of stocks to
minimize the variance of the portfolio given a return.

4.  ProductMix

e  This example demonstrates how to load and solve a model from an Excel workbook that
contains a Solver optimization model.

5. TSP

e This example uses the Evolutionary Engine to solve a classic Traveling Salesman Problem.
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Calling the Solver SDK from .NET

Introduction

This chapter details the steps required to compile, link and run a simple linear, nonlinear, and
simulation example using the Solver SDK using 32-bit Microsoft Visual Studio .NET (C# and F#).
VS2008 is used to illustrate how to call the SDK using C# and VS2013 is used to illustrate how to call
the SDK using the F# wrapper. The steps required for additional Microsoft Visual Studio .NET
languages, such as VB.NET, will be similar. Important note: The F# wrapper can be called through
VS 2012 or VS 2013.

Creating a New C# Project

First, follow the steps in the "Installation"” chapter, which will install all required SDK files, including
Example files, into the Frontline Systems directory located at C:\Program Files.

1. Create a new project. Start Microsoft Visual Studio, select File | New Project, select C# on the
left of the dialog and Windows Forms Application from the right of the dialog under Templates.
Type a name of your choice in the Project name field, and then click OK.

e .
Project types: Templates: -NET Framewaork 3.5 'El
| Reporting || visual Studic installed templates

Test ,

x ot =
wer oM = 2 2 &
Workflow Windows  Class Library ~ ASP.NET ~ ASP.NET WPF WPF Browser

Other Languages Forms Ap... Web Appl.. Web Servi.. Application Application
Visual C#
=ch cf el o ‘j
% —t C s =
Windows 3 [z <y @ ES =
Web Console Excel 2007 Outlook 2007 WCF Service  Word 2007 Windows
Smart Device _ ||| Application Workbook ~ Add-in  Applicstion Document  Forms..
Office 3
Database My Templates
Reporting
Test [
WCF Search
Warkflow Online Te...
Visual C++ i

A project for creating an application with a Windows Forms user interface (.NET Framework 3.5)

Name: MName of Your Choice

A new form will open. Construct a form of your choice using the Visual Studio Toolbox. In this
example, the simple form shown below will be referenced.
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5 Example (]

Solve
Nonlinear

Solve

Saelaeay Simulation

2. Set areference and add an (optional) directive. In order to access the methods and properties
in the Solver SDK, you must set a reference. The SDK itself is a C++ unmanaged code DLL, but
we can set a reference to a "wrapper" DLL. During installation of the SDK, three .NET DLLs are
installed into the Bin directory located at C:\Program Files\Frontline Systems\Solver SDK
Platform: SolverSDKNET12.dll for .NET1.1, SolverSDKNET20.dll for NET 2.0/3.0/3.5 and
SolverSDKNET40.dIl for .NET4.0. After you set the appropriate reference (depending on your
version of .NET), your C# code will call the .NET DLLwhich in turn will call the SolverSDK.dII.
At runtime, the SolverSDKNETXX.dII must be able to find the SolverSDK.dIl. Simply copying
the SolverSDK.dII into the same directory as the SolverSDKNETXX.dII will ensure that the
SolverSDK.dII is found.

To add a reference, click References in the Solution Explorer and select Add Reference. Select
Browse, browse to C:\Program Files\Frontline Systems\Solver SDK Platform\Bin, select the
appropriate SolverSDKNetXX.dll and press OK.

" Add Reference

| NET [COM | Projects| Browse |Recent|

Look in: Bin

Name Date modified Type
MATLAB

= Fimutil.exe

A SolverLicMan.exe

%] SohverSDK.dII

% SohverSDKMet11.dil
i %) SolverSDKMet20.dlI

%] SohverSDKMet40.dIl

File name SolverSDKNet20 dil

Files of type: | Component Files {*.dll:” tlb;” olb;” ocx;” exe;” manifest) ']

|| cancel |

Adding the directive, using SolverPlatform, is optional in C#. If you choose to forgo the directive,
then you must add "SolverPlatform" to the beginning of each SDK function call. For example:

using (SolverPlatform.Problem prob = new
SolverPlatform.Problem())

SolverPlatform.DoubleMatrix objcoeff = new
SolverPlatform.DoubleMatrix (1, nvars);

prob.Solver.SolverType = SolverPlatform.Solver Type.Maximize;
prob.Model.AllLinear [SolverPlatform.Function Type.Objective] =
objcoeff;

prob.Model.AllLinear [SolverPlatform.Function Type.Constraint] =
concoeff;

This example uses the using SolverPlatform directive which is shown in the screenshot below.
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e -Ha | s pBR|BE2|9-0-8-3|r 1@ EEEQF@ERBA0B86%|08 1
| | Tl oz s, sile|mh
" Forml.cs@ ~ 3  Solution Explorer -1 x
“t¢ UserGuideExample.Forml v &¥buttonNonlinear_Click(object sender, EventArgs &) - & =]
Slusing System: (£ UserGuideExample
using System.Collections.Generic: E 54| Properties
using System.ComponentModel; ‘g‘ =1
using System.Data; (= ;orml.cs )
using System.Drawing; #] Forml.Designer.cs
using System.Ling: ] Forml.resx

using System.Text; ‘.. €] Program.cs

using System.Windows.Forms: g Solution Explo... |_‘jnm Sources
using SolverPlatform:

Properties - Ix
D namespace UserGuideExample

{

Forml : Form

A=t

public partial class
{

public Forml ()
{
InitializeComponent (};

H

4 I »

Ready

From here you can solve either a linear, nonlinear, or simulation model. For more details on each,
please read on.

Creating a Linear Model

1. Firststeps. Follow the steps in the section, Creating a New C# Project, and then double click on
the SOLVE LINEAR button. Doing so will open the buttonLinear_Click event which is where we
will write our code to solve the linear optimization problem.

UserGuideExample - Microsoft rator (=
File Edit View Refactor Project Build Debug Data Tools Test Window Help
Forml.cs [Design] | ClassDiagraml.cd! Forml.Designer.cs” FOrml.cs| Start Page | + x |Solution Explorer - 1x
N (& =
“ UserGuideExample.Forml v @¥buttonLinear_Click_1(object sender, EventArgs €) - 2EEHE&
= U id a
public Formi () J o
{ - [=d Properties [
InitializeComponent () ; I =1 Refﬁfer_wes L
¥ | &) ClassDiagraml.cd
& [F Forml.cs -
private void buttonLinear Click 1(object sender, Eventirgs e) Properties ~ 1 x
{ -
2 i w || =EE
Ready Lng0 Coll Chil NS

2. Create the linear model. In this section, we will solve a linear optimization problem with two
variables (x1 and x2) and three constraints. Both final variable values must be zero or larger.

Maximize 2 x1 + 3 x2
Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50
x1, x2 non-negative

To begin, the example code first initializes two variables, nvars and ncons, to pass the number of
variables and constraints in the model.

int nvars = 2;

3;

int ncons

The next few lines of code set up the objective and constraint coefficient matrices using two
separate double matrices: objcoeff — for the objective coefficients and concoeff - for the constraint
coefficients. Since there is only one objective, we pass the double matrix, objcoeff, of size nvars
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(number of variables) x 1 for the objective coefficients and the second double matrix, concoeff, of
size nvars x ncons (number of constraints) for the constraint coefficients. Notice that we are
using NZBgn() and NZEnd() when passing the constraint matrix (concoeff) as explained in the
subsection Passing Sparse Matrices in the chapter Designing Your Application. As a result, the
Solver SDK will not update the concoeff DoubleMatrix object until NZEnd() is executed.

DoubleMatrix objcoeff = new DoubleMatrix(l, nvars);
objcoeff [0, 0] = 2;

objcoeff [0, 1] = 3;

DoubleMatrix concoeff = new DoubleMatrix (ncons,nvars);
Concoeff.NZBgn () ;
concoeff[0, 0] =

concoeff [0, 1] =

~.

concoeff[1,

concoeff[l, 1] =

~.

concoeff[2, 0] =

~.

o
Il

= 0 J o o
~.

(@)
~.

concoeff[2, 1] =
concoeff.NZEnd () ;

Next, we create an array to hold the upper bounds of the constraint right hand sides.
double[] ub_constraints = { 54, 42, 50 };

This next line of code (using (Problem prob = new Problem()) creates an instance of the
CProblem class. There are two different constructors which create a Problem. The first
constructor (Problem prob = new Problem()) will only create the problem. This constructor will
not create any variable or function blocks or pass any additional information, such as whether you
are solving a minimization optimization, maximization optimization or simulation problem. If this
constructor is used, a user must either call prob.VarDecision.Size to automatically add a variable
block or create a variable block using Variable vars(Variable_Type Decision, "vars", 1) where
the first argument is the variable type, the 2" argument is a name chosen by the user, and the third
argument is the size of the variable block. Additionally, the User must add the variable to the
problem by calling prob.Variables.Add(vars). This is true for functions as well. A user can either
add constraints automatically using prob.FcnConstraint.Size or create a function with Function
con1(Function_Type_ Constraint, "con", 1) (where the first argument is the function type, the 2"
argument is a name chosen by the user, and the third argument is the size of the function block)
and then calling prob.Functions.Add(con) to add the function to the Problem.

The second constructor, not only creates the Problem, but also passes the
Solver_Type,(Solver_Type.Minimize, Solver_Type.Maximize or Solver_Type.Simulate) the number
of variables (nvars) and the number of constraints (ncons). An example of the second constructor
is: using (Problem problem = new Problem(Solver_Type.Maximize, nvars, ncons)). Note that we
are utilizing the C# using statement which allows all properties/methods/functions under the
CProblem class to be available for the remainder of the Problem.

using (Problem prob = new Problem())

These two lines of code pass the number of decision variables (prob.VarDecision.Size = nvars)
and constraints (prob.FcnConstraint.Size = ncons) that are included in the model.

prob.VarDecision.Size = nvars;

prob.FcnConstraint.Size = ncons;
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As mentioned above, we could have added the variables using the two lines of code below. The
first line of code creates a variable block of type Variable_Type_Decision, names the block "vars
and then sets the size of the block to 2. The second line of code adds the vars variable block to
the Problem.

Variable vars (Variable_Type_Decision, "vars",2);
prob.Variables. Add(vars);

In addition, we could have added the constraints using the two lines of code below. The first line
of code creates a function block of type Variable_Type Constraint, names the block “cons" and
then sets the size of the block to 3. The second line of code adds the cons function block to the
Problem.

Function cons (Function_Type_Constraint, "cons",3);

prob.Functions.Add(cons);

To tell the SDK to maximize the model, we use the line of code below. Alternatively,
Solver_Type_Minimize will result in the model being minimized.

prob.Solver.SolverType = Solver Type.Maximize;

We pass the ub_constraints array to the SDK. Recall that this array holds the upper bounds of the
constraint right hand sides.

prob.FcnConstraint.UpperBound = ub constraints;
To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:

prob.VarDecision.NonNegative () ;

In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code
on how to pass upper and lower variable bounds to the SDK.

W UserGuideBxample - Microsoft Visual Studio (Admini:

File Edit View Refactor Project Build Debug Data Tools Test Window Help

Forml.cs [Design]” | ClassDiagraml.cd| Forml.Designer.cs” Forml.cs”| Start Page | ~ x | Solution Explorer - ax
i | 3 [E =
‘T3 UserGuideExample.Forml ~  &¥buttonLinear_Click_L(object sender, EventArgs €] 2| S E|EEA
try 1 E UserGuideExample

[=d| Properties
|3 References
1) ClassDiagraml.cd
] Forml.cs
. %] Farml.Designer.cs
- % Forml.resx
i ] Program.cs

{
int nvars = 2;
int ncons = 3;

DoubleMatrix cbjcoeff = new DoubleMatrix(l, nvars);
objcoeff[o, 0] = 2:
objecoeff[0, 1] = 3;

[Lom

DoubleMatrix concoeff = new DoubleMatrix(ncons, nvars):

concoeff.NZEgn ()

concoeff[0, 0] = 9;

concoeff[0, 1] = &

concoeff[l, 0] = &:

concoeff[1, 1] = 7;

concoeff[2, 0] = 5; R ——

concoeff[2, 1] = 10:

concoeff .NZEnd () ; =
=

doukle[] ub_constraints = { 54, 42, 50 };

using (Problem prob = new Problem())
i
prob.VarDecigion.5ize = nvars;
prob.FenConstraint.5ize = ncons;

prob.Solver.SolverType = Solver Type.Maximize;

prob.FenConstraint . UpperBound.Array = ub_constraints:
prob.VarDecision.NonNegative () ;

4 i [}

Build succeeded Ln 63 Col 21 Ch2l

3. Call AllLinear functions and solve the linear model. The line of code,
prob.Model.AllLinear[Function_Type.Objective], passes the objective coefficient matrix and
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prob.Model.AlLinear[Function_Type.Constraint] passes the constraint coefficient matrix created
and initialized above. Calling prob.Model.AllLinear sets the problem type to “linear"
(Problem_Type.OptLP) and will automatically select the best linear engine to solve the problem.
If no additional Large Sclae "plug in" engines have been added, then the LP/Quadratic engine will

be selected.

prob.Model.AllLinear[Function Type.Objective]
prob.Model.AllLinear[Function Type.Constraint]

Solve the optimization model by calling:
problem.Solver.Optimize () ;

UserGuideExample - Mi rator]

File Edit Wiew Project Build Debug Data Tools Test Window Help

objcoeff;
concoeff;

Forml.wb Start Page ~ ¥ | Solution Explorer ~ 1 x
2|3 E B &
% MLPEvaluator + 7 Onkvaluate R 2E EE&
U idek: I
i [l My Project
' linear model: we pass the coefficients for the objective function(s) g _—j‘Fy 'IUJEb
prok.Model,Alllinear (Function Iype.Cbjective, Variable Type.Decision) = objcoeff 5] Form_.vi
[
' linear model; we pass the coefficients for the constraint function(s)
prob.Model.AllLinear (Function Type.Constraint, Variable Type.Decision) = concoeff Properties -1 x
prob.Solver.Optimize () 'splve model NLPEvaluator_OnEvaluate Attributes =
T == [a
< . v ;:‘ =]

Ready

Ln91 Col 23 Ch23 INS

4.

the final objective and decision variable values,

Optimize Status status = prob.Solver.OptimizeStatus;

double[]
double[]
and use message boxes to display the answer.

MessageBox.Show ("Optimize Status =
MessageBox.Show ("x1 = " + varvalue[0] + " x2 =
MessageBox.Show ("Objective = " + objValuel0]);

UserGuideExample - Mis istrator’

Eile Edit Miew Refactor Project Build Debug Date Tools Test Window Help

Start Page | Forml.cs [Design]* | ClassDiagraml.cd | Forml.Designer.cs’ Formles®

" 4+ status);

Obtain and display the solution to the linear model. We obtain the solution status along with

varvalue = prob.VarDecision.FinalValue.Array;

objValue = prob.FcnObjective.FinalValue.Array;

+ varvalue[l]);

+ % [Solution Explorer

“ UserGuideExample.Forml

+  @¥buttonLinear Click L{object sender, EventArgs ]

Optimize Status status = prob.Solver.OptimizeStatus:
double[] wvarvalue = prob.VarDecision.FinalValue.Array:
|do.n:1e[] objValue = prob.FcnObjective.FinalValue.Array;

[=2

|| @ [l Properties |
G- [ References

=) ClassDiagraml.cd
e [

~ 1 x

RISEIEELS

]

P rti - x
"Optimize Status = " + status): roperaes v
"Objective = " + objValue[0]);
"kl = " 4 varvalue[0] + " x2 = " 4 varvalue[ll); ey
3 Fe .| =l
i -
4 . +
Item(s) Saved Ln71 Col21 Ch2l INS

5.

Catch any errors. The catch statement handles any exceptions.
catch (SolverException ex)

{

MessageBox.Show ("Exception " + ex.ExceptionType + "\r\n" +

"Exception " + ex.Message,

}

"SDK Exception Occurred");
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UserGuideExample - Microsoft Visual Stud

File Edit VWiew Refactor Project Build Debug Data Tools Test Window Help

Forml.cs [Design] | ClassDiagramil.cd| Forml.Designer.cs” Forml.cs| Start Page + x| Solution Explarer -1 x
L&l EEE A
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- [=d Properties

[«3] References

i |8 ClassDiagrami.cd
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Properties -3 x
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Ready Ln79 Coll Ch1 INS

6. Build and run the application. To compile and link this project, select Build | Build
UserGuideExample. Then use Debug | Start Debugging to run the program. Press the command
button Solve Linear to solve the linear optimization example.

Creating a Nonlinear Problem

1. Basic first steps. Follow the steps above in the section, Creating a New C# Project, and then
double click on the SOLVE NONLINEAR button. Doing so will open the buttonNonlinear_Click
event which is where we will write our code to solve the nonlinear optimization problem.

. UserGuideExample - Microsoft Visual

File Edit Wiew Refactor Project Build Debug Data Tools Test Window Help

Start Page [ Forml.cs [Design]” CI.asleagraml.cdrForml.Dengner.g/ Fﬂf"‘lﬂ'} ~ X | Solution Explorer - ax
DE B &
“§ UserGuideExample.Forml + 3¥buttonNonlinear_Click(object sender, EventArgs € - 2EBEA

E UserGuideExample
=d Properties
i References

»

private void buttonNonlinear Click(object sender, Eventirgs e)

‘ (|| & ClossDicgrami.cd
=l & E FormLes
A roamoo
Properties - Ix
O n b @=[A]]
Ready Ln129 Col13 Chi13 INS

2. Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear model
with two variables (x and y) and two constraints. The first constaint (x + y) forces the total of the
two variables to equal to 1 and the second constraint (x * y) forces the product of the two variables
to be greater than zero. Both final variable values must be zero or greater.

Minimize x"2 + y”"2
Subject to:

x +y =1

x *y >0

X, y are non-negative

First, we initialize the number of variables (nvars) and the number of constraints (ncons).
int nvars = 2, ncons = 2;

Next, we create two arrays of size ncons (2 constraints) to hold the upper and lower bounds on the
constraint right hand sides. Notice that the upper and lower bound of the first constraint is 1 to
denote an equality constraint. Constants.PINF sets the upper bound of the second constraint to
positive infinity.

double[] ub constraints = { 1.0, Constants.PINF };
{ 1.0, 0 1}

double[] 1lb constraints

The next two lines of code create two arrays, Ib and ub, to hold the lower and upper variable
bounds, respectively.

double[] 1b = { 0, 0 };
double[] ub = { 1, 1 };
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This next line of code (Problem prob = new problem(Solver_Type.Minimize, nvars, ncons)))
creates an instance of the Problem class. There are two different constructors which create a
Problem. The first constructor (Problem prob = new Problem()) will only create the problem.
This constructor will not create any variable or function blocks or pass any additional information,
such as whether you are solving a minimization optimization, maximization optimization or
simulation problem. If this constructor is used, a user must either call prob.VarDecision.Size to

automatically add a variable block or create a variable block usingCVariable

vars(Variable_Type_Decision, "vars", 1) where the first argument is the variable type, the 2"
argument is a name chosen by the user, and the third argument is the size of the variable block.
Additionally, the User must add the variable to the problem by calling prob.Variables.Add(vars).
This is true for functions as well. A user can either add constraints automatically using
prob.FcnConstraint.Size or create a function with Function con1(Function_Type_ Constraint,
"con", 1) (where the first argument is the function type, the 2" argument is a name chosen by the

user, and the third argument is the size of the function block) and then calling
prob.Functions.Add(con) to add the function to the Problem.

The second constructor, as shown here, not only creates the Problem, but also passes the
Solver_Type,(Solver_Type.Minimize, Solver_Type.Maximize or Solver_Type.Simulate) the number
of variables (nvars) and the number of constraints (ncons). Note that we are utilizing the C#
using statement which allows all properties/methods/functions under the CProblem class to be

available for the remainder of the Problem.

using (Problem prob = new problem(Solver Type.Minimize, nvars,

ncons) )

Here we pass the constraint upper and lower bounds to the SDK,
prob.FcnConstraint.UpperBound.Array = ub_constraints;
prob.FcnConstraint.LowerBound.Array = lb constraints;

following up with the variable upper and lower bounds.

prob.VarDecision.UpperBound.Array = ub;

prob.VarDecision.LowerBound.Array = lhs;

1 UserGuideExample - Microsoft Visual Studio [Administrator
File Edit View Refactor Project Build Debug Data Tools Test Window Help
Start Page | Forml.cs [Design]* | ClassDiagraml.cd| Forml.Designer.cs” Forml.cs”

i UserGuideExample.Forml * 4¥buttonlinear_Click_1(object sender, EventArgs €)
try
{

int nvars = 2, ncons = 2;

double[] ub_constraints

Constants.PINF };
deuble[] lb comstraints 1

o
oo
o

double[] 1b
double[] ub

double[] initial = { 1, 1 }:

using (Problem prob = new Problem(Solver Type.Minimize, nvars, ncons))
{
prob.FenConstraint.UpperBound.Array = ub_constraints;
prob.FenConstraint.LowerBound.Array = 1b_constraints:

prob.VarDecision.UpperBound.Array = ub;
prob.VarDecision.LowerBound.Array = 1b;
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- %] Forml.Designer.cs
- % Forml.resx
] Program.cs
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r

Item(s) Saved Ln71

Col 21
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Create the nonlinear evaluator. In a linear model or quadratic model, you typically supply the

Solver SDK with the objective and constraint coefficient matrices. The SDK can determine the
values of the objective and constraints by computing the sums of products of the variables with the
supplied coefficients. However, in a nonlinear model, the coefficients represent first partial
derivatives of the objective and constraints with respect to the variables, and these derivatives

change as the values of the variables change. Therefore, we must supply an evaluator
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(Eval_Type.Function) to compute the function (objective and constraint) values. This evaluator
will be called at every iteration, to compute the values of the objective and constraints, as well as
to compute numerical derivatives, if no Jacobian evaluator is supplied. (It is possible to pass these
derivatives directly to the SDK using an evaluator of type Eval_Type.Gradient. For more
information see the subheading, Using a Gradient Evaluator to Provide First Order Partial
Derivatives in the chapter, Solver SDK Evaluators.)

We create and pass the evaluator (as described above) to the SDK.

prob.Evaluators[Eval Type.Function].OnEvaluate +=

If you press the "tab" key once after "+=", C# will automatically insert new
EvaluateEventHandler(Form1_OnEvaluate) as shown in the screenshot below.

. UserGuideExample - Micraosoft Visual

Eile Edit View Refactor Project Build Debug Data JTools Test Window Help
Start Page | Formil.cs [Design] | ClassDiagrami.cd| Forml.Designer.cs Formlcs| ~ X | Solution Explorer - %
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If you press the "tab" key once more, C# will create the event handler itself. We will write the
code for our eval_type.function evaluator inside of this event handler. Let us rename our event
handler from Form1_OnEvaluate to a more meaningful name of Nonlinear_OnEvaluate.

' UserGuideExample - Microsoft Visual

Eile Edit Wiew Refactor Project Build Debug Data Tools Test Window Help

Start Page | Forml.cs [Design]* | ClassDiagraml.cd| Forml Designer.cs Formles* ~ % |[Solution Explorer - 1%
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=d| Properties |
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4. Write the nonlinear evaluator. Inside of our Nonlinear_OnEvaluate event handler, we first
create a convenient pointer, p, to the Problem,

Problem p = evaluator.Problem;

and another pointer, pVar, to the variables.

double[] pVar = p.VarDecision.Value.Array;

Next, we obtain a pointer to the constraint functions and calculate the constraints.
Double[] pFcn = p.FcnConstraint.Value.Array;

Here we pass the first constraint, X + vy,

pFcn[0] = pVar[0] + pVar[l];

and here we pass the second, X * y.

pFcn[l] = pVar[0] * pVar[l];

Then we compute the objective function, x *x+y *y.
p.FcnObjective.Value[0] = pVar[0] * pVar[0] + pVar[l] * pVar[l];
In C#, we must pass the constraint values back to the SDK.
p.FcnConstraint.Value.Array = pFcn;

Finally, we tell the SDK to continue optimizing by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action.Evaluate and Engine_Action..Stop.
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Engine_Action.Evaluate forces the SDK to call the evaluator of type Eval_Type.Function a second
time which can be useful if you need to inspect the variable values. Engine_Action.Stop will
indicate to the SDK that an error has occurred during the calculation of the functions (objective or
constraints). The Large Scale GRG engine (within the Solver SDK Platform), the GRG Nonlinear
engine (within the Solver SDK Pro), and the Evolutionary engine (for solving nonsmooth
problems) will disregard the current point and continue solving.

return Engine Action.Continue;
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An alternative way to write this evaluator without using the problem, pVar and pFcn pointers is
below.

Engine Action Forml OnEvaluate (Evaluator evaluator)

{

evaluator.Problem.FcnConstraint.Value[0] =
evaluator.Problem.VarDecision.Value[0] +
evaluator.Problem.VarDecision.Value[l];

evaluator.Problem.FcnConstraint.Value[l] =
evaluator.Problem.VarDecision.Value[0] *
evaluator.Problem.VarDecision.Value[l];

evaluator.Problem.FcnObjective.Value[0] =
evaluator.Problem.VarDecision.Value[0] *
evaluator.Problem.VarDecision.Value[0] +
evaluator.Problem.VarDecision.Value[l] *
evaluator.Problem.VarDecision.Value[l];

return Engine Action.Continue;

}

Our evaluator is complete. We will now finish the code inside of the button_NonlinearClick
event.

5. Solve the nonlinear problem. Back inside the button_NonlinearClick event, we provide the
problem type as nonlinear (Problem_Type_OptNLP) which directs the SDK to select the GRG
engine to solve the model. Alternatively, we also could have set the GRG engine manually (in
either the SDK Platform or the SDK Pro) by calling:
prob.Engine = problem.Engines.GRGName.

prob.ProblemType = Problem Type.OptNLP;
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To solve the optimization problem, we call:
prob.Solver.Optimize () ;
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6. Obtain the solution status and final answer. We obtain the solution status, along with the final
objective and variable values,
Optimize Status status = prob.Solver.OptimizeStatus;
double[] objvalue = prob.FcnObjective.FinalValue.Array;
double[] varvalue = prob.VarDecision.FinalValue.Array;
and display the answer with multiple message boxes.
MessageBox.Show ("Status = " + status);
MessageBox.Show ("x1 = " + varvalue[0]);
MessageBox.Show ("x2 = " + varvaluel[l]);
MessageBox.Show ("Obj = " + objvaluel[0]);
UserGuideExample - Mi =
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7. Catch any errors.
Catch (SolverException ex)

{MessageBox.Show (

"Exception " + ex.ExceptionType + "\r\n" + "Exception " +

ex.Message, "SDK Exception Occurred");

}
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8. Build and run the application. To compile and link this project, select Build | Build
UserGuideExample. Then use Debug | Start Debugging to run the program. Press the command
button Solve Nonlinear to solve the nonlinear optimization example.

Creating a Simulation Model

1. Basic first steps. Follow the steps in the chapter, Creating a New C# Project, and then double
click on the SOLVE SIMULATION button. Doing so will open the buttonSimulation_Click event
which is where we will write our code to solve the simulation problem.
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2. Create a simulation problem. The simulation model that we will be solving in this example

contains two uncertain variables, X and Y. The uncertain variable X has a uniform distribution
with a lower parameter of 0 and an upper parameter of 2. The uncertain variable Y has a Normal
distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
functions. The first uncertain function is the total of the two uncertain variables (X + Y). The
second is the product of the two uncertain variables (X * Y).

X = PsiUniform(0,2) and Y = PsiNormal(1l,1)
Function[l]: X + Y

Function[2]: X * Y

First, we initialize the number of uncertain variables (nvars) and functions (nfcns).
int nvars = 2, nfcns = 2;

This example uses a correlation matrix which measures the degree to which the movements of the
two uncertain variables are related. This is optional. The correlation matrix is:

1]1.5
5|1

The elements are being passed row-wise.
double[] correl = new double[] { 1.0, 0.5, 0.5, 1.0 };
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This next line of code (Problem prob = new problem(Solver_Type.Simulate, nvars, nfcns)))
creates an instance of the Problem class. There are two different constructors which create a
Problem. The first constructor (Problem prob = new Problem()) will only create the problem.
This constructor will not create any variable or function blocks or pass any additional information,
such as whether you are solving a minimization optimization, maximization optimization or
simulation problem. If this constructor is used, a user must either call prob.VarUncertain.Size to
automatically add a variable block or create a variable block using Variable
vars(Variable_Type_Uncertain, "vars", 1) where the first argument is the variable type, the 2"
argument is a name chosen by the user, and the third argument is the size of the variable block.
Additionally, the User must add the variable to the problem by calling prob.Variables.Add(vars).
This is true for functions as well. A user can either add uncertain functions automatically using
prob.FcnConstraint.Size or create a function with Function con1(Function_Type_ Uncertain,
"con", 1) (where the first argument is the function type, the 2" argument is a name chosen by the
user, and the third argument is the size of the function block) and then calling
prob.Functions.Add(con) to add the function to the Problem.

The second constructor, as shown here, not only creates the Problem, but also passes the
Solver_Type,(Solver_Type.Minimize, Solver_Type.Maximize or Solver_Type.Simulate) the number
of variables (nvars) and the number of uncertain functions(nfcns). Note that we are utilizing the
C# using statement which allows all properties/methods/functions under the CProblem class to be
available for the remainder of the Problem.

using (Problem prob = new Problem(Solver Type.Simulate, nvars,
nfcns))

Next, we pass the distributions of the two uncertain variables, Uniform and Normal.

prob.Model.VarDistribution[0] = new
Distribution ("PsiUniform(0,2)");

prob.Model.VarDistribution[l] = new
Distribution ("PsiNormal (1,1)");

Here, we create a new double matrix of size nvars x nvars (2 x 2) to hold the correlation matrix.
We are passing the correl array row-wise.

prob.Model.DistCorrelations = new DoubleMatrix (Array Order.ByRow,
nvars, nvars, correl);
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3. Create the simulation evaluator. When running a simulation, the evaluator Eval_Type_Sample
is called so the user can calculate the uncertain functions, much like Eval_Type_Function is called
to compute the objective function and constraints in a nonlinear optimization problem.

We create the Eval_Type.Sample evaluator (as described above) and pass the evaluator to the
SDK.

prob.Evaluators[Eval Type.Sample].OnEvaluate +=
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Pressing the "tab" key once after "+=", will cause C# to automatically insert new
EvaluateEventHandler(Form1_OnEvaluate) as shown in the screenshot below.
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If you press the "tab" key once more, C# will create the event handler itself. We will write the
code for our eval_type.function evaluator inside of this event handler. Let us rename our event
handler from Form1_OnEvaluate to a more meaningful name of Simulation_OnEvaluate.
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4. Complete the simulation evaluator. Inside of our Simulation_OnEvaluate event, we first create
a convenient pointer, p, to the Problem,

Problem p = evaluator.Problem;

and a second pointer, pVar, to the uncertain variable values .
double[] pVar = p.VarUncertain.Value.Array;
Next, we create a pointer, pFcn, to the uncertain functions.
double[] pFcn = p.FcnUncertain.Value.Array;
We compute the uncertain function values given the current variable values.
pFcn[0] = pVar[0] + pVar[l];

pFcen[l] = pVar[0] * pVar[l];

In C#, we must pass the uncertain function values back to the SDK.
p.-FcnUncertain.Value.Array = pfcn;

Finally, we tell the SDK to continue simulating.

return Engine Action.Continue;

Finally, we tell the SDK to continue simulating by returning Engine_Action.Continue. There are
two additional Engine_Action functions, Engine_Action.Evaluate and Engine_Action.Stop.
Engine_Action.Evaluate forces the SDK to call the evaluator of type Eval_Type.Function a second
time which can be useful if you need to inspect the variable values. Engine_Action.Stop will
indicate to the SDK that an error has occurred during the calculation of the uncertain functions.
The SDK will mark the current trial as an error trial and continue with the remaining trials.
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An alternative way to write this evaluator without using the p, pVar and pFcn pointers is below.

Engine Action Simulation OnEvaluate (Evaluator evaluator)

{

evaluator.Problem.FcnUncertain.Value[0] =
evaluator.Problem.VarUncertain.Value[0] +
evaluator.Problem.VarUncertain.Value[l];

evaluator.Problem.FcnUncertain.Value[l] =
evaluator.Problem.VarUncertain.Value[0] *
evaluator.Problem.VarUncertain.Value[l];

return Engine Action.Continue;

}

Our evaluator is complete. We will now finish the code inside of the button_SimulationClick
event.

5. Solve the simulation problem. Back inside the button_SimulationClick event, we call the
following line of code to run the simulation.

prob.Solver.Simulate() ;

File Edit VWiew Refactor Project Build Debug Data Tools Test Window Help

Start Page | Forml.cs [Design] | ClassDiagraml.cd | Forml.Designer.cs Formlcs| + X | Solution Explorer

"%UserGu\deB(ample.Forml v ;’0 Simulation_OnEvaluate(Evaluator evaluater) -

+ ||| @ Ed Properties

L &EEEAL

~ I x

prob.Evaluators[Eval Typs.Sample] .CnEvaluate +=new EvaluatsD Handler (Simulation_CnEvaluate) ;

Properties

prob.Solver.Simulate () ;

< m | +

Trem (s) Saved Ln 167 Col13

INS

6. Display various simulation statistics. We obtain the simulation status and various uncertain
variable and uncertain function statistics using message boxes.

MessageBox.Show ("Simulation Example 1");

MessageBox.Show ("Status = " + prob.Solver.SimulateStatus);

Display statistics on the two uncertain variables.

MessageBox.Show ("\r\nStatistics on Uncertain Variables");
for (int i = 0; 1 < nvars; i++)

{
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MessageBox.Show ("\r\nVariable "™ + i + "\r\n");

MessageBox.Show ("Minimum =
prob.VarUncertain.Statistics.Minimum([i]) ;

MessageBox.Show ("Maximum = " +
prob.VarUncertain.Statistics.Maximum([i]) ;

MessageBox.Show ("Mean = +
prob.VarUncertain.Statistics.Mean[i]);

MessageBox.Show ("StdDev =" 4+
prob.VarUncertain.Statistics.StdDev([i]);

MessageBox.Show ("Variance = +
prob.VarUncertain.Statistics.Variance([i]);

MessageBox.Show ("Skewness = " +
prob.VarUncertain.Statistics.Skewness([i])

MessageBox.Show ("Kurtosis = +
prob.VarUncertain.Statistics.Kurtosis([i])

MessageBox.Show ("10th Percentile = " +
prob.VarUncertain.Percentiles[i, 10]);

MessageBox.Show ("90th Percentile = " +
prob.VarUncertain.Percentiles[i, 90]);

}
Display statistics on the two uncertain functions.

MessageBox.Show ("\r\nStatistics on Uncertain Functions");

for (int i = 0; 1 < nfcns; i++)

{

MessageBox.Show ("\r\nFunction " + 1i);
MessageBox.Show ("Minimum = " +

prob.FcnUncertain.Statistics.Minimum[i]) ;

MessageBox.Show ("Maximum = +
prob.FcnUncertain.Statistics.Maximum([i]) ;

MessageBox.Show ("Mean =" +
prob.FcnUncertain.Statistics.Mean[i] );

MessageBox.Show ("StdDev =" +
prob.FcnUncertain.Statistics.StdDev([i]);

MessageBox.Show ("Variance = +
prob.FcnUncertain.Statistics.Variance[i]);

MessageBox.Show ("Skewness = +
prob.FcnUncertain.Statistics.Skewness[i]);

MessageBox.Show ("Kurtosis = +
prob.FcnUncertain.Statistics.Kurtosis[i]);

MessageBox.Show ("10th Percentile = " +
prob.FcnUncertain.Percentiles[i, 10]);
MessageBox.Show ("90th Percentile = " +
prob.FcnUncertain.Percentiles[i, 901);
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7. Catch any errors. The catch statement will handle any exceptions.

catch (SolverException ex)

{

MessageBox.Show ("Exception " + ex.ExceptionType + "\r\n" +

"Exception " + ex.Message,

"SDK Exception Occurred");

}
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8. Build and run the application. To compile and link this project, select Build | Build

UserGuideExample. Then use Debug | Start Debugging to run the program. Press the command

button Solve Simulation to solve the simulation example.

Creating a New F# Project

Users can utilize F# to call the Solver Platform SDK to solve optimization, simulation or simulation
optimization models using the F# API. This API “wraps” around the SDK and allows users to take

advantage of unique advantages offered by F#. Although the F# wrapper does not support all

functionality provided in the SDK, this wrapper does support the most common uses such as solving
linear, nonlinear and simulation models. The example code shown below is installed into C:\Program
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Files\Frontline Systems\Solver SDK Platform\Examples\F# or if the 32-bit SDK is installed on a
machine running 64 bit Windows: C:\Program Files (x86)\Frontline Systems\Solver SDK
Platform\Examples\F#.

First, follow the steps in the "Installation™ chapter, which will install all required SDK files, including
Example files, into the Frontline Systems directory located at C:\Program Files. Note: This example
can only be executed in Microsoft Visual Studio 2013. The F# wrapper is compatible with VS 2012
and VS2013.

1. Create a new project. Start Microsoft Visual Studio, select File | New Project then select
Console Application. Type a name of your choice in the Project name field, and then click OK.

| .NET Frameworl k4 | Sort by: | Default -] = Search Installed Templates (Ctri+E) O~

e ) .
ﬁ Console Application Visual F# Type: Visual F:
o A project for creating 2 command-line
”i Lib Visual F# application
o T
e
e_‘| Tutorial Visual F#

Fu
,”ci! Portable Library (Legacy) Visual F#
© OfficesSharePoint -

Cloud DE‘!“ Silverlight Library Visual F#
LightSwitch L
Reporting
Silverlight
Test
weF
Workflow
b Visual o+
b Visual F#
SQL Server
TypeScript

Name: [MameOfYourChoice |

Location: [cAusers\lohnDoe\documents\visual studio 2013\Projects
Solution name: NameOfYourChoice

A new blank console application will open.

2. Settwo references and add an (optional) directive. In order to access the methods and
properties in the Solver SDK when using F#, you must set two references. The SDK itself isa
C++ unmanaged code DLL, but we can set a reference to an F# "wrapper" DLL. During
installation of the SDK, four .NET DLLs are installed into the Bin directory located at C:\Program
Files\Frontline Systems\Solver SDK Platform: SolverSDKNET12.dll for .NET1.1,
SolverSDKNET?20.dll for NET 2.0/3.0/3.5, and SolverSDKNET40.dll for NET4.0. An F#
“wrapper” is also installed, SolverSDKFsharp.dll. You must also set a reference to this file in
order to easily call the SDK from F#. Note: F# programmers can use C# if desired. The F#
wrapper is simply intended to make it easier for F# programmers to call the SDK for common
scenarios. After you set the appropriate reference to the .NET DLL (depending on your version of
.NET), your F# code will call the F# “wrapper”, which will call the .NET DLLwhich in turn will
call the SolverSDK.dIl. At runtime, both the F# wrapper and the SolverSDKNETXX.dIl must be
able to find the SolverSDK.dII. Simply copying the SolverSDK.dIl into the same directory as the
SolverSDKNETXX.dIl and F# wrapper will ensure that the SolverSDK.dlI is found.

To add a reference to the .NET DLL and FSharpDLL, right-click References in the Solution
Explorer and select Add Reference. Select Browse in the left pane and then the Browse button in
the lower right corner, browse to C:\Program Files\Frontline Systems\Solver SDK Platform\Bin,
(or C:\Program Files x86\ Frontline Systems\Solver SDK Platform\Bin if using the 32-bit SDK on
a 64-bit machine), select SolverSDKFsharp.dll and the appropriate SolverSDKNetXX.dll, then
click OK.
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P Assemblies Search Browse (Ctrl+E) P~
b Solution
» oM No items found
4 Browse
Recent
Browse.. || OK || Cancel

4 L < Program Files (x36) + Frontline Systems » Solver SDK Platform + Bin w| ¢ | SesrchBin o
Qrganize = Mew folder =~ [ @
A Nome ° Date modified Type Size
#) Homegroup
1 MATLAB 22014 31TPM  File folder
R %) GRUCode.dl B/29/2012 1231 PM  Application extens.. 3034 KB
! H\ﬂ” l;b o ol %) msvepT10.d1 10/4/2012208PM  Application extens... 522k8
" d” - ‘U@"E"(“"E' CEd) ran %) msvertiod 10/4/20122:08PM  Application extens... 213Kk8
aniel @solver.com (daniel-d
- (7 HrmutiLexe 122401311512 .. Application 320KB
eskiol
; b P . T SolverlicMan.exe 1224601311512 .. Application 2,006 KB
D“”'I"E: g %) SolverSDK.dll 12/24/201311:10...  Application extens.. 10,885 KB
= M""’" oac %) SolverSDKNetT1.dll 10/28/2013838 AM  Application extens... 05 kB
° . ::'( ) SolverSDKNet20.dll 10/28/2013838 AM  Application extens... 553K8
. V‘d Hres % SolverSDKNer0.dil 10/28/2013838 AM _ Application extens... 520K8
deos
\1:" WorCloud %) veamp1 10l 11/6/20121220 A Application extens... 314KB
) yClou
& os()
£} DVD RW Drive (D) FRONTLINE
- -
File name: | SolverSDKMNetd0.dll v| |ComponentFile C.dliroe) v

Adding the directives, open SolverPlatform and open SolverPlatform.FSharp is optional in F#. If
you choose to forgo the directive, then you must add "SolverPlatform.FSharp" to the beginning of

each SDK function call. For example:

let model = SolverPlatform.FSharp.LinearModel (maximize,

This example uses the open SolverPlatform open SolverPlatform.FSharp directives which are

shown in the screenshot below.

2,

3)
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Dd ConsoleApplication? - Microsoft Visual Studio 63 Y1 | Quick Launch (Ctl+Q) Pl - O x

FILE EDIT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALYZE WINDOW HELP Nathan Brixius ~
(O-0 Bt W90 | b (o o5t =R -

0
Ll Program.fs = Solution Explorer

@S-8 =

Search Solution Explorer (Ctrl+;)

/4 Program.fs: F# samples for Solver SDK

// (c) 2014 Frontline Systems, Inc.

121 Solution 'ConsoleApplication?’ (1 project)
4 [ ConsoleApplication1
module FrontlineSDKTestProgram 4 References
=8 FSharp.Core
open System =n mscorlib
18] open Solverplatform =8 SolverSDKFsharp
1] open solverPlatform.Fsharp = SolverSDKNetd0

open SolverPlatform.FSharp.Distributions = System

=& System.Core

=B System.Numerics
F* Programfs
¥ App.config

Solution Explorer [N )

Ch41

From here you can solve either a linear, nonlinear, or simulation model. For more details on each,
please read on.

Creating a Linear Model

1.

First steps. Follow the steps in the section, Creating a New F# Project. In this example, we will
name the function that will hold the linear example, FSharpLinearExample().

Create the linear model. In this section, we will solve a linear optimization problem with two
variables (x1 and x2) and three constraints. Both final variable values must be zero or larger.

Maximize 2 x1 + 3 x2
Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50
x1, x2 non-negative

To begin, the example code first initializes two variables, nvars and ncons, to pass the number of
variables and constraints in the model.

let nvars = 2

let ncons = 3

This next line of code (let prob = LinearModel(maximize,nvars, ncons)) creates an instance of the
CProblem class, sets the problem type to “linear" and automatically selects the best linear engine
to solve the problem. If no additional Large Scale "plug in" engines have been added, then the
LP/Quadratic engine will be selected. Note: This is the only linear problem constructor available
in the F# wrapper at this time.

LinearModel(Maximize, nvars, ncons) also passes the Solver_Type (Minimize, Maximize or
Simulate), the number of variables (nvars) and the number of constraints (ncons). Note that we
are utilizing the F# let statement which allows all properties/methods/functions under the
CProblem class to be available for the remainder of the Problem.

let prob = new LinearModel (Maximize, nvars, ncons)

To specify a matrix (for linear constraints and the objective) you simply specify a one-dimensional
F# array with the appropriate size. For example, if you want to specify a 2x3 matrix then you
would use [| 1.0; 2.0; 3.0; 4.0; 5.0; 6.0 [] where the first row coefficients would be the first three
(1.0, 2.0, 3.0) and the second row coefficients would be the 2" three (4.0, 5.0, 6.0). In this
example, we’ll use the following line of code to specify the objective coefficients. Recall the
objective 2x1 + 3x2 where 2 and 3 are the coefficients.

prob.Objective <- [2.; 3.]
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The constraints are passed row-wise.

prob.Constraint <- [9.; 6.; 6.; 7.; 5.; 10.]

Next, we create an array to hold the upper bounds of the constraint right hand sides.
prob.ConstraintUpper = [ 54.; 42.; 50.];

To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:
prob.NonNegativeVariables () ;

In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code

on how to pass upper and lower variable bounds to the SDK.

Bq ConsoleApplication? - Microsoft Visual Studio

FILE EDIT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALVZE WINDOW  HELP
00 B WD b O Dws [ S ]2 .

Programfs ® X

2] open System

16) open Solverplatform

11) open Solverplatform.Fsharp

12| open SolverPlatform.FSharp.Distributions
13
14) 1let FsharpLinearExample() =
15 let nvars = 2

16 let ncons = 3

17

oqioo)  Jaiojda sansg

13 let model = Lineartodel(maximize, nvars, ncons)

model.Objective <- [ 2.5 3. ]
model.Constraint <= [ 9.5 6.5 6.5 7.; 5.;

model.ConstraintUpper <- [ 54.;

model. Nonlegativevariables()

Item(s) Saved

3. Solve the linear model.
Solve the optimization model by calling:
prob.Solve () ;

4. Catch any errors. The catch statement handles any exceptions.

with |
“Exception:

) ”
5S

ex.Message)

BQ ConsoleApplication1 - Microsoft Visual Studio
FILE EDIT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALYZE WINDOW  HELP

(@0l -S| P-C [ psarn- 0 -[oay C|[A _imE|==N =
Programfs & X
model.Constraint <- [ 9.; 6.; 6.3 7.5 5.5 1@. ]

model.ConstraintUpper <- [ 54.; 42.; 50. ]

xogjo0)  Ri0jdhg a3

model. NonNegativevariables()

try
model.Solve();
with

| :? SolverPlatferm.SolverException as ex -> printfn

Item(s) Saved

“There was an error solving the model: %s "

)

=]

ex.Message

¥ 1 | Quick Launch (Ctrl+@) P o O x

Nathan Brixius ~

Solution Explorer
@ o-2a|s =

Search Solution Explorer (Ctrl+;)

sanmdoig

[ Selution 'ConsoleApplication]’ (1 project)
4 ConsoleApplication1
4 References.
=8 FSharp.Core
=8 mscorlib
=8 SolverSDKFsharp
=8 SolverSDKNetd0
=B System
=8 System.Core
=8 System. Numerics
F* Program.fs
¥ App.config

SRS Team Explorer Class View

Ch5

:? SolverPlatform.SolverException as ex -> printfn

P - o x
Nathan Brisius =

¥ 1 | Quick Launch (Ctrl+Q)

Solution Explorer
@ o-ed| &=

Search Solution Explorer (Ctrl+;)

sa1adoig

] Solution ‘ConscleApplicationl (1 project)
a ConsoleApplicationl
4 References
=8 FSharp.Core
=8 mscorlib
8 SolverSDKFsharp
=8 SoiverSDKNetd0
=8 System
=8 System.Core
8 System.Numerics
F# Program fs
¥ App.config

Solution Explorer [N AL

5. Obtain and display the solution to the linear model. We obtain the solution status along with

the final objective and decision variable values.

if model.Status <> optimal then
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printfn "Optimize Status: %A" model.Status
printfn "Objective = %.2f" model.ObjectiveValue
printfn "%A" model.Variables

DQ ConsoleApplication - Microsoft Visual Studio 3 Y1 | Quick Launch (Ctrl+Q) Pl - B x
FILE EDIT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALYZE WINDOW  HELP NathanEnxwus'I

(@- 0@t b [oes [, s .

Programifs & X Solution Explorer

saadolg

33 if model.Status <> optimal then @ - @ &=
4 printfn "Status: ¥A" model.Status -
printfn "Objective = %.2f" model.Objectivevalue Search Solution Explorer (Ctrl+;)

printfn "¥A" model.variables 1] Solution 'ConsoleApplication?’ (1 project)
~ 0 4 [ ConsoleApplicationt

00% ~|[4 ML ST Team Explorer Class View

Item(s) Saved 3 Chs

v
[
i
E
3

6. Build and run the application. To compile and link this project, select Build | Build. Then use
Debug | Start Debugging to run the program. An output window will appear.

Creating a Nonlinear Problem

1. Basic first steps. Follow the steps above in the section, Creating a New F# Project. In this
example, we will name the function that will hold the linear example, FSharpNonlinearExample().

2. Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear model
with two variables (x and y) and two constraints. The first constaint (x + y) forces the total of the
two variables to equal to 1 and the second constraint (x * y) forces the product of the two variables
to be greater than zero. Both final variable values must be zero or greater.

Minimize x"2 + y"2
Subject to:

x+y =1

x * y >= 0

X, y are non-negative

First, we initialize the number of variables (nvars) and the number of constraints (ncons).
let nvars = 2,
let ncons = 2;

This next line of code (let prob = NonlinearModel(minimize, nvars, ncons)) creates an instance of
the CProblem class, sets the problem type to "nonlinear" and automatically selects the best
nonlinear engine to solve the problem. If no additional Large Scale "plug in" engines have been
added, then the LSGRG engine will be selected. Note: This is the only nonlinear problem
constructor available in the F# wrapper at this time.

NonlinearModel(minimize, nvars, ncons) also passes the Solver_Type (Minimize, Maximize or
Simulate), the number of variables (nvars) and the number of constraints (ncons). Note that we
are utilizing the F# let statement which allows all properties/methods/functions under the
CProblem class to be available for the remainder of the Problem.

let prob = new NonlinearModel (Minimize, nvars, ncons)

Here we pass the constraint upper and lower bounds to the SDK, (note “inf” denotes positive
infinity)

prob.ConstraintLower <- [1.; 0.]

prob.ConstraintUpper <- [1l.; inf]

following up with the variable upper and lower bounds.

prob.VariableLower[0.; 0.]
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prob.VariableUpper[1l.; 1.]

Dq ConsoleApplication1 - Microsoft Visual Studio L3 Y1 |QuickLaunch (Ctrl+Q) P - B0 x
FILE EDIT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALYZE WINDOW  HELP Nathan Briivs - [

£0 -0 1 -8 W |- | b wn- G -[oowg ]| At | E a0

Programfs +# X
13

Solution Explorer

B2
let FSharpNonlinearExample() = m| e-&£0 | &=

Search Solution Explorer (Ctrl+;)
let nvars = 2 . AT .
let neons = 2 fa] Solution 'ConsoleApplication’ (1 project)

a ConsoleApplication1
let model = new NonlinearModel(minimize, 2, 2) 4 References

=0 FSharp.Core
model.Constraintlower <- [ 1.; @. ] =8 mscorlib
model.ConstraintUpper <- [ 1.; inf ] =B SolverSDKFsharp
=B SolverSDKNet40
=0 System

=B System.Core

LML Team Explorer  Class View

xoqioo)  su0(dx3 ;3nag

model.VariableLower <- [ @.; @. ]
1.

model.VariableUpper <- [ 1.;

1

Itemi(s) Saved Ch38

3. Create the nonlinear evaluator. In a linear model or quadratic model, you typically supply the
Solver SDK with the objective and constraint coefficient matrices. The SDK can determine the
values of the objective and constraints by computing the sums of products of the variables with the
supplied coefficients. However, in a nonlinear model, the coefficients represent first partial
derivatives of the objective and constraints with respect to the variables, and these derivatives
change as the values of the variables change. Therefore, we must supply an evaluator to compute
the function (objective and constraint) values. This evaluator will be called at every iteration, to
compute the values of the objective and constraints, as well as to compute numerical derivatives, if
no Jacobian evaluator is supplied.

We create and pass the evaluator (as described above) to the SDK. The “c” array is the constraint
array and the “x” arguments are the variables. The last function below (x.[0] * x.[0] + x.[1] *
X.[1]) is the objective function. (In C++, C, VB.NET and VB6, the evaluator must appear in a
separate class or module, however in F#, the evaluator resides in the same module as the rest of
the model.)

prob.Evaluate <- fun x ¢ ->
c.[0] <= x.[0] + x.[1]
c.[1l] <= x.[0] * x.[1]
x.[0] * x.[0] + x.[1] * x.[1]

DQ ConscleApplication - Microsoft Visual Studio 3 Y1 | QuickLaunch (Ctd+Q) P - B x
FILE EDT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALYZE WINDOW  HELP Mathan Bridus ~ [Jl3]
100 B2 M9 [ b [y ][5t [T %[N .

Program.fs Program.fs* # X Solution Explorer

PR
model.Evaluate <- fun x ¢ -» Q| -2 F =

c.[@] <- x.[8] + x.[1] Search Sclution Explorer (Ctrl+;)
c.[1] <- x.[8] * x.[1] - . .
x.[8] + x.[0] + x.[1] * x.[1] fa] Solution Cunsu\.EAp.phcat\DnW (1 project)
| 4 ConsoleApplication1
4 References

sapadoig

w
&
2
o
o

£
S
=

BTN ESTILIEY Team Explorer  Class View
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4. Solve the model. We obtain the solution status, along with the final objective and variable values,
To solve the optimization problem, we call:
prob.Solve();
5. Catch any errors.
with
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| :? SolverPlatform.SolverException as
“Exception: %s “ ex.Message

Dﬂ ConsoleApplication1 - Microsoft Visual Studio
FILE EDIT VIEW PROJECT BULD DEBUG TEAM

fe-o|@-a w90 -] p st~

TOOLS  TEST ANALYZE  WINDOW

[osus || A .50 5] = % | W

HELP

try
model.Solve();
with

| :? SolverPlatform.SolverException as ex -> printfn “There was an error solvi

Item(s) Saved

ex -> printfn

Quick Launch {Ctrl+ Q) P - B0 x

Mathan Brixius ~ m

(w4

Solution Explorer

@e-2a| s -
Search Solution Explorer (Ctrl+;)

3] Solution 'Console&pplication]' (1 project)
4 [F# ConsoleApplication1
Fl References

SIS Team Explorer  Class View

Ch1

6. Obtain the solution status and final answer. We obtain the solution status, along with the final
objective and variable values and display the answer with multiple message boxes.

If model.Status <> optimal then

Quick Launch (Crl+Q) P o B x
Nathan Brixius ~

printfn “Status: %A” model.Status

printfn “Objective: %$A” model.ObjectiveValue

printfn “Variables: %$A” model.Variables
bd ConsoleApplication - Microsoft Visual Studio LY
FILE EDIT VIEW PROJECT BULD DEBUG TEAM TOOLS TEST ANALYZE WINDOW  HELP
fe-0|B-2 WP -C | b0 -[ooug [ B | =2 A 5

3 Program.fs & X

if model.Status <> optimal then
printfn "Status: %A" model.Status
printfn "Objective = ¥A" model.oObjectivevalue

printfn "variables = ¥A" model.variables

Item(s) Saved

Solution Explorer
@ eo-28 &=
Search Solution Explorer (Ctrl+;)

T Solution 'ConscleApplication]' (1 project)
rl ConsoleApplication1
Fl References

LY STlEY Team Explorer  Class View

Chd

7. Build and run the application. To compile and link this project, select Build | Build
NonlinearUserGuideExample. Then use Debug | Start Debugging to run the program. An output
window will appear.

Creating a Simulation Model

1. Basic first steps. Follow the steps in the chapter, Creating a New F# Project. Adding the
directive, open SolverPlatform.FSharp.Distributions is optional in F#. If you choose to forgo this
directive, then you must add "SolverPlatform.FSharp" to the beginning of each SDK uncertain
variable. For example:

prob.Distributions <- [ SolverPlatform.FSharp.Distributions.Uniform 0. 2. ;
SolverPlatform.FSharp.Distributions.Normal 1. 1.]

In this example, we will name the function that will hold the linear example,
FSharpSimulationExample().

2. Create a simulation problem. The simulation model that we will be solving in this example
contains two uncertain variables, X and Y. The uncertain variable X has a uniform distribution
with a lower parameter of 0 and an upper parameter of 2. The uncertain variable Y has a Normal
distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
functions. The first uncertain function is the total of the two uncertain variables (X + Y). The
second is the product of the two uncertain variables (X * Y).

X = PsiUniform(0,2) and Y = PsiNormal(1l,1)

Function[l]: X + Y
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Function([2]: X * Y

This example uses a correlation matrix which measures the degree to which the movements of the
two uncertain variables are related. This is optional. The correlation matrix is:

1]1.5
S1

The elements are being passed row-wise.
double[] correl = new double[] { 1.0, 0.5, 0.5, 1.0 };

First, we initialize the number of uncertain variables (nvars) and functions (nfcns).
2

let nvars

let nfcns 2

This next line of code (let prob = new SimulationModel(nvars, nfcns)) creates an instance of the
Problem class and sets the problem type to "nonlinear" and automatically selects the Risk Solver
to solve the model even if additional Large Scale "plug in" engines have been added. Note: This
is the only simulation problem constructor available in the F# wrapper at this time.

The constructor also passes the number of variables (nvars) and the number of uncertain
functions(nfcns). Note that we are utilizing the F# let statement which allows all
properties/methods/functions under the CProblem class to be available for the remainder of the
Problem.

let prob = new SimulationModel(nvars, nfcns)
Next, we pass the distributions of the two uncertain variables, Uniform and Normal.

prob.Distributions <- [ uniform ©. 2.; normal 1. 1. ]

Here, we create a new array of size nvars x nvars (2 x 2) to hold the correlation matrix. We are
passing the correl array row-wise.

prob.Correlations <- [| 1.; ©.5; 0.5; 1.0 |]

DQ ConsoleApplication - Microsoft Visual Studio L) Y1 |QuickLaunch (Ctrl+Q) P - B0 x
FILE EDT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALYZE WINDOW  HELP Nathan Brisivs ~ [
100 [ B -2 WD - | b S - [oieg o[t ] = % | W .

Program.fs + > Solution Explorer

let FsharpsimulationExample() = Gj| e E_—“| 5 =

sapadolg

let nvars = 2 Search Solution Explorer (Ctrl+;)
let nfens = 2

0| sRuiojdxg 1amag

3] Solution 'ConsoleApplication’ (1 project)
a ConsoleApplication1

pFl References
prob.bistributions <- [ uniform @. 2.; normal 1. 1. ] =8 Fsharp.Core
=8 mscorlib
prob.Correlations <- [| 1.; 8.5; 8.5; 1.8 |] =8 SolverSDKFsharp
=8 SolverSDKNet4d

4 RLNELYSTIEY Team Explorer  Class View

Item(s) Saved Chs

let prob = new SimulationModel(nvars, nfcns)

3. Create the simulation evaluator. When running a simulation, an evaluator is called so the user
can calculate the uncertain functions, much like an evaluator was called to compute the objective
function and constraints in the nonlinear optimization example.

We create and pass the evaluator (as described above) to the SDK. The “f” array is the uncertain
function array and the “var” arguments are the uncertain variables. (In C++, C, VB.NET and
VB6, the evaluator must appear in a separate class or module, however in F#, the evaluator resides
in the same module as the rest of the model.)
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We create the evaluator and pass it to the SDK.
prob.Sample <- fun var f ->

f.[0] <- var.[0] + var.[1]

f.[1] <- var.[0] * var.[1]

n-d ConsoleApplication - Microsoft Visual Studio [J Y1 QuickLlaunch (Ctrl+Q) P o B x
FILE EDIT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST ANALYZE WINDOW  HELP Nathan Brixius ~

0Bt WD bSO Debug ] s

Program.fs & X Solution Explorer
P

= -

prob.sample <- fun var f -» m‘ o-ed| &=
f.[@] <- var.[@] + var.[1] 3 3
£.[1] <- var.[@] * var.[1] Search Solution Explorer (Ctrl+;)
&1 Solution 'ConsoleApplication’ (1 project)
4 [F3] ConsoleApplication1

LMY STIRIEY Team Explorer  Class View

o
2
]
oy
i
3

ltem(s) Saved Col 19 Ch19

4. Run asimulationl. To run a simulation, we call:

prob.Simulate () ;

5. Catch any errors.
with

| :? SolverPlatform.SolverException as ex -> printfn
“Exception: %s “ ex.Message

b ConsoleApplicationt - Microsoft Visual Studio L3 Y1 |QuickLaunch (Ctd-Q) P - B x
FLE EDIT VIEW PROJECT BULD DEBUG TEAM TOOLS TEST AMALYZE WINDOW  HELP Nathan Brixius ~ L)
0 -0 | @ WD | pser- O [Debug -] 5 ita | = A .

Program.fs + X ~ | Solution Explorer
try -2 a -
prob.Simulate() Q| e-&d|F
with Search Solution Explorer (Ctrl+;)
| :? SolverPlatform.SolverException as ex -> printfn “Exception: s " ex.Message

w
i
H
[1]

g
o
=

] Solution 'ConsoleApplication' {1 project)
4 [r#] ConsoleApplicationl

EUN LIS Teamn Explorer Class View

Ch1

6. Display various simulation statistics. We obtain the simulation status and various uncertain
variable and uncertain function statistics using message boxes.

printfn "Values = %A" prob.FunctionValues

printfn "Statistics on Uncertani Variables"

let stats = prob.VariableStatistics

for i =0 to 1 do

printfn "Variable %A" i
printfn "Minimum %A" stats.Minimum.[i]
printfn "Maximum %A" stats.Maximum.[i]
printfn "Mean = %A" stats.Mean.[i]
printfn "StdDev %A" stats.StdDev.[i]
printfn "Variance = %A" stats.Variance.[i]
printfn "Skewness = %A" stats.Skewness.[i]
printfn "Kurtosis %A" stats.Kurtosis.[i]
printfn ""
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Dq ConsoleApplication1 - Microsoft Visual Studio L1 Y1 |QuickLaunch (Ctrl+Q) Pl - O x

FILE EDIT VIEW PROJECT BUILD DEBUG TEAM TOOLS TEST AMALYZE WINDOW  HELP Nathan Brixius ~ E
P B9 | p st
Program.fs +# X Solution Explorer
@D e-2a| &=
printfn "values = ¥A" prob.FunctionValues - .
printfn "Statistics on Uncertani Variables” Search Solution Explorer (Ctrl+;)
let stats = prob.VariableStatistics %] Solution 'ConsoleApplication?’ (1 project)
for i =8 to 1l do L
4 [F#] ConsoleApplication1
printfn "variable ¥a" i E ConsoleAppl on
printfn "Mini = ¥A" stats.Minimum.[i]
printfn i = ¥A" stats.Maximum.[i]
printfn = ¥A" stats.Mean.[i]
printfn "StdDev = ¥A" stats.StdDev.[i] = SolverSDKFsharp
printfn "Variance = %A" stats.Variance.[i] =B SolverSDKMetdd
printfn "Skewness A" stats.Skewness.[1] =0 System
printfn "Kurtosis = ¥A" stats.Kurtosis.[i] =B System.Core

Fl References
=B FSharp.Core
=0 mscorlib

Y
)

iy

&

printfn =B Systern.Numerics
F# Program.fs

-5}

R
~

o

Solution Explorer WEETAR=ILC SRR

Item(s) Saved Ch1

7. Build and run the application. To compile and link this project, select Build | Build
NonlinearUserGuideExample. Then use Debug | Start Debugging to run the program. An output
window will appear.
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Calling the Solver SDK from
JAVA

Introduction

This chapter details the steps required to write and run a simple linear, nonlinear, and simulation
example using Solver SDK and 64-bit JAVA. Examples that illustrate how to call the SDK using the
JAVA wrapper may be opened from a JAVA IDE, (i.e., JavaBeans or Eclipse), or using a script editor
such as Notepad++.

The JAVA interpreter reads and parses the example script, compiles it into bytecode, and executes in
run-time. To work with Solver SDK in JAVA, you must have the JAVA SE Development Kit
installed. It is free, and it may be downloaded from the Oracle website
(http://www.oracle.com/technetwork/java/javase/downloads/index.html).

To run the JAVA Solver SDK Examples, follow the steps in the Installation chapter to install all
required SDK files, including Example files, into the Frontline Systems directory located at
C:\Program Files.

Note: If using the 64-bit version of Solver SDK, you must use the 64-bit version of JAVA. If using the
32-bit version of SolverSDK, you must use the 32-bit version of JAVA.

To open example code for JAVA, browse to

e If using 64-bit Solver SDK: C:\Program Files\Frontline Systems\Solver SDK
Platform\Examples\JAVA

e If using 32-bit Solver SDK: C:\Program Files (x86)\Frontline Systems\Solver SDK
Platform\Examples\JAVA, if using 32-bit Solver SDK

Thirty-two files with the name ExamplesXX.java are installed into ...\Solver SDK
Platform\Examples\Java containing definitions for functions that illustrate sample usage of Solver
SDK.

There are two ways to view and run the JAVA examples: by command prompt executing sequential
commands, or by running the JAVA GUI.

Command Prompt—open a Command Prompt (right-click and select Run as Administrator),
navigate to the Java/Console directory and type "build.bat" at the prompt. Using this method, single
commands are executed in succession.
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B Select Administrator: Command Prompt - “build.bat"

:\program files\frontlin

ild.bat"

c -classpath . Exampl

Standard Exampl nsole>pause

Graphical User Interface—open a Command Prompt (right click and select Run as Administrator),
navigate to the Java/GUI directory, and type "start.bat" at the prompt. The following dialog opens.
Select the desired example using the drop-down menu at the top, then click Run Example to run the
example, or Clear to delete the contents of the window.

er SDK Platform\Examples\Ja

\standard examp

.bat"

SDK Platform\Examples) \Standard Examples\GUI>pause

tandard Examples\GUI>java -classpath . NewlFrame

To call Solver SDK from JAVA, you will need SolverSDK .jar and SolverSDK.dIl along with any
other binaries that SolverSDK.dlIl depends upon, which are installed into the Bin folder (see above for
complete path). The path to the SolverSDK dynamic libraries is added to the system PATH during

installation.

Creating a Linear Model

1. Installation. Follow the steps in the Installation chapter to install all required SDK files,
including Example files, into the Frontline Systems directory located at C:\Program Files. (If using
32-bit SDK with a 64-bit Operating System, use C:\Program Files (x86)\).

2. Example Step — Thru. This section steps through Examplel.java. This file is installed into
...\Frontline Systems\Solver SDK Platform\Examples\Java\StandardExamples\. The first line
must begin with an import statement to allow JAVA to access the SolverSDK.dII.

Import SolverPlatform.*;
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Create the linear model. In this section, we will solve a linear optimization problem with two
variables (x1 and x2) and three constraints. Both final variable values must be integers and zero or
larger.

Maximize 2 x1 + 3 x2

Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50

x1l, x2 non-negative integers

Initialize variables and arrays. The example code first initializes two variables, nvars and
ncons, to pass the number of variables and constraints in the model. In addition, three arrays are
created to hold the objective coefficients, constraint coefficients, and constraint right sides. Note
that the constraint coefficients are being passed row-wise.

int nvars = 2;
int ncons = 3;
double [] objcoeff = new double []{ 2
double [] concoeff new double []{ 9
double [] rhsvalue = new double []{ 5

;3 )
, 6, 6, 7, 5, 10 };
4, 42, 50 };

Create a Problem. There are two different constructors that create a Problem. The first
constructor (problem = new Problem()) shown here, will only create the problem. This

constructor will not create any variable or function blocks, nor will it pass any additional
information such as whether you are solving a minimization optimization, maximization
optimization, or simulation problem.

If this constructor is used, a user must either call problem.VarDecision().Size(nvars) to
automatically add a variable block or create a variable block using Variable decVars =
Variable(Variable_Type.Decision, "Vars", 2), where the first argument is the variable type, the
second argument is the name given to the variable block, and the third argument is the number of
variables in the block. Additionally, the user must add the variable to the problem by calling
problem.Variables().Add(decVars). This is true for functions as well. A user can either add
constraints automatically using problem.FcnConstraint().Size(ncons), or create a function with
Function constraints = new Function(Function_Type.Constraint, ‘‘fens”, 3), then call
problem.Functions().Add(constraints) to add the function to the Problem.

The second constructor, used in the following non-linear example, not only creates the Problem,
but also passes the type of model to be solved, the number of variables (nvars) and the number of
constraints (ncons).

problem = new Problem();

Add a variable and function block. Add a variable block containing two variables and a
constraint block containing three functions to the Problem.

problem.VarDecision () .Size (nvars) ;
problem.FcnConstraint () .Size (ncons) ;

Set the Problem “sense” to Maximize. Use Solver_Type.Minimize if solving a minimization.
Problem.Solver () .SolverType (Solver Typ.Maximize);

Assign the constraint right-hand sides and add the non-negativity constraint. The first line of
code below passes the constraint right-hand sides (54, 42, and 50) contained in the rhsvalue array.

problem.FcnConstraint () .UpperBound (rhsvalue) ;
To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:

Problem.VarDecision () .NonNegative () ;
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In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code
on how to pass non-zero upper and lower variable bounds to the SDK.

9. Call AllLinear functions. In this example, AllLinear is used to pass the objective function and
constraint coefficients. Doing so sets the problem type to “linear” which triggers Solver SDK to
automatically select the best linear engine to solve the problem. If no additional Large Scale "plug
in" engines have been added, the LP/Quadratic engine will be selected.

Since problem.Model().AllLinear() is expecting a Double Matrix, we must convert both the
concoeff and objcoeff arrays to Double Matrices. For example, in the first line of code below, a
new Double Matrix, containing a single row and nvars (2) columns, is created and populated with
the objective function coefficients contained within the objcoeff array. Since Solver SDK only
supports the use of one objective function per model, it does not matter if the values in the objcoeff
array are passed row-wise or column-wise.

problem.Model () .AllLinear (Function Type.Objective, new
DoubleMatrix (Array Order.ByRow, 1, nvars,objcoeff));

In the next line of code, a double matrix containing ncons (3) rows and nvars (2) columns, passes
the constraint function coefficient values (using Function_Type.Constraint) contained in the
concoeff array, row-wise, to the AllLinear function. If the concoeff array held the coefficient
values passed by column, we would use Array_Order.ByCol as the first argument to
DoubleMatrix.

problem.Model () .AllLinear (Function Type.Constraint, new
DoubleMatrix (Array Order.ByRow, ncons, nvars, concoeff));

10. Pass integer constraints. Use problem.VarDecision().IntegerType() to add integer constraints to
both variables.

problem.VarDecision () .IntegerType ( new int []{
Integer Type.Integer, Integer Type.Integer });

11. Solve the optimization model. Solve the optimization model by calling:
problem.Solver () .Optimize () ;
12. Obtain the status and final variable/constraint values.

We capture the status of the optimization and final variable and constraint values, then display
each using the System.out.printin command. Note the use of the VarDecision and FcnObjective
properties both point to the "current™ variable block or objective block. In this example, there is
only one block of each.

int nOptStatus = problem.Solver () .OptimizeStatus/()

System.out.println ("Status = " + nOptStatus);
System.out.println("x1 = " +
problem.VarDecision () .FinalValue (0));
System.out.println("x2 = " +
problem.VarDecision () .FinalValue (1)) ;
System.out.println ("Obj = " +

problem.FcnObjective () .FinalValue (0));

13. Solve the example. To solve this example using the GUI console, open a prompt (as an
Administrator), navigate to the Java\GUI directory and type "start.bat" at the prompt. The
following dialog opens. Select Example 1 using the drop-down menu at the top, then click Run
Example. To run the console example, see the Introduction to this chapter for instructions.
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on 10.0.10240]
oration. All rights reserved.

sers\Nicole>cd "c:/program files/frontline systems/solver sdk platform/examples/j standard examples/gui”
gram Files\Frontline Systems\Solver SDK Platform\Examples Standard ampl “start.bat"

Note: Th GUI Example quire Java 1.6, and might NOT in othe Java.

rogram Files\Frontline Systems)\ er SDK Platform\Examples\Java\Standard Examples\GUI>pause
any key to continue . . .

c:\Program Files\Frontline Systems\Solver SDK Platform\Examples\Java\Standard Examples\GUI>java -classpath . NewJFrame

SDK Examples

inear Programeming Example 1 [Dense Matr]

Creating a Nonlinear Model

1. Installation. Follow the steps in the Installation chapter to install all required SDK files,
including Example files, into the Frontline Systems directory located at C:\Program Files. If using
32-bit SDK with a 64-bit Operating System, use C:\Program Files (x86)\.

2. Example. This section steps through Example4.java, which is installed into ...\Frontline
Systems\Solver SDK Platform\Examples\Java\StandardExamples\. The first line must begin with
an import statement to allow Java to access the SolverSDK.dII.

Import SolverPlatform.*;

3. Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear
model with two variables (x and y) and two constraints. The first constraint (X + y) forces the
total of the two variables to be equal to 1, and the second constraint (x * y) forces the product of
the two variables to be zero or larger. Both final variable values must be non-negative (0 or
larger).

Maximize x"2 + y"2

Subject To:
x+y=1
X *Y >0
X, y non-negative

4. Initialize variables. Initialize the number of variables (nvars) and constraints (ncons).

int nvars = 2;
int ncons = 2;

5. Create arrays to hold the constraint right-hand sides. Create two arrays of size ncons (2
constraints) to hold the upper and lower bounds on the constraint right-hand sides. Notice the
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upper and lower bound of the first constraint is 1 to denote an equality constraint.
Constants.PINF sets the upper bound of the second constraint to positive infinity.

double [] rhs = new double []{ 1.0, Constants.PINF () };
double [] lhs = new double []{ 1.0, 0 };

6. Create arrays to hold variable upper and lower bounds. The next two lines of code create two
arrays to hold the lower and upper variable bounds, 1b and ub, respectively.

double [] 1lb = new double []{ 0, 0 };
double [] ub new double []{ 1, 1 };

7. Create a Problem. This next line of code creates an instance of the Problem class, passes the
“sense” of the problem, the number of decision variables, and the number of constraints. For
more information on creating a new Problem, see the step 5 explanation in the Creating a Linear
Model section.

problem = new Problem(Solver Type.Maximize, nvars, ncons);

8. Pass the constraint right-hand sides to the Problem. Pass the constraint upper (ub_constraints)
and lower (Ib_constraints) bounds to the SDK,

problem.FcnConstraint () .UpperBound (rhs) ;
problem.FcnConstraint () .LowerBound (1lhs) ;

and follow up with the variable upper (ub) and lower (lb) bounds.

problem.VarDecision () .UpperBound (ub) ;
problem.VarDecision () .LowerBound (1b) ;

9. Create the nonlinear evaluator. Ina linear model or quadratic model, the Solver SDK is
supplied with the objective and constraint coefficient matrices. The SDK can determine the
values of the objective and constraints by computing the sums of products of the variables with
the supplied coefficients. However, in a nonlinear model, the coefficients represent first partial
derivatives of the objective and constraints with respect to the variables, and these derivatives
change as the values of the variables change. Therefore, we must supply an evaluator to compute
the function (objective and constraint) values. If a Jacobian evaluator is not supplied, this
evaluator will be called at each iteration to compute the values of the objective and constraints. It
is possible to pass these derivatives directly to the SDK using the Eval_Type.Gradient evaluator.

For more information on supplying this type of evaluator, see the subheading Using a Gradient
Evaluator to Provide First Order Partial Derivatives in the chapter Solver SDK Evaluators.

As described above, we create and pass the evaluator of type Eval_Type.Function to the SDK. The
name of this evaluator is NLP Evaluator.

problem.Evaluators () .Item(Eval Type.Function) .Evaluator (new
NLPEvaluator ());

10. Write the nonlinear evaluator. Next, step into the nonlinear evaluator.

a. Inside the evaluator evalNLP, a convenient pointer to the current values of the variables is
created.

double [] Var = evaluator.Problem() .VarDecision() .Value();
b. Next, calculate the constraints.
evaluator.Problem() .FcnConstraint () .Value (new Double []
{
Var[0] + Var[l],
Var[0] * Vvar[l],
P
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c. Next, compute the objective function, x * X +y * y.

evaluator.Problem() .FcnObjective () .Value ( new double [] {
Var[0] * Var[0] + Var[l] * Var[l] });

The following line of code prints the current values of the variables and the iteration number
each time the NLPEvaluator function is called (optional.)

System.out.println ("Evaluation x1 = " + Var[0] + ", x2 = " +
evaluator.Problem () .Engine () .Stat () .FunctionEvals())

Finally, tell the SDK to continue optimizing by returning Engine_Action.Continue. There are
two additional Engine_Action functions: Engine_Action.Evaluate and Engine_Action.Stop.

Engine_Action.Evaluate forces the SDK to call the evaluator of type Eval_Type.Function a
second time, which can be useful if you need to inspect the variable values.
Engine_Action.Stop communicates to the SDK that an error has occurred during the
calculation of the functions (objective or constraints).

Note: If an error does occur during the calculation of the functions, the Large Scale GRG
engine (within the Solver SDK Platform), the GRG Nonlinear engine (within the Solver SDK
Pro), and the Evolutionary engine (for solving nonsmooth problems) will disregard the current
point and continue solving.

return Engine Action.Continue;

11. Solve the nonlinear problem. Back inside the Example4 class, we provide the problem type as
nonlinear, which directs the SDK to select the GRG engine to solve the model. Alternatively, we
could have set the GRG engine manually (in either the SDK Platform or SDK Pro) by calling:
problem.Engine(problem.Engines().Item(Engine.LPName()));

problem.ProblemType (Problem Type.OptNLP) ;

To solve the nonlinear optimization problem, call:

problem.Solver () .Optimize () ;

12. Obtain the solution status. Obtain and display the solution status, along with the final objective
and variable values. Note the use of the VVarDecision, and FcnObjective properties that both point
to the "current" variable or objective block. In this example, there is only one block of each.

int nOptStatus = problem.Solver () .OptimizeStatus/();
double [] varvalue = problem.VarDecision().FinalValue();
double [] objval = problem.FcnObjective () .FinalValue();

System.out.println ("Status = " + nOptStatus);
System.out.println("x1l = " + varvaluel[0]);
System.out.println("x2 = " + varvaluel[l]);
System.out.println("Obj = " + objvall[0]);

13. Solve the example. To solve this example using the GUI console, open a command prompt
(right-click and select Run as Administrator), navigate to the Java\GUI directory and type
"start.bat" at the prompt. The following dialog opens. Select Non-Linear Programming with
GRG using the drop down menu at the top, then click Run Example. To run the console
example, see the Introduction to this chapter for instructions.
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th . NewJFrame

Solving a Simulation Problem

1. Installation. Follow the steps in the Installation chapter to install all required SDK files,
including Example files, into the Frontline Systems directory located at C:\Program Files. If using
32-bit SDK with a 64-bit Operating System, use C:\Program Files (x86)\.

2. Example. This section steps through Examplel7.java, which is installed into ...\Frontline
Systems\Solver SDK Platform\Examples\Java\StandardExamples\. The first line of code must
begin with an import statement to allow Java to access the SolverSDK.dII.

Import SolverPlatform.*;

3. Create a simulation problem. The simulation model that we will be solving in this example
contains two uncertain variables, x and y. The uncertain variable x has a uniform distribution with
a lower parameter of 0 and an upper parameter of 2. The uncertain variable y has a normal
distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
functions: the sum of the two uncertain variables and the product of the two uncertain variables.

Given two uncertain variables x and y with distributions:

X = PsiUniform(0,2) and y = PsiNormal (1,1)
Function[l]: x + y
Function[2]: x * y

4. Initialize. Initialize the number of uncertain variables (nvars) and uncertain functions (ncons) in
the simulation model.

int nvars = 2;

int nfcns = 2;

5. Correlation Matrix. This example uses a correlation matrix that measures the degree to which
the movements of the two uncertain variables are related (optional).
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10.

11.

X1lY
X|1].5
Y| 5|1

The correlation coefficients in the correl array are being passed row-wise.
double [] correl = new double []{ 1.0, 0.5, 0.5, 1.0 };

Create an instance of the Problem class. Two different constructors create a Problem. See step
5 in Creating a Linear Model_for details on both. This example uses the second constructor,
which not only creates the Problem, but also passes the Solver_Type, (Solver_Type.Minimize,
Solver_Type.Maximize, or Solver_Type.Simulate), the number of uncertain variables (nvars), and
the number of functions (nfcns).

problem = new problem(Solver Type.Simulate, nvars, nfcns);

Set the number of trials. The default value for the number of trials is 1000. In this example, we
set the number of trials to 10.

problem.Solver () .NumTrials (10) ;

Set the distributions for the uncertain variables. These two lines of code pass the distributions
of the two uncertain variables, Uniform and Normal.

problem.Model () .VarDistribution (0, new
Distribution (“PsiUniform(0,2)"));

problem.Model () .VarDistribution (0, new
Distribution (“PsiNormal (1,1)”));

Pass the Correlation Matrix. Create a new double matrix of size nvars x nvars (2 x 2) to hold
the correlation matrix. We are passing the correl array row-wise.

problem.Model () .DistCorrelations (new
DoubleMatrix (Array Order.ByRow, nvars, nvars, correl ));

Create the simulation evaluator. When running a simulation, the evaluator Eval_Type.Sample is
called to calculate the uncertain functions, much like Eval_Type.Function is called to compute the
objective function and constraints in a nonlinear optimization problem.

The evaluator, Eval_Type.Sample, is passed to the SDK. The name of the evaluator is simEval.

problem.Evaluators () .Item(Eval Type.Sample) .Evaluator (new
simEval ());

Write the simulation evaluator.

i. Inside the evaluator evalSim, we create two convenient pointers, Var and Fcn, to hold the
current values of the variables and uncertain functions, respectively.

double var[] = evaluator.Problem () .VarUncertain() .Value();

double Fcn[] = evaluator.Problem() .FcnUncertain () .Value();
ii. Compute the uncertain function values given the current variable values.

Fnc[0] = Var[0] + Var[1l];.

Fnc[1l] Var[0] + Var[1l];
iii. Next, pass the uncertain function values back to the SDK.
evaluator.Problem() .FcnUncertain () .Value (Fcn) ;

Finally, tell the SDK to continue simulating by returning Engine_Action.Continue. There are
two additional Engine_Action functions: Engine_Action.Evaluate and Engine_Action.Stop.
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Engine_Action.Evaluate forces the SDK to call the evaluator of type Eval_Type.Function a
second time, which can be useful if you need to inspect the variable values.
Engine_Action.Stop communicates to the SDK that an error has occurred during the
calculation of the uncertain functions.

Note: If an error occurs during the calculation of the uncertain functions, the SDK marks
the current trial as an error trial and continues with the remaining trials.

return Engine Action.Continue
Our evaluator is complete. We will now finish the code inside of the main function.

12. Solve the simulation model. Back inside the simulation() function, call the following line of
code to run the simulation.

problem.Solver () .Simulate () ;

13. Obtain and display the simulation status, as well as various simulation statistics.

System.out.println ("Simulate Status = " +
problem.Solver () .SimulateStatus())
System.out.println("");

System.out.println ("Statistics on Uncertain Variables");

for (int i = 0; 1 < nvars; i++)

{

System.out.println("");
System.out.println ("Variable " + 1i);

System.out.println ("Minimum = " +
problem.VarUncertain () .Statistics () .Minimum(i)) ;
System.out.println ("Maximum = " +
problem.VarUncertain () .Statistics () .Maximum(i)) ;
System.out.println ("Mean =" +
problem.VarUncertain () .Statistics () .Mean (1))
System.out.println ("StdDev =" +
problem.VarUncertain() .Statistics () .StdDev (1))
System.out.println ("Variance = " +
problem.VarUncertain() .Statistics () .Variance (1)) ;
System.out.println ("Skewness = " +
problem.VarUncertain() .Statistics () .Skewness (1))
System.out.println ("Kurtosis = " +
problem.VarUncertain() .Statistics () .Kurtosis(i));
System.out.println ("10th Percentile = " +
problem.VarUncertain() .Percentiles () .Value (i, 10));
System.out.println ("90th Percentile = " +
problem.VarUncertain() .Percentiles () .Value (i, 90));

}

System.out.println("");
System.out.println("Statistics on Uncertain Functions");

for (int i = 0; 1 < nfcns; i++)

{

System.out.println("");
System.out.println ("Function " + 1i);

System.out.println ("Minimum = " +
problem.FcnUncertain () .Statistics () .Minimum(i)) ;
System.out.println ("Maximum = " +
problem.FcnUncertain() .Statistics () .Maximum(i)) ;
System.out.println ("Mean =" 4+
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problem.FcnUncertain () .Statistics () .Mean (1))

System.out.println ("StdDev =" 4
problem.FcnUncertain () .Statistics () .StdDev (1)) ;
System.out.println ("Variance = " +
problem.FcnUncertain () .Statistics () .Variance(i));
System.out.println ("Skewness = " +
problem.FcnUncertain () .Statistics () .Skewness(i));
System.out.println ("Kurtosis = " +
problem.FcnUncertain () .Statistics () .Kurtosis(i))
System.out.println ("10th Percentile = " +
problem.FcnUncertain () .Percentiles () .Value (i, 10));
System.out.println ("90th Percentile = " +

problem.FcnUncertain () .Percentiles () .Value (i, 90));

}

14. Solve the example. To solve this example using the GUI console, open a prompt (right-click and
select Run as Administrator), navigate to the Java\GUI directory and type "start.bat" at the prompt.
The following dialog opens. Select Simulation Example 1 using the drop-down menu at the top,
then click Run Example. To run the console example, see the Introduction to this chapter for
instructions.

Standard Examp

Standard Examples\GUI>java -classpath . NewJFrame

SDK Examples
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Calling the Solver SDK from
Python

Introduction

This chapter details the steps required to write and run a simple linear, nonlinear, and simulation
example using Solver SDK and 64-bit Python. The script editor Notepad++ is used to illustrate how to
call the SDK using the Python wrapper.

The script editor Notepad++ is used to edit the example code in Examples.py.The Python interpreter
reads and parses the example script, compiles it into bytecode, and executes in run-time. To run the
Python example, the required Python libraries must be downloaded and installed. The current version
of Python is 3.5; however, XLMiner SDK also supports the earlier version, V2.7.

The XLMiner SDK Python SDK consists of native binaries compiled with certain configurations. As a
result, it is important to install the appropriate version of Python (i.e., if using 64-bit XLMiner SDK,
64-bit Python must be used, if using 32-bit XLMiner SDK, 32-bit Python must be used). Before calling
XLMiner SDK, confirm that Python DLLs are accessible using the system path.

To run the PYTHON Solver SDK Examples, first, follow the steps in the "Installation" chapter to
install all required SDK files, including Example files, into the Frontline Systems directory located at
C:\Program Files. There are two ways to view and run the Python examples: by command prompt
executing sequential commands, or by writing a full script and executing the full code using a Python
notebook or a full Python IDE.

Command Prompt—if using a command prompt, simply open a python.exe interpreter (or call it for
each command) to work in "interactive shell" mode. Using this method, single commands are executed
in succession.

Using a Python IDE or Notebook—open a Python IDE to execute a full script such as PyCharm by
JetBrains, Visual Studio 2015 (with Python tools installed), or a Python Notebook such as
IPython.(The example code was written using 1Python.)

To call Solver SDK from Python, you will need SolverPlatform.pyd and SolverSDK.dII (along with
any other binaries that SolverSDK.dII depends upon) which are installed into the Bin folder (see above
for complete path). Both files must be on the PYTHONPATH or in the same folder. SolverSDK.dII
and the Bin folder (C:\Program Files\Frontline System\XLMiner SDK\Bin) are added to the system
path during installation.

Various editors can be used to write a Python script. In this example, Python's Integrated Development
Environment (IDLE) will be used.
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Creating a Linear Model

1.

First steps. Open a new document in Notepad++. In this example, we will name the script,
PythonLinearExample(). The first line of any script calling SolverSDK.dIl must begin with
import SolverPlatform. This line of code allows Python to access the Solver SDK Platform.

import SolverPlatform

Create the linear model. In this section, we will solve a linear optimization problem with two
variables (x1 and x2) and three constraints. Both final variable values must be zero or larger.

Maximize 2 x1 + 3 x2

Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50

x1, x2 non-negative integers

To begin, the example code first initializes two variables, nvars and ncons, to pass the number of
variables and constraints in the model. In addition, three arrays are created to hold the objective
coefficients, constraint coefficients, and constraint right sides.

let nvars = 2
let ncons = 3

objcoeff = [ 2, 3 ]

concoeff = [ 9, 6, 5, 6, 7, 10 ]
rhsvalue = [ 54, 42, 50 ]

There are two different constructors which create a Problem. The first constructor (Problem prob
= new Problem()) will only create the problem. This constructor will not create any variable or
function blocks or pass any additional information, such as whether you are solving a
minimization optimization, maximization optimization or simulation problem. If this constructor
is used, a user must either call prob.VarDecision.Size to automatically add a variable block or
create a variable block using Variable vars(Variable_Type_Decision, "vars", 1) where the first
argument is the variable type, the 2" argument is a name chosen by the user, and the third
argument is the size of the variable block. Additionally, the User must add the variable to the
problem by calling prob.Variables.Add(vars). This is true for functions as well. A user can either
add constraints automatically using prob.FcnConstraint.Size or create a function with Function
con1(Function_Type_ Constraint, "con", 1) (where the first argument is the function type, the 2"
argument is a name chosen by the user, and the third argument is the size of the function block)
and then calling prob.Functions.Add(con) to add the function to the Problem.

The second constructor, used in this example, not only creates the Problem, but also passes the
type of model to be solved, the number of variables (nvars) and the number of constraints
(ncons).

problem =
SolverPlatform.Problem(SolverPlatform.Solver Type Maximize,
nvars, ncons

Call AllLinear functions.

The line of code, problem.Model.AllLinear[SolverPlatform.Function_Type_Objective], passes the
objective coefficient matrix and problem.Model.AlLinear[Function_Type.Constraint] passes the
constraint coefficient matrix.  Calling prob.Model.AllLinear sets the problem type to "linear"
(Problem_Type.OptLP) and will automatically select the best linear engine to solve the

problem. If no additional Large Scale “plug in" engines have been added, then the LP/Quadratic
engine will be selected.
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Since both objcoeff and concoeff are arrays, and problem.Model.AllLinear is expecting a
DoubleMatrix, we must convert both arrays to a DoubleMatrix. First, we create the double matrix,
obj, containing 1 row, nvars columns, and the values contained in the objcoeff array passed
column-wise. Then we pass this DoubleMatrix object to
problem.Model.AllLinear[SolverPlatform.Function_Type Objective]. Next, we create the double
matrix constraints, containing ncons rows, nvars columns, and the values contained in the
concoeff array passed column-wise. (We could also pass the values in the arrays row-wise using
Array_Order_ByRow.)

obj =SolverPlatform.DoubleMatrix (order =
SolverPlatform.Array Order ByCol, 1, nvars,

objcoeff) problem.Model.AllLinear[SolverPlatfo
rm.Function Type Objective] = obj
constraints =

SolverPlatform.DoubleMatrix (order=SolverPlatform.Array Order ByCo
1, rows=ncons, columns=nvars, elements=concoeff)

problem.Model.AllLinear [SolverPlatform.Function Type Constraint]
= constraints

Assign the constraint right hand sides and add the non-negativity constraint.

We pass the ub_constraints array which holds the upper bounds of the constraint right hand sides.
problem.FcnConstraint.UpperBound.Array = rhsvalue

To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:
problem.VarDecision.NonNegative ()

In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code
on how to pass non-zero upper and lower variable bounds to the SDK.

Pass integer constraints.
Use problem.VarDecision.IntegerType[0] to add integer constraints to both variables.

problem.VarDecision.IntegerType[0] =
SolverPlatform.Integer Type Integer

problem.VarDecision.IntegerType[l] =
SolverPlatform.Integer Type Integer

Solve the optimization model.

Solve the optimization model by calling:
problem.Solver.Optimize ()

Obtain the status and final variable/constraint values.

We capture the status of the optimization and final variable and constraint values, then display
each using the print command.

status = problem.Solver.OptimizeStatus

convalue = problem.FcnConstraint.FinalValue.Array
varvalue = problem.VarDecision.FinalValue.Array
print ("Linear Python Example ")

print ("Status = %i" % status)
print ("x1 = %d" % varvalue[0])
print ("x2 = %d" % varvaluel[l])
print ("Obj = %d" % problem.FcnObjective.FinalValue[0])
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9.

Run the script. To run the script, click Run — Run Module. An output window appears
displaying the result of the print commands.
(& Python 350 Shell b by

Eile Edt Shell Debug Options
Window  Hel
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Creating a Non-Linear Model

1.

Basic Steps. First steps. Open a new document in Notepad++. In this example, we will name
the script, PythonNonlinearExample(). The first line of any PYTHON script calling
SolverSDK.dII must begin with import SolverPlatform. This line of code allows Python to access
the Solver SDK Platform.

import SolverPlatform

Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear model
with two variables (x and y) and two constraints. The first constraint (x + y) forces the total of the
two variables to be equal tol and the second constraint (x * y)forces the product of the two
variables to be zero or larger. Both final variable values must be non-negative (0 or larger).
Minimize x"2 + y"2

Subject To:

x + vy =1

X *Y >=0

X, y non-negative

To begin, we initialize the number of variables (nvars) and constraints (ncons).
nvars = 2

ncons = 2

Next, we create two arrays of size ncons (2 constraints) to hold the upper and lower bounds on the
constraint right hand sides. Notice the upper and lower bound of the first constraint is 1 to denote
an equality constraint. CConstants::PINF sets the upper bound of the second constraint to
positive infinity.

rhs = [ 1.0, SolverPlatform.Constants().PINF ]
lhs = [ 1.0, 0 ]
The next two lines of code create two arrays to hold the lower and upper variable bounds.

b = [ 0, 0 1]
ub = [ 1, 1 ]

. This next line of code creates an instance of the Problem class, passes the “sense” of the problem,

the number of decision variables and the number of constraints. For more information on creating
this class, see the Linear example above.

problem =
SolverPlatform.Problem(SolverPlatform.Solver Type Minimize,
nvars, ncons);
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Here we pass the constraint upper (ub_constraints) and lower (Ib_constraints) bounds to the SDK,

prob.FcnConstraint.UpperBound.Array = rhs;
prob.FcnConstraint.LowerBound.Array = lhs;

following up with the variable upper (ub) and lower (Ib) bounds.
ub;

prob.VarDecision.UpperBound.Array
prob.VarDecision.LowerBound.Array = 1lb;

Create the nonlinear evaluator. In a linear model or quadratic model, you typically supply the
Solver SDK with the objective and constraint coefficient matrices. The SDK can determine the
values of the objective and constraints by computing the sums of products of the variables with the
supplied coefficients. However, in a nonlinear model, the coefficients represent first partial
derivatives of the objective and constraints with respect to the variables, and these derivatives
change as the values of the variables change. Therefore, we must supply an evaluator to compute
the function (objective and constraint) values. This evaluator will be called at every iteration, to
compute the values of the objective and constraints, as well as to compute numerical derivatives, if
no Jacobian evaluator is supplied. (It is possible to pass these derivatives directly to the SDK
using the Eval_Type_Gradient evaluator. For more information on supplying this type of
evaluator , see the subheading Using a Gradient Evaluator to Provide First Order Partial
Derivatives in the chapter, Solver SDK Evaluators. )

We create and pass the evaluator of type Eval_Type Function (as described above) to the SDK.
The name of this evaluator is evalNLP.

prob.Evaluators[SolverPlatform.Eval Type Function].Evaluator =
evalNLP

Write the nonlinear evaluator. Inside of the evaluator evalNLP, we first create a convenient
pointer, var, to the variables.

def evalNLP (ev)
var = ev.prob.VarDecision.Value.Array

Here, we pass the first constraint, X + v,

var[0] + wvar[1l]

ev.prob.FcnConstraint.Value[0]

and now the second constraint, x * y.

ev.prob.FcnConstraint.Value[0] = var[0] + var[l]

Then we compute the objective function, x * x +y *y.

ev.prob.FcnObjective.Value[ev.Prob.0ObjectivelIndex] = var[0] *
var[0] + var[l] * wvar[1l]

The line of code below prints the current values of the variables and the iteration number each
time the evalNLP function is called. (This is optional.)

print ("Evaluation x1 = %f, x2 = %f, Iteration = %i" % (var[0],
var[l], ev.Problem.Engine.Stat.FunctionEvals))

Finally, we tell the SDK to continue optimizing by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type_Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the functions
(objective or constraints). The Large Scale GRG engine (within the Solver SDK Platform), the
GRG Nonlinear engine (within the Solver SDK Pro), and the Evolutionary engine (for solving
nonsmooth problems) will disregard the current point and continue solving.

return Engine Action Continue
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Solve the nonlinear problem. Back inside the nonlinear() function, we provide the problem type
as nonlinear which directs the SDK to select the GRG engine to solve the model. Alternatively,
we also could have set the GRG engine manually (in either the SDK Platform or SDK Pro) by
calling: prob.Engine = prob.Engines.[Engines. GRGName];

prob.ProblemType = SolverPlatform.Problem Type OptNLP
To solve the nonlinear optimization problem, we call:

prob.Solver.Optimize ()

Obtain the solution status. We obtain the solution status, along with the final objective and
variable values,

status = prob.Solver.OptimizeStatus
objvalue prob.FcnObjective.FinalValue[0]
varvalue = prob.VarDecision.FinalValue.Array

Run the script. To run the script, click Run — Run Module. An output window appears
displaying the result of the print commands.

{ @ Python 2.7.10 Shell - m] b

Eile Edit Shell Debug Optiens Window Help
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Solving a Simulation Problem

1.

Basic Steps. First steps. Open a new document in Notepad++. In this example, we will name
the script, PythonNonlinearExample(). The first line of any PYTHON script calling
SolverSDK.dII must begin with import SolverPlatform. This line of code allows Python to access
the Solver SDK Platform.

import SolverPlatform

Create a simulation problem. The simulation model that we will be solving in this example
contains two uncertain variables, x and y. The uncertain variable x has a uniform distribution with
a lower parameter of 0 and an upper parameter of 2. The uncertain variable y has a Normal
distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
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functions. The first uncertain function is the total of the two uncertain variables. The second is
the product of the two uncertain variables.

Given two uncertain variables X and Y with distributions:
x = PsiUniform (0, 2) and vy = PsiNormal(1l,1)

Function[l]: x + vy

Function[2]: x * y

This example uses a correlation matrix which measures the degree to which the movements of the

two uncertain variables are related. This is optional. The correlation matrix is:
X1lY
X|11].5
Y|5]1

The correlation coefficients in the correl array are being passed row-wise.
correl = [ 1.0, 0.5, 0.5, 1.0 ]

To begin, we create an instance of the Problem class. There are two different constructors which
create a Problem. The first constructor (as used in this example) will only create the problem.
This constructor will not create any variable or function blocks or pass any additional information,
such as whether you are solving an optimization or simulation problem. The second
constructor,which is used in the Linear and Non-Linear examples above, not only creates the
Problem, but also passes the Solver_Type, (Solver_Type_ Minimize, Solver_Type_Maximize, or
Solver_Type_Simulate) the number of variables (nvars) and the humber of functions (nfcns).

myprob = SolverPlatform.Problem();

The next line of code sets the problem type to “Simulate”.

myprob.Solver.SolverType = SolverPlatform.Solver Type Simulate

Next we create two uncertain variables and two uncertain functions. Notice the three arguments to
SolverPlatform.Variable and SolverPlatform.Function. The first argument is the Variable or
Function type, uncertain, the second is the name of the variable or function block and the third is
the number of variables and functions contained within the block.

uncVarUniform =

SolverPlatform.Variable (SolverPlatform.Variable Type Uncertain,
“Varl”, 1)

uncVarNormal =

SolverPlatform.Varaible (SolverPlatform.Variable Type Uncertain,
“Var2”, 1)

uncFcnAdd =

SolverPlatform.Function (SolverPlatform.Function Type Uncertain,
“Fcnl”, 1)

uncFcnMult =

SolverPlatform.Function (SolverPlatform.Function Type Uncertain,
“Fcn2”, 1)

then add each of them to the problem, myprob.
myprob.Variables.add (uncVarUniform)
myprob.Variables.add (uncVarNormal)
myprob.Functions.Add (uncFcnAdd)
myprob.Functions.Add (uncFcnMult)

These two lines of code pass the distributions of the two uncertain variables, Uniform and Normal.
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myprob.Model.VarDistribution[0] =
SolverPlatform.Distribution ("PsiUniform(0,2)");

myprob.Model.VarDistribution[1l] =
SolverPlatform.Distribution ("PsiNormal (1,1)");

We can also specify a lower and upper bound for uncVarNormal, the uncertain variable with the
Normal distribution.  ControlParam[1] specifies the lower bound for the distribution and
ControlParam[2] specifies the upper bound for the distribution. For a complete list of control
parameters, please see the Distribution Control Parameters section that occurs later on in this
guide.

myprob.Model .VarDistribution[1l].ControlParams[1l] = 0;
myprob.Model.VarDistribution[1l].ControlParams[2] = 3;

Here we create a new double matrix of size nvars x nvars (2 x 2) to hold the correlation matrix.
We are passing the correl array row-wise.

myprob.Model.DistCorrelations =
SolverPlatform.DoubleMatrix (SolverPlatform.Array Order ByRow, 2,
2, correl )

Create the simulation evaluator. When running a simulation, the evaluator Eval_Type_Sample
is called so the user can calculate the uncertain functions, much like Eval_Type_Function is called
to compute the objective function and constraints in a nonlinear optimization problem.

We create the Eval_Type_Sample evaluator and pass the evaluator to the SDK. The name of the
evaluator is evalSim().

myprob.Evaluators[SolverPlatform.Eval Type Sample].Evaluator =
evalSim

Write the simulation evaluator. Inside of the evaluator evalSim, we first create a convenient
pointer, p, to the Problem.

def evalSim(ev)
p = ev.Problem
We compute the uncertain function values given the current variable values.

myprob.Functions[0] .Value[0] = p.Variables[0].Value[0] +
p.Variables[1l].Value[0] # X+Y

myprob.Functions[1l].Value[l] = p.Variables[0].Value[0] *
p.Variables[1l].Value[0] # X*Y

Finally, we tell the SDK to continue simulating by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the uncertain
functions . The SDK will mark the current trial as an error trial and continue with the remaining
trials.

return SolverPlatform.Engine Action Continue
Our evaluator is complete. We will now finish the code inside of the simulation() function.

Solve the simulation model. Back inside the simulation() function, we call the following line of
code to run the simulation.

myprob.Solver.Simulate () ;

Obtain and display various simulation statistics. We obtain the simulation status.
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print ("The status of the solver after simulation is: %d" %
myprob.Solver.SimulateStatus)

# display the output statistics

print ("Statistics on the sampled uncertain variables:\n")

print ("Uncertain Variable X:")

print ("Max value: $Sf" %
myprob.Variables[0].Statistics.Maximum[0])

print ("Min value: $Sf" %
myprob.Variables[0].Statistics.Minimum[0])

print ("Mean: %f" $ myprob.Variables[0].Statistics.Mean[0])

print ("Variance: $f\n" %
myprob.Variables[0].Statistics.Variance[0])

print ("Uncertain Variable Y:")

print ("Max value: Sf" %
myprob.Variables[1l].Statistics.Maximum[1])

print ("Min value: S$f" %
myprob.Variables[1l].Statistics.Minimum[1])

print ("Mean: %f" $ myprob.Variables[1l].Statistics.Mean[1])

print ("Variance: $f\n" %
myprob.Variables[1l].Statistics.Variance[1l])

print ("Statistics on the 1st uncertain function, x + y")
print ("Max Value: $f" %

myprob.Functions[0] .Statistics.Maximum[0])
print ("Min Value: $f" %

myprob.Functions[0] .Statistics.Minimum[0])
print ("Mean: %f" % myprob.Functions[0].Statistics.Mean[0])
print ("Variance: $f" 2

myprob.Functions[0] .Statistics.Variance[0])

percentiles = myprob.Functions[0].Percentiles

print ("The 50th percentile is: %f" % percentiles.Value[0][50])
print ("The 5th percentile is: %f" % percentiles.Value[0][5])
print ("The 95th percentile is: %f" % percentiles.Value[0][95])
print ("The mode is: %f\n"

gmyprob.Functions[0] .Statistics.Mode[0]) }

7. Build and run the application. To run the script, click Run — Run Module. An output window
appears displaying the result of the print commands.
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File Edit Shell Debug Options Window Help
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Python Source Code

Solver SDK installs over thirty examples that illustrate how to solve linear, integer, quadratic,
nonlinear, nonsmooth, Monte Carlo simulation and simulation optimization programming problems
using the Python programming language. The list below gives a brief explanation of each example
problem.

See the Introduction to this chapter for help on running each example.
1. Linear Programming Example (Dense Matrix)

e  Simple two-variable LP problem which passes a dense constraint matrix "row-wise".
2. Integer Linear Programming Example (Dense Matrix)

e Simple MIP problem, identical to the previous LP problem except that the decision variables
are required to have integer values and the coefficients are passed column wise.

3. Markowitz Optimization with QP Solver

e  Quadratic programming problem, using the classic Markowitz method to find an efficient
portfolio of five securities.

4. Nonlinear programming with GRG engine

e Simple two-variable nonlinear optimization problem, which defines an evaluator of type
Eval_Type_Function to compute the problem functions.

5.  Non-Linear Programming with Evolutionary engine

e Finds the global optimum of a classic two-variable problem, the Branin function, which has
three local optima.

6. Non-Linear Programming with the GRG engine using Gradients

o Identical to example 5, except that an evaluator of type Eval_Type_Gradient is also defined,
to give the SDK faster and more accurate partial derivatives of the problem functions.

7. Markowitz Optimization with SOCP Solver

o Identical to example 3, except that the AllGradDepend method is used to pass objtype and
matvaltype arrays to the SOCP engine.

8. Quadratically Constrained Programming with SOCP Solver
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

o Similiar to examples 3 and 7, except that the objective maximizes the return.
Exception Handling Example

o lllustrates how to "catch" an exception.

Reading an MPS, OSIL or Excel File

e  Example shows how a problem can be loaded from a text file.

Markowitz Optimization using Hessians

o Identical to examples 3 and 6, except that an evaluator of type Eval_Type Hessian is defined
to give the SDK faster and more accurate second order derivatives of the problem functions.

Second order Cone programming Example

e Simple example of a problem with two cone constraints.

Integer Programming with All-Different Constraint

e Similar to example 1 and 2 with an added All-Different Constraint.
Linear Programming Infeasibility Diagnosis Example

e Attempts to solve a linear problem that is infeasible, then it uses the I1S finder to diagnose the
infeasibility.

Illustrating Multiple Solutions

o Example illustrates how a user can access all incumbent solutions that the SDK finds during
the optimization.

Linear Programming with Sparse Matrix
o Example illustrates how to pass a sparse matrix.
Simulation Example
e Example program calling the Monte Carlo simulation engine.
Simulation Example with Distribution Fitting
o lllustrates how to fit a distribution to a dataset.
Creating a Problem Object
o Example illustrates two different methods of creating the CProblem object.
Adding Variable and Function Blocks
e This example illustrates the use of pointers to create a CProblem object.
Creating a vector of Problem Objects
e Creates a vector of problem objects, each with 2 vars and 4 fcns.
Note: This example only will work if multiple licences for the Solver SDK Platform exist.
Traveling Salesman Problem 1 [All-Different Constraint]
o  Example models the Traveling Salesman Problem using an All-Different Constraint.
Traveling Salesman Problem 2 [Multiple All-Different Constraints]

e This example is identical to Example 22, but this example models four decision variables
using four blocks of variables, each of size 1.

Simulation Example 2
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25.

26.

27.

28.

29.

30.

31.

32.

e This example illustrates the use of the Truncate function to define the uncertain distributions;
it also illustrates the use of a simple binary search as an alternative to the PsiTarget function.

Simulation Example 3

e This example is similar to example24; the difference lies in how we model the variables and
the uncertain functions. In this example, we create a single block of 2 variables, and just 1
uncertain function block with 100 functions.

Simulation Rank Correlations Example
o Example illustrates how to specify a correlation matrix.
Optimization within Simulation Example

e In this example we find the optimal order quantity automatically, by embedding an
optimization problem inside each trial of a simulation problem.

Simulation within Optimization Example

e In this example, which is similar to example 27, we find the optimal order quantity by
embedding a simulation problem inside of an optimization problem.

Simulation Optimization using SIP/SLURP

o Example generates a sample of demand and price (the uncertain variables) in the main
program, stores these sampled values in appropriate arrays, then uses these values to compute
the constraints and the objective of the optimization problem in the Evaluator.

Sodoku with All-Different Constraints
e Constructs 3 arrays of variable objects each representing 9 blocks of variables, where each
block will contain 9 variables.

Simulation Statistical Functions Example
o lllustrates the different statistical functions that are supported for uncertain variables.
PSD Correlation Matrix Example

e This example demonstrates using a correlation matrix to correlate input uncertain variables.
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Calling the Solver SDK from R

Introduction

This chapter details the steps required to write and run simple linear, nonlinear, and simulation
examples by calling Solver SDK from the R programming language.

Since the binary for R is the same for 32 and 64 bit versions of Solver SDK, there is no need to install
32 bit R with 32 bit Solver SDK or 64 bit R with 64-bit Solver SDK. The R module, in Solver SDK,
internally includes both 32- and 64-bit builds of SDK in both installation programs and when in use
automatically switches between them.

To open example code for R, browse to C:\Program Files\Frontline Systems\Solver SDK
Platform\Examples\R\StandardExamples, if using 64-bit Solver SDK, or C:\Program Files
(x86)\Frontline Systems\Solver SDK Platform\Examples\R\StandardExamples, if using 32-bit Solver
SDK. Thirty-two scripts, one for each example model, are contained in the R StandardExamples
folder: Examplel.R, Example2.R, etc. Each of these scripts contain definitions for R functions that
illustrate sample usage of Solver SDK.

Creating a Linear Model

1

First steps. Open a new document in Notepad++. In this example, we will name the script,
RLinearExample(). The first line of any script calling SolverSDK.dIl must begin with
"library(SolverPlatform)". This line of code allows R to access the Solver SDK Platform.

library (SolverPlatform)

Create the linear model. In this section, we will solve a linear optimization problem with two
variables (x1 and x2) and three constraints. Both final variable values must be zero or larger.

Maximize 2 x1 + 3 x2

Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50

x1, x2 non-negative integers

Specify the number of variables and constraints, pass the coefficient matrix and the
constraint right-hand sides.

To begin, the example code first initializes two variables, nvars and ncons, to pass the number of
variables and constraints in the model. In addition, three arrays are created to hold the objective
coefficients, constraint coefficients, and constraint right sides.

Note: The concoeff() array is passed row-wise.

nvars <- 2

ncons <- 3

objcoeff <- c¢c( 2, 3 )

concoeff <- ( 9, o6, 6, 7, 5, 10 )
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rhsvalue <- ( 54, 42, 50 )

4. Instantiate the Problem and pass the number of variables and constraints to the Problem.

There are two different constructors which create a Problem. The first constructor, problem <-
Problem$new() as used in this example, will only create the problem. This constructor will not
create any variable or function blocks or pass any additional information, such as whether you are
solving a minimization optimization, maximization optimization or simulation problem. If this
constructor is used, a user must either call problem$VarDecision$Size to automatically add a
variable block or create a variable block using Variable$new(Variable_Type Decision,
"VariableBlockName", numvars) where the first argument is the variable type, the 2" argument is a
name chosen by the user, and the third argument is the size of the variable block. (Additionally, the
User must add the variable to the problem by calling prob$Variables$Add(vars).) This is true for
functions as well. A user can either add constraints automatically using prob$FcnConstraint$Size
or create a function with Function$new(Function_Type_ Constraint, "FunctionBlockName", 1)
(where the first argument is the function type, the 2" argument is a name chosen by the user, and
the third argument is the size of the function block) and then calling prob$Functions$Add(con) to
add the function to the Problem.

The second constructor, used in the example below, not only creates the Problem, but also passes
the type of model to be solved, the number of variables (nvars) and the number of constraints
(ncons).

In this example, the first line of code creates a Problem. This constructor will not create any
variable or function blocks or pass any additional information, such as whether you are solving a
minimization optimization, maximization optimization or simulation problem. A user must call
problem$VarDecision$Size to add a variable block and problem$FcnConstraint$Size to add a
function block then problem$Solver$SolverType to designate the problem as a minimization or
maximization. In this example, we pass nvars to pass 2 variables, ncons to pass our constraint
coefficients and Solver_Type_Maximize to delineate the problem as a maximization. In this
example, the body of code is contained within a "tryCatch™ block in order to handle any exceptions
that may occur during the execution of the program.

tryCatch ({
problem <- Problem$new ()
problem$VarDecision$Size <- nvars
problem$FcnConstraint$Size <- ncons
problem$Solver$SolverType <- Solver Type Maximize

5. Assign the constraint right hand sides and add the non-negativity constraint.

We pass the three constraint right hand sides separately by passing each element of the rhsvalue
array.

problem$FcnConstraint$UpperBound[0] <- rhsvaluel[l]
problem$FcnConstraint$UpperBound[1l] <- rhsvalue[2]
problem$FcnConstraint$UpperBound[2] <- rhsvalue[3]

To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:
problem$VarDecision$NonNegative ()

In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code
on how to pass non-zero upper and lower variable bounds to the SDK.

6. Call AllLinear functions.

Calling prob$Model$AllLinear sets the problem type to "linear" (Problem_Type_OptLP) and will
automatically select the best linear engine to solve the problem. If no additional Large Scale "plug
in" engines have been added, then the LP/Quadratic engine will be selected.
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7.

8.

10.

The second line of code below, al[Function_Type_Objective] <-
DoubleMatrix$new(Array_Order_ByRow, 1, nvars, objcoeff), passes the objective coefficient
matrix row-wise.

The third line of code below, al[Function_Type_Constraint] <-
DoubleMatrix$new(Array_Order_ByRow, ncons, nvars, concoeff),passes the constraint coefficient
matrix.

Since both objcoeff and concoeff are arrays, and problem$Model$AllLinear is expecting a
DoubleMatrix, we must convert both arrays to a DoubleMatrix. First, we create a new double
matrix containing 1 row, nvars columns, and the values contained in the objcoeff array passed
row-wise. Then we pass this DoubleMatrix object to al[Function_Type_Objective].

Next, we create a 2" double matrix, containing ncons rows, nvars columns, and the values
contained in the concoeff array passed row-wise. (We could also pass the values in the arrays row-
wise using Array_Order_ByCol.)

al <- problem$ModelS$SAllLinear

al[Function Type Objective] <-
DoubleMatrix$new (Array Order ByRow, 1, nvars, objcoeff)
al[Function Type Constraint] <-
DoubleMatrix$new (Array Order ByRow, ncons, nvars, concoeff)

Solve the optimization model.
Solve the optimization model by calling:
problem$SolverS$SOptimize ()
Obtain the status and final variable/constraint values.

We capture the status of the optimization and final variable and constraint values, then display
each using the print command.

status <- problem$Solver$OptimizeStatus

convalue <- problemS$FcnConstraint$FinalValue$SArray
varvalue <- problem$VarDecision$FinalValueS$Array
writeLines ("Linear R Example ")

writelLines (paste("Status = ", status)
writeLines (paste("x1 = ", varvaluel[l])
writelLines (paste("x2 = ", varvalue[2])
writeLines (paste("Obj = ", problem$FcnObjective$FinalValuel[0]))

The error handlers below generate warnings to the user if an error is encountered.
warning = function (war) {

# warning handler picks up where error was generated

writelLines (paste ("WARNING: ",war))
return (TRUE)
}, error = function (err) {
# error handler picks up where error was generated
writelines (paste ("Error: ",err))

return (TRUE)
b

Finally, resources are freed and module variables are removed.

finally = {
# free allocated resources
problem$Free ()
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# removing module variables
rm(problem, nvars, ncons, objcoeff, concoeff, rhsvalue, al,
ev, evallter, status, varvalue)

b

This ends this section whicn explained how to solve a linear optimization model using the Solver SDK
and the R programming language. See the next section for an explanation on how to solve a non-linear
optimization model.

Creating a Non-Linear Model

1. Basic Steps. First steps. Open a new document in Notepad++. In this example, we will name
the script, RNonlinearExample(). The first line of any R script calling SolverSDK.dIl must begin
with library(SolverPlatform). This line of code allows R to access the Solver SDK Platform.

Library(SolverPlatform)

2. Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear model
with two variables (x and y) and two constraints. The first constraint (x + y) forces the total of the
two variables to be equal tol and the second constraint (x * y)forces the product of the two
variables to be zero or larger. Both final variable values must be non-negative (0 or larger).
Minimize x"2 + y"2
Subject To:

x + vy =1
x * Y >= 0
X, y non-negative

i. To begin, we initialize the number of variables (nvars) and constraints (ncons).

nvars <- 2
ncons <- 2

ii. Next, we create two arrays of size ncons (2 constraints) to hold the upper and lower bounds
on the constraint right hand sides. Notice the upper and lower bound of the first constraint is
1 to denote an equality constraint. CConstants::PINF sets the upper bound of the second
constraint to positive infinity.

rhs <- c¢( 1.0, Constants.PINF )
lhs <= ( 1.0, 0 )

iii. The next two lines of code create two arrays to hold the lower and upper variable bounds.

1b <= c( 0, 0 )
ub <- c( 1, 1 ]

3. This next line of code creates an instance of the Problem class, passes the “sense” of the problem,
the number of decision variables and the number of constraints. For more information on creating
this class, see the Linear example above.

tryCatch ({
problem <- ProblemSnew(Solver Type Minimize, nvars, ncons)
Here we pass the constraint upper (rhs) and lower (Ihs) bounds to the SDK,

problem$FcnConstraint$UpperBound$SArray <- rhs
problem$FcnConstraint$LowerBound$SArray <- lhs

following up with the variable upper (ub) and lower (Ib) bounds.

problem$VarDecision$UpperBound$SArray <- ub
problem$VarDecision$LowerBound$Array <- 1b
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4. Create the nonlinear evaluator. In a linear model or quadratic model, you typically supply the

Solver SDK with the objective and constraint coefficient matrices. The SDK can determine the
values of the objective and constraints by computing the sums of products of the variables with the
supplied coefficients. However, in a nonlinear model, the coefficients represent first partial
derivatives of the objective and constraints with respect to the variables, and these derivatives
change as the values of the variables change. Therefore, we must supply an evaluator to compute
the function (objective and constraint) values. This evaluator will be called at every iteration, to
compute the values of the objective and constraints, as well as to compute numerical derivatives, if
no Jacobian evaluator is supplied. (It is possible to pass these derivatives directly to the SDK
using the Eval_Type_Gradient evaluator. For more information on supplying this type of
evaluator , see the subheading Using a Gradient Evaluator to Provide First Order Partial
Derivatives in the chapter, Solver SDK Evaluators. )

We create and pass the evaluator of type Eval_Type Function (as described above) to the SDK.
The name of this evaluator is evalNLP.

evalNLP <- problemSEvaluators[Eval Type Function]
evalNLPS$Evaluator <- evalNLP

Write the nonlinear evaluator. Inside of the evaluator evalNLP, we first create a convenient
pointer, var, to the variables.

evalNLP = function (evaluator)

{

prob <- evaluator$Problem
First, we must ask for the values of the current variables.

var <- prob$VarDecision$ValueS$SArray

Here, we pass the first constraint, X + v,

probS$FcnConstraint$value[0] <- var[l] + var[2]

and now the second constraint, x * y.

prob$FcnConstraint$value[l] <- var[l] * var([2]

Then we compute the objective function, x * x +y * .
prob$FcnObjective$Value[0] <- var[l]*var[l]+var[2]*var[2]

The line of code below prints the current values of the variables and the iteration number each
time the evalNLP function is called. (This is optional.)

writelines (paste ("Evaluation x1 =", wvar[l], ", x2 =",
var[2], ", Iteration = ", prob$Engine$Stat$FunctionEvals))

Finally, we tell the SDK to continue optimizing by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type_Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the functions
(objective or constraints). The Large Scale GRG engine (within the Solver SDK Platform), the
GRG Nonlinear engine (within the Solver SDK Pro), and the Evolutionary engine (for solving
nonsmooth problems) will disregard the current point and continue solving.

return (Engine Action Continue)
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Solve the nonlinear problem. Back inside RNonlinearExample(), we provide the problem type
as nonlinear which directs the SDK to select the GRG engine to solve the model. Alternatively,
we also could have set the GRG engine manually (in either the SDK Platform or SDK Pro) by
calling: prob$Engine = prob$Engines.[Engines$GRGName];

problem$ProblemType <- Problem Type OptNLP
To solve the nonlinear optimization problem, we call:
prob$SolverS$Optimize ()

Obtain the solution status and print results. We obtain the solution status, along with the final
variable and constraint values.

status <- problem$Solver$OptimizeStatus
convalue <- problem$FcnConstraint$FinalValueS$SArray
varvalue <- problem$VarDecision$FinalValueS$SArray

Print the Results.

writeLines ("Nonlinear R Example")

writeLines (paste("Status = ", status))

writeLines (paste("x1 = ", varvalue[l]))

writelLines (paste("x2 = ", varvalue[2]))

writeLines (paste ("Obj = ", problem$FcnObjectiveS$FinalValue[0]))

The error handlers below generate warnings to the user if an error is encountered.
warning = function (war) {

# warning handler picks up where error was generated

writeLines (paste ("WARNING: ",war))
return (TRUE)
}, error = function (err) {
# error handler picks up where error was generated
writeLines (paste ("Error: ",err))

return (TRUE)
b

10. Finally, resources are freed and module variables are removed.

finally = {
# free allocated resources
problem$Free ()

# removing module variables
rm(problem, nvars, ncons, varvalue, convalue, rhs, lhs, 1lb,
ub, evalNLP, status)

})

Solving a Simulation Problem

1.

Basic Steps. First steps. Open a new document in Notepad++. In this example, we will name
the script, RSimulationExample(). The first line of any R script calling SolverSDK.dIl must begin
with import SolverPlatform. This line of code allows R to access the Solver SDK Platform.

library(SolverPlatform)

Create a simulation problem. The simulation model that we will be solving in this example
contains two uncertain variables, x and y. The uncertain variable x has a uniform distribution with
a lower parameter of 0 and an upper parameter of 2. The uncertain variable y has a Normal
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distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
functions. The first uncertain function is the total of the two uncertain variables. The second is
the product of the two uncertain variables.

Given two uncertain variables X and Y with distributions:
x = PsiUniform (0, 2) and vy = PsiNormal(1l,1)

Function[l]: x + vy

Function[2]: x * vy

To begin, we create an instance of the Problem class. This example uses the 2" constructor which
labels the problem as a simulation model (Solver_Type_Simulate) with 2 uncertain variables and 1
uncertain function.

myprob <- ProblemS$new(Solver Type Simulate, 2, 1)

The next two lines of code pass the distributions of the two uncertain variables, Poisson and
Uniform. Notice that the index for VarDistribution uses the "Flat Address Space" index. For more
information on these distributions, see the Psi Function Reference chapter.

myProb$Model$VarDistribution$Item (0,
Distribution$new ("PsiPoisson (3)"))

myProbS$ModelS$VarDistribution$Item (1,
DistributionS$new ("PsiUniform(9,18)"))

We can also specify a lower and upper bound for uncVarNormal, the uncertain variable with the
Normal distribution.  ControlParam[1] specifies the lower bound for the distribution and
ControlParam[2] specifies the upper bound for the distribution. For a complete list of control
parameters, please see the Distribution Control Parameters section that occurs later on in this
guide.

myprobS$ModelS$VarDistribution[1l] $ControlParams[1l] <- 0
myprobS$ModelS$VarDistribution[1l] $ControlParams[2] <- 3

This example uses a correlation matrix which measures the degree to which the movements of the

two uncertain variables are related. This is optional. The correlation matrix is:
X1Y
X|11].5
Y|5]1

Here we create a new double matrix of size nvars x nvars (2 x 2) to hold the correlation matrix.
The correlation coefficients in the correlationmatrix array are being passed row-wise.

correlationmatrix <- c¢(1.0, 0.5, 0.5, 1.0)
corrmatrix <- DoubleMatrix$new (Array Order ByRow, 2, 2,
correlationmatrix)

Create the simulation evaluator. When running a simulation, the evaluator Eval_Type_Sample
is called so the user can calculate the uncertain functions, much like Eval_Type_Function is called
to compute the objective function and constraints in a nonlinear optimization problem.

We create the Eval_Type_Sample evaluator and pass the evaluator to the SDK. The name of the
evaluator is evalSim().

simEval <- myprob$Evaluators[Eval Type Sample]
simEvalS$Evaluator <- simulationEvaluator

Write the simulation evaluator.

simulationEvaluator <- function (e)

{
problem <- e$Problem;
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First, obtain the values of the uncertain variables.

var <- problem$Variables[O0]

We compute the uncertain function values given the current variable values.

fcnoutput <- (var$value[0] * var$value[0] + -1.0 *
var$vValue[l] * var$Value[l])

Pass the value of the computed function back to the Problem.

problem$Functions[0] <- fcnoutput
Finally, we tell the SDK to continue simulating by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the uncertain

functions . The SDK will mark the current trial as an error trial and continue with the remaining
trials.

return (Engine Action Continue)
}
our evaluator is complete. We will now finish the code inside of the simulation() function.

5. Solve the simulation model. Back inside the simulation() function, we set the number of
simulations to 1000 and run the simulation.

Mypfob$SolverSNumTrials <- 1000
myprob$SolverS$Simulate ()

6. Obtain and display various simulation statistics. We obtain the simulation status and various
statistics.

writeLines (paste ("The status of the solver after simulation is:
", myprob$SolverS$SimulationStatus))

Display the output statistics for the first uncertain variable.

writeLines ("Statistics on the sampled uncertain variables")
writeLines ("Uncertain Demand")

writelLines (paste ("Max value: ",
myprobS$Variables[0] $Statistics$Maximum([0]))
writelLines (paste ("Min value: ",
myprobS$Variables[0]$Statistics$Minimum([0]))
writelLines (paste ("Mean: ",
myprobS$Variables[0] $Statistics$Mean[0]))
writelines (paste ("Variance: ",
myprobS$Variables[0] $Statistics$Variance([0]))

Display the output statistics for the second uncertain variable.

writeLines ("Uncertain Variable 1")

writelines (paste ("Max value: ",
myprobS$Variables[1l]$Statistics$Maximum([0]))
writelLines (paste ("Min value: ",
myprobS$Variables[1l]$Statistics$Minimum([0]))

myprob$Variables[1l]$Statistics$Mean[0]))
writelLines (paste ("Variance: ",

[

(

[
writelLines (paste ("Mean: ",

[

(
myprob$Variables[1l]$Statistics$Variance[0]))
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Display the output statistics for the first uncertain functions.

writeLines ("Statistics on the first uncertain function")
writelLines (paste ("Max Value: ",
myprob$Functions[0] $Statistics$Maximum([0]))
writelLines (paste ("Min Value: ",
myprob$Functions[0] $Statistics$Minimum([0]))
writelLines (paste ("Mean: ",
myprobS$Functions[0] $StatisticsS$Mean[0]))
writelLines (paste ("Variance: ",
myprob$Functions[0]$Statistics$Variance([0]))
percentiles <- myprobS$Functions[0]$Percentiles

Display the output statistics for the second uncertain functions.

writeLines ("Statistics on the first uncertain function")
writeLines (paste ("Max Value: ",
myprob$Functions[1]$Statistics$Maximum([0]))

writeLines (paste ("Min Value: ",
myprobS$Functions[1]$Statistics$Minimum[0]))
writeLines (paste ("Mean: ",
myprobS$Functions[1]$Statistics$Mean[0]))
writelLines (paste ("Variance: ",
myprobS$Functions[1]$Statistics$Variance[0]))

percentiles <- myprobS$Functions[0]$Percentiles

R Source Code

Solver SDK installs over thirty examples that illustrate how to solve linear, integer, quadratic,
nonlinear, nonsmooth, Monte Carlo simulation and simulation optimization programming problems
using the R programming language. The list below gives a brief explanation of each example problem.

See the Introduction to this chapter for help on running each example.
1. Linear Programming Example (Dense Matrix)

e Simple two-variable LP problem which passes a dense constraint matrix "row-wise".
2. Integer Linear Programming Example (Dense Matrix)

e Simple MIP problem, identical to the previous LP problem except that the decision variables
are required to have integer values and the coefficients are passed column wise.

3. Markowitz Optimization with QP Solver

e  Quadratic programming problem, using the classic Markowitz method to find an efficient
portfolio of five securities.

4. Nonlinear programming with GRG engine

e  Simple two-variable nonlinear optimization problem, which defines an evaluator of type
Eval_Type_Function to compute the problem functions.

5. Non-Linear Programming with Evolutionary engine

o  Finds the global optimum of a classic two-variable problem, the Branin function, which has
three local optima.

6. Non-Linear Programming with the GRG engine using Gradients

o Identical to example 5, except that an evaluator of type Eval_Type_Gradient is also defined,
to give the SDK faster and more accurate partial derivatives of the problem functions.
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Markowitz Optimization with GRG Solver

o Identical to example 3, except that the AllGradDepend method is used to pass objtype and
matvaltype arrays to the GRG Nonlinear Solver engine.

Quadratically Constrained Programming with GRG Nonlinear Solver engine

o Similiar to examples 3 and 7, except that the objective maximizes the return.
Exception Handling Example

e lllustrates how to "catch" an exception.

Reading an MPS, OSiL or Excel File

e  Example shows how a problem can be loaded from a text file.

Markowitz Optimization using Hessians

o Identical to examples 3 and 7, except that an evaluator of type Eval_Type_Hessian is defined
to give the SDK faster and more accurate second order derivatives of the problem functions.

Second order Cone programming Example

e Simple example of a problem with two cone constraints.

Integer Programming with All-Different Constraint

e Similar to example 1 and 2 with an added All-Different Constraint.
Linear Programming Infeasibility Diagnosis Example

e Attempts to solve a linear problem that is infeasible, then it uses the 1S finder to diagnose the
infeasibility.

Illustrating Multiple Solutions

o Example illustrates how a user can access all incumbent solutions that the SDK finds during
the optimization.

Linear Programming with Sparse Matrix
o Example illustrates how to pass a sparse matrix.
Simulation Example
e Example program calling the Monte Carlo simulation engine.
Simulation Example with Distribution Fitting
o Illustrates how to fit a distribution to a dataset.
Creating a Problem Object
o Example illustrates two different methods of creating the CProblem object.
Adding Variable and Function Blocks
e This example illustrates the use of pointers to create a CProblem object.
Creating a vector of Problem Objects
o  Creates a vector of problem objects, each with 2 vars and 4 fcns.
Note: This example only will work if multiple licences for the Solver SDK Platform exist.
Traveling Salesman Problem 1 [All-Different Constraint]
o  Example models the Traveling Salesman Problem using an All-Different Constraint.

Traveling Salesman Problem 2 [Multiple All-Different Constraints]
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24.

25.

26.

27.

28.

29.

30.

31.

32.

e This example is identical to Example 22, but this example models four decision variables
using four blocks of variables, each of size 1.

Simulation Example 2

e  This example illustrates the use of the Truncate function to define the uncertain distributions;
it also illustrates the use of a simple binary search as an alternative to the PsiTarget function.

Simulation Example 3

e This example is similar to example24; the difference lies in how we model the variables and
the uncertain functions. In this example, we create a single block of 2 variables, and just 1
uncertain function block with 100 functions.

Simulation Rank Correlations Example
o Example illustrates how to specify a correlation matrix.
Optimization within Simulation Example

e In this example we find the optimal order quantity automatically, by embedding an
optimization problem inside each trial of a simulation problem.

Simulation within Optimization Example

e In this example, which is similar to example 27, we find the optimal order quantity by
embedding a simulation problem inside of an optimization problem.

Simulation Optimization using SIP/SLURP

o Example generates a sample of demand and price (the uncertain variables) in the main
program, stores these sampled values in appropriate arrays, then uses these values to compute
the constraints and the objective of the optimization problem in the Evaluator.

Sodoku with All-Different Constraints
e Constructs 3 arrays of variable objects each representing 9 blocks of variables, where each
block will contain 9 variables.

Simulation Statistical Functions Example
o lllustrates the different statistical functions that are supported for uncertain variables.
PSD Correlation Matrix Example

e  This example demonstrates using a correlation matrix to correlate input uncertain variables.
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Calling the Solver SDK from C
using the Procedural API

Introduction

The Solver SDK offers a procedural API for C, Fortran, Pascal and similar languages that provides
access to the SDK’s primary objects via conventional procedure calls. All procedural calls start with
Solver... and the name or abbreviation of the SDK object, for example Prob, Mod, Var and Fcn.

Creating a New C Project

First, follow the steps in the "Installation™ chapter, which will install all required SDK files, including
Example files, into the Frontline Systems directory (located at C\Program Files) on your hard disk.

1. Create a new project. Start Microsoft Visual Studio, select File | New Project, select C++ on the
left of the dialog and Win32 Console Application under Templates (on the right of the dialog).
Type a name of your choice in the Project name field, and C:\Program Files\Frontline
Systems\Solver SDK Platform\Examples\C\Procedural Test (or a path of your choosing) in the
Location field. Then click OK.

IR maaem—
Project types: Templates: -NET Framework 35 ~ El
| Office » || Visual Studic installed templates -
Database = : :
E] . ]r j
Reporting 3 ; B = ; (g
Test Custorn  TestProject  Windows CLR Console Win32 ATL Project
WCF Wizard Forms Ap... Application  Console ..
Workflow : S
Other Languages Flﬂlgi ;D EPLEI [iss) k1 k" k"
Visual C# MFC Makefile ~ ATLSmart Classlibrary CLREmpty  Empty
Visual C++ =||| Application  Project  Device P... Project Project
ATL i
CLR My e ] [ o M
ar T - gl \r] kel ]
eners
MFC ActiveX MFCDLL ~ MFCSmart MFCSmart MFCSmart  Win32
MFC Control Device A.. DeviceA.. DeviceDLL  Project
Smart Device
Test ] = B
Win32 |l ?] - = = A
A project for creating a Win32 console application
Name: Name of Your Choice
Location: C:\Program Files\Frontline Systems\Solver Platform SDK\Examples\C\ProceduralTest -
Solution Name: Name of Your Choice [¥] Create directory for solution

Click Finish on the next dialog.
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Win32 Application Wizard - Name of Your

‘Welcome to the Win32 Application Wizard

Qvervigw These are the current project settings:

Application Settings » Console application

Click Finish from any window to accept the current settings.

After you create the project, see the project’s readme. txt file for information
about the project features and files that are generated.

[Cros ) [rmen ][ conea

2. Add the library file, SolverSDK.lib. To create an application that calls the Solver SDK in C or

C++, you must include the import library files, SolverSDK.lib in your project or your linkers
response file. (Alternatively, you can write code to use "run-time dynamic linking" by calling
Windows API routines such as LoadLibrary().)

Right click Source Files in the Solution Explorer and select Add | Existing Item. Navigate to
C:\Program Files\Frontline Systems\Solver SDK Platform\Lib and add the SolverSDK.lib file.

3. Add an include statement. In order to access the Solver SDK functions, you must add an include

statement for the file, solversdk.h. To add the include statement, type #include "C:\Program
Files\Frontline Systems\Solver SDK Platform\Include\ProceduralSDK.h" as shown in the screen
print below.

./ ProceduralUserGuideExample - Micrasoft Visual Studio (Administrater]

File Edit View Project Build Debug Tools Test Window Hi

Gl B - | % BB ER= 2|9

\ - - Bz ou|A ., = P

ProceduralUseanideE(ample.c"}’smﬁ Paggl ~ X | Solution Explorer -~ 3 X

5 &
(Global Scope) v . HEA
— A ProceduralUserGuideBxample
Hftinclude "stdafx.n" -l e ;Head:r:\:s
#include "C:\program files\frontline systems\solver platform sdk\include\proceduralsdik.h" o [0 stdafx.
« |n] targetver.h

n

[ Resource Files
& [ Source Files
L L. ¢ ProceduralUserGuideExampld

Eint _tmain(int argc, _TCHAR* argv[])
{

return 0; ;
) " 43 SolverSDK.lib
f € stdafx.c
| ReadMeibd
O i | b L e
Ttem(s) Saved Ln2 Coll Chl INS

4. Set Language to C. To illustrate how to call the Procedural API, the Compile As" property under
"Advanced Properties" is set to "Compile as C Code". To open this dialog, go to View|Property
pages.
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ProceduralUserGuideFxample Property Pa [

Configuration: | Active(Debug) ~| Platform: [Active(wini2) v| [ Configuretion Manager... |
Common Properties Calling Convention __cdecl (/Gd)
Cenfiguration Properties Compile As Compile as C Code (/TO)
General Disable Specific Wamings
Debugging Force Includes

C/C++
General
Optimization
Preprocessor

Force #using
Show Includes. Na
Undefine Preprocessor Definitions

Undefine All Preprocessor Definitions  No
Code Generation

Use Full Paths Mo
Language Qrmit Default Library Names Mo
Precompiled Headers N
Output Files Error Reporting Prompt Immediately (/errorReport:prompt)
Browse Information
Advanced
Command Line
Linker
Manifest Tool
XML Document Generator|
Browse Information
Build Events Compile As

Custom Build Step Select compile language option for .c and .cpp files.  (/TC, /TP)

< m r

[ ok [ cancel |[ apply |

From here you can solve either a linear, nonlinear or simulation model. For more details on each,
please read on.

Creating a linear model.

1. First Steps. Follow the steps in the section, Creating a New C Project. In this example, we will
name the function that will hold the linear example, linear().

2. Create alinear model. For this example, we will solve a linear programming model with two
variables (x1 and x2) and three constraints. Both final variable values must be 0 or larger. The
complete example model is shown below.

Maximize 2 x1 + 3 x2
Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50
X1, x2 non-negative

To begin, the example code below first initializes two variables, nvars and ncons, to pass the
number of decision variables (nvars) and constraints (ncons) in the model.

int nvars = 2, ncons = 3;

The next two lines of code set up two arrays to hold the objective (objcoeff) and constraint
(concoeff) coefficients. Notice that the constraint coefficients in the concoeff array are passed
row-wise. If the coefficients were being passed column-wise, the array contents would be: {9, 6,
5,6,7,10}.

double objcoeff[] = { 2, 3 };
{9, 6, 6, 7, 5, 10 };

double concoeff[]
Next, we create an array to hold the upper bounds of the constraint right hand sides.
double rhsvaluel[] = { 54, 42, 50 };

Here we initialize the variable objval which will hold the final objective value,
double objval;

In the next three lines of code, we create an array to hold the final variable values (x), a problem
handle (prob) and a variable of type _Optimize_Status, (status). The x array is of size two because

136 o SDK User's Guide



there are two variables in the problem. HProblem prob creates the problem handle, prob, and
_Optimize_Status status creates the a variable, status, that will hold the status of the optimization.

double x[2];
HProblem prob;
_Optimize Status status;

This next line of code creates a handle (prob) to the problem. In the remainder of the code, we
will call additional routines, passing the problem handle as an argument.

SolverProblem (&prob) ;

Next, we set the problem type to Problem_Type_Maximize by calling SolverProbTypeSet(). To
set the solver type to minimize, you would pass Solver_Type_Minimize instead. The third
problem type, Solver_Type_FindFeas can be used to find a feasible solution to a system of
constraints with no objective function.

SolverProbTypeSet (prob, Solver Type Maximize, Problem Type NA);

Notice the problem handle (prob) is passed as the first argument to the function. Optionally, you
could pass the problem type for the third argument. In this case, the problem type would be:
Problem_Type_OptLP which indicates to the solver that the problem is linear. The SDK will
automatically select the best engine to solve this type of problem. Within the SDK, the best
engine to solve a linear problem is the LP/Quadratic Solver Engine.

There are five additional types of optimization problems: Problem_Type OptQP (quadratic
optimization problem), Problem_Type_OptQCP (quadratically constrained optimization problem),
Problem_Type_OptNLP (nonlinear optimization problem), and Problem_Type OptNSP (non-
smooth optimization problem). If the problem type is set, the Solver SDK will choose the best
engine available to solve that problem type. For example, if we were to set the problem type to
Problem_Type_OptNSP, then the Evolutionary Engine would be automatically selected to solve
the model.

Now we create a variable block, Vars, by calling SolverVariableAdd() and passing the variable
type, Variable_Type_Decision, along with the number of variables, nvars.

SolverVariableAdd (prob, L"Vars", Variable Type Decision, nvars);

There are four types of variables: Variable_Type_All (specifies variables of all types),
Variable_Type_Decision (decision variables), Variable_Type_Uncertain (for use with simulation
and simulation optimization problems) and Variable_Type_Recourse (recourse variables used in
simulation optimization).

Here we create a function block, Constraints, by calling SolverFunctionAdd() and passing the
function type, Function_Type_Constraint, along with the number of constraints, ncons.

SolverFunctionAdd (prob, L"Constraints", Function Type Constraint,
ncons) ;

There are five types of functions for optimization problems: Function_Type_All (specifies
variables of all types), Function_Type_Objective (objective function), Function_Type_Constraint
(constraints), Function_Type_Uncertain (uncertain functions for use with simulation or simulation
optimization) and Function_Type_Chance (refers to chance constraints for use with simulation
optimization).

The line of code below creates the objective function block, Objective, with the function type,
Function_Type_Objective, and the number of objectives, 1. Currently, the SDK only takes one
objective so this last argument is currently always 1.

SolverFunctionAdd (prob, L"Objective", Function Type Objective,
1);
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Next, we pass the upper bounds of the constraint right hand sides. Alternatively we could also
have passed the constraint right hand sides using the Relation method (see the nonlinear example
below).

SolverFcnUpperBoundSet (prob, L"Constraints", ub constraints);
To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:
SolverVarNonNegative (prob, L"Vars");

In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code
on how to pass upper and lower variable bounds to the SDK.

Note that we use a dense matrix, and pass the elements by row.
SolverModArrayOrder (prob, Array Order ByRow);

@0 ProceduralUserGuideExample - Microsoft Visual Studio (Administrator)

File Edit View Project Build Debug Tools Test Window Help

SdkEnums.h | ProceduralSDK.h ProceduralUserGuideExample.c*|" Start Page w X | Solution Explorer + I x
(Global Scope) T—- m|[EESIER:)
- A ProceduralUserGuideExample
O void linear() | F _ y
1 - = = Header Files
J_] . - 0] stdafxh
Example 1: Solves the LP model: - (1] targetverh
Maximize 2 %1 + 3 x2 i [ Resource Files
Subj to 9 x1 + 6 x2 <= 54 = | Source Files
) 6 x1 + T x2 <= 42 E ¢+ ProceduralUserGuideEx
0 x2 <= 50 ¥ SolverSDK.lib
H G stdafx.c
.8, x2 = 3.6 [ ReadMetst
Matrix is passed rowwise, dense.
int nvars = 2, ncons = 3;
double objcoeff[] = { 2, 3 - = v
double concoeff(] = { 9, &, & 7, 5, 10 };
double ub_constraints[] = { 54, 42, 50 }; Properties -1
doukle objval; linear VCCodeFunction -
double x[2]; o= ]
HProblem prob: =2 (£
_Optimize Status status; (Name) linear

SolverProblem (&prob) »

SolverProbTypeSet (prob, Solver Type_Maximize, Problem Type_NA); i;lnlina

Falze

SolverVariableAdd (preb, L"Vars", Variable Type Decision, nvars): ————
SolverFunctionAdd (prob, L"Constraints", Function Type Constraint, ncons); sl e
= - IsSea Falze

SolverFunctionfdd (prob, L"Chjective", Function_Type Cbjective, 1);

led
SolverFcnUpperBoundSet (prob, L"Constraints", ub_constraints); TypeString  void

SolverVarNonNegative (prob, L"Vars");

SolverModhrrayOrder (prob, Array Order ByRow): (Name)
= ||| Sets/returns the name of the
< m 3 object.
Ttem(s) Saved Ln6 Col 5 Ch5 INS

3.

Call AllLinear and solve the linear model. The two lines of code below call
SolverModAllLinearSet to pass the objective coefficient matrix, objcoeff, and the constraint
coefficient matrix, concoeff. By calling the AllLinear functions, the problem type is updated to
"linear". As a result, the SDK will automatically choose the best linear engine available to solve
the problem. Within the SDK, the LP/Quadratic engine is the best engine to solve a linear
problem.

SolverModAllLinearSet (prob, Function Type Objective,
Variable Type All , objcoeff);

SolverModAllLinearSet (prob, Function Type Constraint,
Variable Type All, concoeff);

Solve the optimization problem by calling SolverOptimize(). Recall from the beginning of this
subsection that status is the variable that will hold the optimization status and objval is a variable
that will hold the final objective value. A pointer to each of these variables (status and objval)
must be passed as the second and third arguments to SolverOptimize(), respectively.
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File Edit View Project Build Debug Tools Test Window Help
SdkEnums.h | ProceduralSDK.h* ProceduralU id ™| Start Page » x | Solution Explorer > 3%

SolverOptimize (prob, &status, &objval);

" ProceduralUserGuideExample - Microsoft Visual Studio (Administrator)

(Global Scope) « “Wlinear() -

22 B
= (A ProceduralUserGuidebxan *

A 1K m r
SolverModAllLinearSet (prob, Function Type Objective, Variable Type A11 , objcoeff); [

SolverModAllLinearSet (prob, Function Type Constraint, Variable Type B11, concoeff): (||| Properties > 31X
linear VCCodeFunction -
SolverCptimize (prob, &status, &objval): [~
4 . b 2= (21
Ttem(s) Saved Ln 47 Col5 Ch2 INS

Obtain and display the solution to the linear model. We obtain and display the final variable
values along with the optimization status, status, and the objective function, objval, on the C
console.

SolverVarFinalValue (prob, L"Vars", x);
printf ("Example 1\n");

printf ("x[0] = %g\n", x[0]);

printf ("x[1] = %g\n", x[1]);

printf ("Obj = %g\n", objval);

printf ("Status = %d\n", status);
Finally, we release the problem from memory.

SolverProbFree (&prob) ;

" ProceduralUserGuideExample - Mig

| Eile Edit Wiew Project Build Debug Tools Test Window Help
SdkEnums.h| ProceduralSDK.bh” ProceduralUserGuideExample.c”| Start Page + x [Solution Explorer -1 x
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printf("Status = 3d\n", status); i o (0] stdafch
printf("0Obj = %g\n", objval); - ] targetver.h o
printf("x[0] = % ®x[0]) I < i »
printf("xll] = %g x1n: — || [Properties 3
SolverProbFree (éprob) ; linear VCCodeFunction -
=[A]
@ |Z
TeTe File ci\program file *
- = ||| (Name)
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5.

Build and run the application. To compile and link this project, select Build | Build
UserGuideExample. Then use Debug | Start Debugging to run the problem. An output window
like the one below, should appear.

Creating a Nonlinear Problem
1.

Basic Steps. Follow the steps above in the section, Creating a New C Project. In this example,
we will name the function that will hold the nonlinear example, nonlinear().

Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear model
with two variables (x and y) and two constraints. The first constraint ( x + y) forces the total of the
two variables to be equal to 1 and the second constraint (x * y) forces the product of the two
variables to be zero or larger. Both final variable values must be non-negative (0 or larger).
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Minimize x"2 + y"2
Subject To:
x +y =1
x *y > 0
X, y non-negative

To begin, the first few lines of code initialize the prob, status, and objval variables. HProblem
prob initializes the problem handle, prob. The status variable will hold the optimization status and
the objval variable will hold the final objective value.

HProblem prob;
_Optimize Status status;
double objval;

These next two lines of code create and initialize two arrays of size 2 which is the number of
variables. The rhs array holds the constraint right hand sides and the x array will hold the final
variable values.

double rhs[] = {1, 0};
double x[2];

Next, we create an array of type _Cons_Rel (defined in the SDK) to hold the constraint "relation",
Cons_Rel_EQ for equality and Cons_Rel_GE for greater than or equal to. There is one additional
relation, Cons_Rel_LE for less than or equal to.

_Cons Rel rel[] = {Cons Rel EQ, Cons Rel GE};

We now create a handle to the problem, prob. We will pass this handle as the first argument to the
various Solver SDK routines.

SolverProblem (&prob) ;

Passing the problem type of OptNLP (nonlinear) by calling SolverProbTypeSet() will direct the
Solver SDK to choose the best nonlinear engine available to solve the problem. Alternatively, we
also could have set the GRG engine manually (in either the SDK Platform or the SDK Pro) by
passing, SolverProbEngineSet(prob, L"GRGNonlinear").

SolverProbTypeSet (prob,
Solver Type Minimize,Problem Type OptNLP);

There are six types of optimization problems: Problem_Type OptLP (linear),
Problem_Type_OptQP (quadratic optimization problem), Problem_Type OptQCP (quadratically
constrained optimization problem), Problem_Type OptNLP (nonlinear optimization problem),
and Problem_Type_OptNSP (non-smooth optimization problem). If the problem type is set, the
Solver SDK will choose the best engine available to solve that problem type. For example, if we
were to set the problem type to Problem_Type OptNSP, then the Evolutionary Engine would be
automatically selected to solve the model.

SolverVariableAdd creates a variable block, Vars, passes the variable type, decision, and the
number of variables, 2.

SolverVariableAdd (prob, L"Vars'", Variable Type Decision, 2);

There are four types of variables: Variable_Type_All (specifies variables of all types),
Variable_Type_Decision (decision variables), Variable_Type_Uncertain (for use with simulation
and simulation/optimization problems) and Variable_Type_Recourse (recourse variables used in
simulation optimization).

Next, we follow up with two SolverFunctionAdd function calls. The first SolverFunctionAdd
creates a function block, passes the function type, constraint, and the number of constraints, 2.
The second SolverFunctionAdd creates an objective function block, Objective, passes the function
type, objective, and the number of objectives, which is currently always 1.
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SolverFunctionAdd (prob, L"Constraints", Function Type Constraint,
2);

SolverFunctionAdd (prob, L"Objective", Function Type Objective,
1)

There are five types of functions for optimization problems: Function_Type_All (specifies
variables of all types), Function_Type_Objective (objective function), Function_Type_Constraint
(constraints), Function_Type_Uncertain (uncertain functions for use with simulation or simulation
optimization) and Function_Type_Chance (refers to chance constraints for use with simulation
optimization).

In this next line of code, we pass the constraint relations (rel) and the right hand sides (rhs).

SolverFcnRelation (prob, L"Constraints"™, rel, rhs);

*s) Procedura]UserGu'\deE).vam le (Running) - Microsoft Visual Studic (Administrator, o=

File Edit View Project Build Debug Tools Test Window Help
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. ] stdafxh
i |h] targetverh
[ Resource Files
|5 Source Files
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double x[2]: Fil e\ ram files|

_Cons Rel rel[] = {Cons_Rel_EQ, Cons_Rel GE}; = chprogram files
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SolverProblem (&prob) ; Islnjected False

SolverProbTIypeSet (prob, Solver Type Minimize, Problem Type OptNLP): IsInline False

SolverVariableldd (prob, L"Vars"™, Variable Type_Decision, 2):
SolverFunctionidd (prob, L"Constraints", Function Type_Constraint, 2):
SolverFunctionddd (prob, L"Objective”, Function Type_Objective, 1):
SolverFenRelation (prob, L"Constraints", rel, rhs); (Name)

T ||| Sets/returns the name of the object.

IsOverloaded  False

IsSealed False

r

Ready Ln114 Col 55 Chs2 INS

Create the nonlinear evaluator. In a linear model or quadratic model, you supply the Solver
SDK with the objective and constraint coefficient matrices. The SDK can determine the values of
the objective and constraints by computing the sums of products of the variables with the supplied
coefficients. However, in a nonlinear model, the coefficients represent first partial derivatives of
the objective and constraints with respect to the variables, and these derivatives change as the
values of the variables change. Therefore, we must supply an evaluator to compute the function
(objective and constraint) values. This evaluator will be called at every iteration, to compute the
values of the objective and constraints, as well as to compute numerical derivatives, if no Jacobian
evaluator is supplied. (It is possible to supply these derivatives directly to the SDK using an
evaluator of type Eval_Type_Gradient. (For more information see the subheading, Using a
Gradient Evaluator to Provide First Order Partial Derivatives in the chapter, Solver SDK
Evaluators.)

We create and pass the evaluator of type Eval_Type_Function, (as described above) to the SDK.
The name of this evaluator is NLPEvaluator.

SolverEvaluatorAdd (prob, NLPEvaluator, NULL, Eval Type Function);

Write the nonlinear evaluator. Inside of the evaluator NLPEvaluator, we first create three
arrays: var, fcn, and obj.  The var array will hold the decision variable values. The fcn array will
hold the computed constraint values, and the obj array will hold the computed objective function
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value. The var and fcn arrays are both of size two because there are two variables and two
constraints. The obj array is of size 1 because there is only one objective function.

double varl[2];
double fcn[2];
double obj[1l];
Next, we ask for the current variable values from the SDK,

SolverVarValue (prob, L"Vars", var);

then store the computed constraint values in the fcn array and the computed objective value in the

obj array.

fcn[0] = var([0] + var[l];

fen[l] = var([0] * var[l];

obj[0] = var[0] * var[0] + var[l] * var([l];

We must pass the fcn and obj arrays back to the Solver SDK.
SolverFcnValueSet (prob, L"Constraints", fcn);
SolverFcnValueSet (prob, L"Objective", obj);

Finally, we tell the SDK to continue optimizing by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the functions
(objective or constraints). The Large Scale GRG engine (within the Solver SDK Platform), the
GRG Nonlinear engine (within the Solver SDK Pro), and the Evolutionary engine (for solving
nonsmooth problems) will disregard the current point and continue solving.

return Engine Action Continue;

Our evaluator is complete. We will now finish the code inside of the nonlinear() function.

" ProceduralUserGuideExample (Running

- Microsoft Visual Studio (Admini:
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- © ProceduralUserGuidef
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SolverVarValue (prob, L"Vars", var): < 1 »
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fen[1] = var[0] * var[1]: E| Properties ~ I x
nonlinear VCCodeFunction
ob3[0] = var[0]#var[0] + var[l]*var[i]; @z [A
o281
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Item(s) Saved Ln116 Col5 Ch2 INS

5. Solve the nonlinear problem. Back inside the nonlinear() function, we call SolverOptimize() to
solve the nonlinear optimization problem. As in the linear model above we must pass pointers to
the status and objval variables as the second and third arguments to SolverOptimize().

SolverOptimize (prob, &status, &objval);
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6. Obtain and display the solution to the linear model. We obtain and display the final variable
values as well as the optimization status and final objective function value.

We ask for the final variable values,

SolverVarFinalValue (prob, L"Vars", x);

then display them, along with the optimization status and final objective value.
printf ("Example 4\n");

printf ("Status = %d\n", status);

printf ("Obj = %g\n", objval);

printf ("x[0] = %g\n", x[0]);

printf ("x[1] = %g\n", x[1]);

Finally, we release the problem from memory.

SolverProbFree (&prob) ;
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7. Build and run the application. To compile and link this project, select Build | Build
userguideexample. Then use Debug | Start Debugging to run the program. An output window like
the one below should appear.

Creating a Simulation Model

1. Basic Steps. Follow the steps in the chapter, Creating a New C Project. In this example, we will
name the function that will hold the simulation example, simulation().

2. Create a simulation problem. The simulation model that we will be solving in this example
contains two uncertain variables, x and y. The uncertain variable, x, has a Uniform distribution
with a lower parameter of 0 and an upper parameter of 2. The uncertain variable, y, has a Normal
distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
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functions. The first uncertain function is the total of the two uncertain variables. The second is
the product of the two uncertain variables.

X = PsiUniform(0,2) and Y = PsiNormal(1l,1)
Function[1l]: X + Y
Function[2]: X * Y

To begin, we create several variables, a variable, status, of type_Simulate_Status , a problem
handle (prob), and three integer variables (i, numvalues, and numerrors). The status variable will
hold the optimization status after the simulation has completed. The problem handle, prob, will be
passed as an argument to the various Solver functions. The integer variable, i, will serve as a
counter later on in the code. The integer variable numvalues will hold the number of successful
trials. The integer variable numerrors will hold the number of trials that result in an error. The
number of trials equals numvalues plus numerrors (NumTrials = NumValue + NumErrors). For
example, if you have 100 functions, and on trial 83, one of those functions returns an error, then
all values for the 100 functions for trial 83 will be discarded. This means that when the Mean is
computed for each function, the value for trial 83 will not be included.

_Simulate Status status;
HProblem prob;

int i;

int numvalues, numerrors;

Next, we create several arrays which will hold various statistics once the simulation is complete.
All but the last array is given a size of two, which is the number of variables. The percentiles
array will hold all 100 percentiles for each uncertain variable.

double minimum[2];

double maximum[2];

double mean[2];

double stddev[2];

double variancel[2];

double skewness[2];

double kurtosis[2];

double mode[2];

double percentiles[2*100];
Next, we initialize the number of uncertain variables (nvars) and functions (nfcns).
int nvars = 2, nfcns = 2;

This example uses a correlation matrix which measures the degree to which the movements of the
two uncertain variables are related. This is optional. The correlation matrix is:

The elements in the correl array below are in row-wise order.
double correlf] = { 1.0, 0.5, 0.5, 1.0 };

The next line of code creates a handle to the Problem, prob. We will pass this handle as the first
argument to the various Solver SDK routines.
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SolverProblem (&prob) ;

Next, we set the problem type to Problem_Type_Simulate by calling SolverProbTypeSet().
Notice the problem handle (prob) is passed as the first argument to the function. Optionally, you
could pass the problem type for the third argument. In this case, the problem type would be
Problem_Type_SimCorrel which indicates to the solver that we are solving a correlational
simulation problem.

SolverProbTypeSet (prob, Solver Type Simulate, Problem Type NA);

There are two additional problem types for a simulation model, Problem_Type_NA which means
that the problem type is unavailable, and Problem_Type_InDep, which indicates an independent
simulation problem.

Now we create a variable block, Vars, by calling SolverVariableAdd() and passing the variable
type, Variable_Type_Uncertain, along with the number of variables, nvars.

SolverVariableAdd (prob, L"Vars", Variable Type Uncertain, nvars);

There are four types of variables: Variable_Type_ All (specifies variables of all types),
Variable_Type_Decision (decision variables for use with optimization models),
Variable_Type_Uncertain (for use with simulation and simulation optimization problems) and
Variable_Type Recourse (recourse variables used in simulation optimization).

Next, we create a function block, Funcs, by calling SolverFunctionAdd() and passing the function
type, Function_Type_Uncertain, along with the number of uncertain functions, nfcns.

SolverFunctionAdd (prob, L"Funcs", Function Type Uncertain,
nfcns) ;

There are five types of functions: Function_Type_All (specifies variables of all types),
Function_Type_Objective (objective function), Function_Type_Constraint (constraints),
Function_Type_Uncertain (uncertain functions for use with simulation or simulation optimization
problems) and Function_Type_Chance (refers to chance constraints for use with simulation
optimization problems).

The following two lines of code pass the distributions of the two uncertain variables, Uniform and
Normal.

SolverModDistInit (prob, Dist Var, 0, L"PsiUniform(0,2)" );
SolverModDistInit (prob, Dist Var, 1, L"PsiNormal(1l,1)" );

This next line of code, SolverModArrayOrder(), specifies that the correlation array is being passed
"row wise". Alternatively, you could pass the coefficients "column wise" with
Array_Order_ByCol.

SolverModArrayOrder (prob, Array Order ByRow);
Next, we pass the correlation matrix to the SDK using SolverModDistCorrelationsSet().
SolverModDistCorrelationsSet (prob, 4, NULL, NULL, correl);
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3. Create the simulation evaluator. When running a simulation, the evaluator of type
Eval_Type_Sample is called so the user can calculate the uncertain functions, much like the
evaluator of type Eval_Type_Function is called to compute the objective and constraints in a
nonlinear optimization problem.

We create the evaluator of type Eval_Type_Sample (as described above) and pass the evaluator to
the SDK. The name of the evaluator is EvalSim().

SolverEvaluatorAdd (prob, EvalSim, NULL, Eval Type Sample);

4.  Write the simulation evaluator. Inside of the evaluator, evalSim(), we first create two
convenient pointers, pVar, which is a pointer to the uncertain variables, and pFcn, which is a
pointer to the uncertain functions.

double pVar([2];
double pFcnl[2];
First, we ask for the current uncertain variable values,
SolverVarValue (prob, L"Vars", pVar);

store the computed uncertain function values in the pFcn array.

pFcn[0] pvVar[0] + pVar[l];

pFcen[l] = pVar[0] * pVar[l];
and then pass the function values back to the SDK.
SolverFcnValueSet (prob, L"Funcs", pFcn);

Finally, we tell the SDK to continue simulating by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type_Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the uncertain

146 SDK User's Guide



functions. The SDK will mark the current trial as an error trial and continue with the remaining
trials.

return Engine Action Continue;

Our evaluator is complete. We will now finish the code inside of the simulation() function.
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5. Solve the simulation model. Back inside the simulation() function, we solve the simulation.

SolverSimulate (prob, & status);
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6. Display the various simulation statistics. Recall the status variable which now holds the
simulation status, the variables of type integer, numvalues and numerrors, and the arrays created
to hold various statistics.

printf ("Example 17\n");
printf ("Status = %d\n", status);
printf ("\nStatistics on Uncertain Variables\n");
SolverVarStatistics (prob, L"Vars",
&numvalues, &numerrors, minimum, maximum, mean, stddev,
variance, skewness, kurtosis, mode);

SolverVarPercentiles (prob, L"Vars",
Array Order ByRow,percentiles);

for(i = 0; i < nvars; 1 ++)
{
printf ("Variable %d\n", 1i);

printf ("Minimum = %$g\n", minimum[i]);

printf ("Maximum $g\n", maximum[i]) ;

printf ("Mean %$g\n", mean[il]);

printf ("StdDev = %g\n", stddev[il]);
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printf ("Variance = %g\n

printf ("Skewness = %g\n

printf ("Kurtosis %g\n
printf ("10th Percentile
printf ("90th Percentile

}
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printf("Status = d\n", status):
printf ("\n5tatistics on Uncertain
SolverVarStatistics (prob, L"Vars",

& numvalues, & numerrors,

minimum, maximum, mean, stddev,

wvariance, skewness, kurtosis, mode):
SolverVarPercentiles (prob, L"Vars", Array Order ByRow
for(i = 0; i < nvars; i ++)
{

Variables\n");

printf ("Variable %d\n", i):
printf("Min £g\n", minimum[i]}:
printf ("Maximum \n", maximum[i]):
printf ("Mean mean[i]);
printf ("Stdbev stddev[i]);
printf ("V nce variance[i]):
printf("Skewness skewness[i]):
printf ("Kurtosis kurtosis[i]);

imum

printf("10th Percentil
printf("90th Percen

, percentiles);

n", percentiles[i * 100 + 101);:
n", percentiles[i * 100 + 20]);

< M

|

Solution Explorer - Ix

=1

.33 ProceduralUserGuideExar »
£ [ Header Files 1
o [n] stdafeh
- [0] targetver.h
[ Resource Files
[ |7 Source Files
€] ProceduralUserGuide
4 SolverSDKlib 4
- & stdafx.c

Dondbde bt

« i r

m

Properties -1 x
simulation VCCodeFunction -

simulatien o

ch\program file|

FullName simulation

Islnjected False

Llnline False -
(Name)

Sets/returns the name of the
object.

Ready

Ln 208 Coll

Chl INS

printf ("\nStatistics on Uncer

tain Functions\n");

SolverFcnStatistics (prob, L"Funcs",

& numvalues, & numerrors,

minimum, maximum, mean, stddev,

varia

SolverFcnPercentiles (prob, L"
Array Order ByRow,percentiles

for (i = 0; 1 < nfcns; i++)
{

printf ("Function %d\n",

printf ("Minimum

nce, skewness, kurtosis, mode);

Funcs",

)7

i)7

%g\n", minimum(il);

printf ("Maximum = %$g\n", maximum[i]) ;
printf ("Mean = %g\n", mean[i]);

printf ("StdDev

printf ("Variance

%$g\n", stddev[i]);

%$g\n", variancel[i]);

printf ("Skewness = $g\n", skewness[i]);

printf ("Kurtosis
printf ("10th Percentile
printf ("90th Percentile

%g\n", kurtosis[i]);

%$g\n", percentiles[i*100+10])

$g\n", percentiles[i*100+90])

’

’

148 o

SDK User's Guide




}
Finally, we release the problem from memory.
SolverProbFree (&prob) ;

l
w1 ProceduralUserGuideExample - Microsoft Visual Studio (Administrator] C=nnEaee

File Edit Wiew Project Build Debug Teols Test Window Help

SdkEnums.h | ProceduralSDK.h-" ProceduralUserGuideExample.c* Start Page ~ 3 | Solution Explorer > 1 X
=S| E A
(Global Scope) * “Wwmain(int argc, _TCHAR *[] argv) - 2| @ |3 S
. = [ ProceduralUserGuideExan
printf ("\nStatistics on Uncertain Functions\n"); P
~ ||| & [ Header Files
SolverFonStatistics (prob, L"Funcs", 1] stdafich
] targetver.h

& numvalues, & Numerrors,
minimum, maximum, mean, stddev,
variance, skewness, kurtosis, mode);

i... [ Resource Files E
= | SourceFiles

SolverFcnPercentiles (prob, L"Funcs", Array_Order ByRow, percentiles); - ¢ ProceduralUserGuids

for (i = 0; i < nfecns; i+4) - %a SolverSDKlib

i - € stdafuc i
printf("Function %d\n", i): N

4 T 3

print

um = %g\n", minimum[i]);

X

Properties —_.

printf ("Maximum = g maximum[i]);

princf (" = tg\n", mean[il): wmain VCCodeFunction -
printf (" = 2g\n", stddev[i]); -

princf (" = variance([i]); @=- |2

printE(" = , skewness[i]): File P
printf (" = , kurtosis[i]):

princf (" %gh\n", percentiles[i * 100 + 10]): T E

m

printf("90th Perc tg\n", percentiles[i * 100 + 90]);

SolverProbFree (éprob) ; (Name)
Ly = ||| Setsfretums the name of the
q v object.
Ready Ln222 Col5 Ch2 INS

7. Build and run the application. To compile and link this project, select Build | Build
userguideexample. Then use Debug | Start Debugging to run the program. As output window like
the one below should appear.

— —
B c\Program Files\Frontline Systems\Solver Platform SDK\ExamE]es\C++\Pmcedura\UserGuideB(amp...

Simulation Example
Status = @

Statistics on Uncertain Uariables

Uariance = B.333685
845 7e -PAG6

Statistics on Uncertain Functions
n @

1.95577
.11787

?
-0.8906861
98th Percentile = 3.45416

Procedural C Source Code

The source code file ProceduralTest.c (installed into C:\Program Files\Frontline Systems\Solver SDK
Platform \Examples\C\ProceduralTest) contains over thirty examples of how to solve linear, integer,
quadratic, nonlinear, nonsmooth, Monte Carlo simulation and simulation optimization programming
problems using the Procedural API. The list below gives a brief explanation of each example problem.

You can easily open and run each example by opening Visual Studio, clicking File | Open Project,
browsing to C:\Program Files\Frontline Systems\Solver SDK Platform\Examples\C\Procedural Test
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and opening the file, Procedural Test-VS6.sIn (for VisualStudio V6), ProceduralTest-VS2003.sIn (for
Visual Studio 2003), ProceduralTest-VVS2005.sIn (for Visual Studio 2005), ProceduralTest-VVS2008.sIn
(for Visual Studio 2008) or Procedural Test-VS2010.sIn (for Visual Studio 2010). To run the example,
go to Debug | Start Debugging in Visual Studio.

1.

10.

11.

12.

13.

14.

Linear Programming Example (Dense Matrix)
Simple two-variable LP problem which passes a dense constraint matrix "row wise".
Integer Linear Programming Example (Dense Matrix)

Simple MIP problem, identical to the previous LP problem except that the decision variables
are required to have integer values and the coefficients are passed column wise.

Markowitz Optimization with QP Solver

Quadratic programming problem, using the classic Markowitz method to find an efficient
portfolio of five securities.

Nonlinear programming with GRG engine

Simple two-variable nonlinear optimization problem, which defines an Eval_Type_Function()
evaluator to compute the problem functions.

Non-Linear Programming with Evolutionary engine

Finds the global optimum of a classic two-variable problem, the Branin function, which has
three local optima.

Non-Linear Programming with GRG engine using Gradients

Identical to example 5, except that an Eval_Type_Gradient evaluator is also defined, to give
the SDK faster and more accurate partial derivatives of the problem functions.

Markowitz Optimization with SOCP Solver

Identical to example 3, except that the AllGradDepend method is used to pass objtype and
matvaltype arrays to the SOCP engine.

Quadratically Constrained Programming with SOCP Solver

Similiar to examples 3 and 7, except that the objective maximizes the return.
Exception Handling Example

Illustrates how to "catch" an exception.

Reading an MPS, OSiL or Excel File

Example shows how a problem can be loaded from a text file.

Markowitz Optimization using Hessians

Identical to examples 3 and 6, except that the Eval_Type Hessian evaluator is defined to give
the SDK faster and more accurate second order derivatives of the problem functions.

Second order Cone programming Example

Simple example of a problem with two cone constraints.

Integer Programming with All-Different Constraint

Similar to example 1 and 2 with an added All-Different Constraint.
Linear Programming Infeasibility Diagnosis Example

Attempts to solve a linear problem that is infeasible, then it uses the 1IS finder to diagnose the
infeasibility.
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15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

Illustrating Multiple Solutions

Example illustrates how a user can access all incumbent solutions that the SDK finds during
the optimization.

Linear Programming with Sparse Matrix

Example illustrates how to pass a sparse matrix.

Simulation Example

Example program calling the Monte Carlo simulation engine.

Simulation Example with Distribution Fitting

Illustrates how to fit a distribution to a dataset.

Creating a Problem Object

Example illustrates two different methods of creating the CProblem object.
Adding Variable and Function Blocks

This example illustrates the use of pointers to create a CProblem object.
Creating a vector of Problem Objects

Creates a vector of problem objects, each with 2 vars and 4 fcns.

Note: This example only will work if multiple licences of the SDK exist.
Traveling Salesman Problem 1 [All-Different Constraint]

Example models the Traveling Salesman Problem using an All-Different Constraint.
Traveling Salesman Problem 2 [Multiple All-Different Constraints]

This example is identical to Example 22, but this example models four decision variables
using four blocks of variables, each of size 1.

Simulation Example 2

This example illustrates the use of the Truncate function to define the uncertain distributions;
it also illustrates the use of a simple binary search as an alternative to the PsiTarget function.

Simulation Example 3

This example is similar to example24; the difference lies in how we model the variables and
the uncertain functions. In this example, we create a single block of 2 variables, and just 1
uncertain function block with 100 functions.

Simulation Rank Correlations Example
Example illustrates how to specify a correlation matrix.
Optimization within Simulation Example

In this example we find the optimal order quantity automatically, by embedding an
optimization problem inside each trial of a simulation problem.

Simulation within Optimization Example

In this example, which is similar to example 27, we find the optimal order quantity by
embedding a simulation problem inside of an optimization problem.

Simulation Optimization using SIP/SLURP

Example generates a sample of demand and price (the uncertain variables) in the main
program, stores these sampled values in appropriate arrays, then uses these values to compute
the constraints and the objective of the optimization problem in the Evaluator.
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30.

31

32.

Sudoku with All-Different Constraints

e Constructs 3 arrays of variable objects to create 3 variable objects each representing 9 blocks
of variables, where each block will contain 9 variables.

Simulation Statistical Functions Example
o lllustrates the different statistical functions that are supported for uncertain variables.
PSD Correlation Matrix Example

e This example demonstrates using a correlation matrix to correlate input uncertain variables.

There are five additional examples installed into the Frontline Systems\Solver SDK
Platform\Examples\C# directory. You can run each of them, by clicking the appropriate solution file
inside of each directory described below.

1.

CollegeFundModel

e  This example illustrates how to load and solve a model from an Excel workbook that contains
a Solver simulation model. The simulation predicts the amount of funds needed to cover
college tuition.

CutStock

e A cutting stock problem involves allocating space on large sheets of paper or timbers to be cut
into smaller pieces to meet demand while minimizing waste.

Portfolio

o An example that uses the Markowitz method to obtain the best combination of stocks to
minimize the variance of the portfolio given a return.

ProductMix

e  This example demonstrates how to load and solve a model from an Excel workbook that
contains a Solver optimization model.

TSP

e  This example uses the Evolutionary Engine to solve a classic Traveling Salesman Problem.
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Calling the Solver SDK from VB6
using the COM API

Introduction

This chapter details the steps required to build and run a simple linear, nonlinear, and simulation
example using the Solver SDK from COM (Component Object Model). To demonstrate, we will be
using Microsoft Visual Basic 6.0. A section explaining how to call the Solver SDK from VBA will
follow.

Creating a New VB Project

First, follow the steps in the "Installation" chapter, which will install all required SDK files, including
Example files, into the Frontline Systems directory located at C:\Program Files on your hard disk.

1. Create a new project. Start Microsoft Visual Basic 6.0 and select Standard EXE on the dialog
shown below. Then click Open.

New Project
g tenroier (N =

L8
New | Bsting | Recent |

M R » B N

EHEEECISTE  ActiveX EXE  ActiveX DLL ActiveX VB Application
Control Wizard

% & & <
N3 OH N W
£ )
VB Wizard ActiveX Activex Addin Data Project
Manager Document DI Document Exe

P~ [ S

Cancel
Help

I Dont show this dialog in the future

A new form will open. Construct a form of your choice using the Visual Basic Toolbox. In this
example, the simple form shown below will be referenced.
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@

Solve Monlinear Solve Simulation

Solver Linear

2. Add a reference to the SDK. In order to access the methods and properties in the Solver SDK,
you must set a reference. To add the reference, click Project on the toolbar and then choose
References from the menu. Scroll down to find Solver Platform SDK 2020 and place a check in
the box next to this item, as shown in the screenshots below.

File Edit
. x|

General

%

A B

04

F &

Add DHTML Page

sy 4 Add Dsta Ewirorment

o More ActiveX Designers... ,

- Add File... CtrleD
]

o Remove User Guide Eampledim
<=

@

Projectl Properties...

References - StandardExamples.y

Available References: EI

Visual Basic For Applications
v Visual Basic runtime abjects and procedures

v Visual Basic objects and procedures
/| OLE Automation Browse...
Help

(H

5] Sclver Platform SDK 11.0
|| AboutDlg 1.0 Type Library ﬂ
[] AccessibiltyCplAdmin 1.0 Type Library

[ ACCOMWirapper 1.0 Type Library Priority
[] ACGadgetWWrapper 1.0 Type Library

[ Acrobat Access 3.0 Type Library ﬂ
|| AcrolEHelper 1.0 Type Library

[ Active DS Type Library

|| ActiveMovie control type library

[ | ArtiveX DL tn nerfarm Minratinon of MS Rennsitors U
4 »

[~ Salver Platform SDK 11.0
Location:  C:\Program Files'\Frontiine Systems\Solver SDK Platform'Bin\St
Language: Standard

3. Add Option Explicit statement. Right click Formlin the Project Explorer window, choose View
Code from the menu and type Option Explicit as shown in the screen print below.

Using Option Explicit in our code will prohibit us from using undeclared variables and

incorrectly typing the name of an existing variable in our code.
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iy
FEile | Edit Vi Project Fol

|-t -3 @@ Rdoc] ) | HEFAYREAD s

Debug Run Query Diagram Tools Add-Ins Window Help

x| Project - Projectl
General =1 “i
% & S B projecti (Projectl)
AR 3 ("o prgpen - Formt (od .
"7 4 [(General) =] [ivecterations)
Ir . Cption Explicit]
EE
a3
=
&

Properties - Forml

g [Form1 Form |

m Alphabetic |Cabegurized|
(Name) Form1
Appearance 1-3D [
AutoRedraw  False L
BackColor [ aHz000000F
BorderStyle 2 - Sizable

Form1
ClipControls True
Controlfiox True
DrawMode 13 - Copy Pen
DrawStyle 0 - Salid
Demwibidth 1
Caption
Returnsfsets the text displayed in a
object’s title bar or below an object”
Farm Layout
Projectl - Microsoft Visual Basic [design] |
—
4 @ Inboxin nicole_ho.. | [ Fron s ) DLEMamVI0.doc [ |, Project] - M ‘%, Standardexamples... | /2 Option Explicit Sta... N G <@ wlE W

From here you can solve either a linear, nonlinear, or simulation model. For more details on each,
please read on.

Creating a Linear Model

1. Firststeps. Follow the steps in the section, Creating a New Visual Basic Project, and then double
click on the Solve Linear command button. This will open the btnLinear_Click() event which is
where we will write our code to solve the linear optimization problem.

Calling the Solver SDK from VB6 using the COM API e 155



FEile Edit View Project Format Debug Run Query Diagram Tools Add-Ins Window Help

|-2-Tl2l i 2edoc ) ) | HERERAD 3o

Project - Project]

y

General =] Hi
|T & -5 Project1 (Project1)
=455 Forms
A a0 B3 Form1 (Form1)

[*7 1 | [otmtinear =] [etiex

¥ & e Option Explicit

E:R=] ; Private Sub btnlinear Click()

ﬂﬂﬂ

Alphabetic I Categorized |

1-3D

Cancel False

Causesvalidation True

binLinear -
O SHBOOOOOOFH|

Solver Linear

Default False

DisabledPicture | (None)

bragicon (None)

DownPicture (None)

Nranhinde N - Manual

b =]
&
B~ Properties - btnLinear |
g | binLinear Commandsutton |

Caption

Form Layout

Returns/sets the text displayed in an
object's title bar or below an object's

x|

2. Create the linear model. In this section, we will solve a linear optimization problem with two
variables (x1 and x2) and three constraints. Both final variable values must be zero or larger.

Maximize 2 x1 + 3 x2
Subject To:

9 x1 + 6 x2 <= 54

6 x1 + 7 x2 <= 42

5 x1 + 10 x2 <= 50
x1, x2 non-negative

To begin, the example code first initializes two variables, nvars and ncons, to pass the number of
variables and constraints in the model.

Dim nvars As Integer, ncons As Integer
nvars = 2

ncons = 3

The next few lines of code setup the objective and constraint coefficient matrices using two
separate double matrices: objcoeff — for the objective coefficients and and concoeff — for the
constraint coefficients. Since there is only one objective, we pass the double matrix, objcoeff, of
size nvars (number of variables) x 1 for the objective coefficients and the second double matrix,
concoeff, of size nvars x ncons (number of constraints) for the constraint coefficients. Notice that
we are using NZBgn and NZEnd when passing the constraint matrix (concoeff) as explained in the
subsection Passing Sparse Matrices in the chapter, Designing Your Application. As a result, the
SDK Solver will not update the concoeff DoubleMatrix object until NZEnd is executed.

Dim objcoeff as New DoubleMatrix
With objcoeff
.Create Rows:=1, Columns:=2

.Value (0,0) = 2
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.Value (0,1) = 3

End With

Dim concoeff as New DoubleMatrix

concoeff.NZBgn

With concoeff
.Create Rows:=3, Columns:=2
.Value (0,0) =
.Value (0,1) =
.Value(1,0) =
.Value(1l,1) =
.Value (2,0) =

R O J o o W

.Value(2,1) =
End With
Concoeff.NZEnd
Next, we create an array to hold the upper bounds of the constraint right hand sides.
Dim ub_constraints(2) as Double
ub constraints (0) = 54
42
50

ub constraints (1)

ub_ constraints (2)

This next line of code (Dim prob as New SolverPlatform) creates an instance of the Problem class.
This constructor will not create any variable or function blocks or pass any additional information,
such as whether you are solving a minimization optimization, maximization optimization or
simulation problem.

Dim prob as New SolverPlatform.Problem

These two lines of code pass the number of decision variables (prob.VarDecision.Size = nvars)
and constraints (prob.FcnConstraint.Size = ncons) that are included in the model.

prob.VarDecision.Size = nvars

prob.FcnConstraint.Size = ncons

To tell the SDK to maximize the model, we use the line of code below. Alternatively,
Solver_Type_Minimize will result in the model being minimized.

prob.Solver.SolverType = Solver Type Maximize

We pass the ub_constraints array to the SDK. Recall that this array holds the upper bounds of the
constraint right hand sides.

prob.FcnConstraint.UpperBound = ub constraints
To pass a lower bound of 0 on any variable that does not currently have a lower bound, call:
prob.VarDecision.NonNegative

In this example, we have not provided lower bounds for either of our variables. This line of code
effectively adds a lower bound of 0 for both. See the nonlinear problem below for example code
on how to pass upper and lower variable bounds to the SDK.

To tell the SDK to maximize the model, we use the line of code below. Alternatively,
Solver_Type_Minimize will minimize the problem.
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prob.Solver.SolverType = Solver Type Maximize

w5 Projectl - Microsoft Visual Basic [design] - [Form1 (Cede)]

B File Edit View Project Format Debug Run Query Diagram Tools Add-Ins Window Help - =] x|
B-i-IFHE Bd o > HEBERE M n3s ol
x| [tnLinear =] [cnex BRI x|
General
4 Dim nvars As Integer, ncons As Integer j =]
nvars = 2 =5 Project1 (User Guide Proje
ncons = 3 £ Forms
LB Form1 (User Guide Exar
Dim objcoeff As New DoubleMatrix
With objcoeff
V& .Create Rows:=1, Columns:=32
] .Value(Q, 0) = 2
H .Value(0, 1) = 3
B End With
=
it B =] Dim concoeff As New DoubleMatrix
e concoeff.NZBgn
Ea With concoeff
.Create Rows:=3, Columns:=2
& .Value(d, 0) = 9
o] .Value(0, 1) = &
.Value(l, 0) = &
Valueil, 1) = 7
.Value{2, 0) = 5
.Value{2, 1) = 10
End With
concoeff.NZEnd
Dim ub_constraints(2) As Double
ub_constraints(0) = 54 « [ v
ub_constraints(l) = 42 o x
ub_constraints(2) — 50 foperties
Dim prob As New SolverPlatform.Problem Alphabetic ICategor\zed]
prob.VarDecision.5ize = nvars
prob.FenConstraint.Size = ncons
prob.FenConstraint . UpperBound.Array = ub_constraints Form Layout ﬂ
prob.Solver.SolverType = Solver Type Maximize
prob.VarDecision.NonNegative -
= ST _,,J

3. Solve the linear model. The line of code, prob.Model.AllLinear(Function_Type_Obijective),
passes the objective coefficient matrix and prob.Model.AlLinear(Function_Type_Constraint)
passes the constraint coefficient matrix setup above. Calling prob.Model.AllLinear sets the
problem type to "linear". Consequently, the SDK will automatically choose the best linear engine
available to solve the problem. If no additional Large Scale "plug in" engines have been added,
then the LP/Quadratic engine will be selected in the Solver SDK Platform and the LP Simplex
engine will be selected in the Solver SDK Pro.

prob.Model.AllLinear (Function Type Objective) = objcoeff;
prob.Model.AllLinear (Function Type Constraint) = concoeff;

Solve the optimization model by calling:

problem.Solver.Optimize

] File Edit View Project Format Debug Run Query Diagram Tools Add-Ins Window Help _18]:
B =5 #h o b HMERKEFREHL

ﬂ |(Genera|] j |(Declarations] D =E= P EL
General :‘ =)
k prob.Model.Alllinear (Function_Type_Objective) = cbjcoeff a W »

prob.Model.AllLinear (Function Type Constraint) = concoeff

A bl - - Properties |
B rob.Solver.Optimize o=

O prob. . =
F o g _,,L‘ Form Layout

4. Obtain and display the solution to the linear model. We obtain the solution status,
Dim status as Optimize Status
status = prob.Solver.OptimizeStatus

along with the final objective function value,
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Dim objValue () as Double

objValue = prob.FcnObjective.FinalValue.Array

and final decision variable values.

Dim varvalue () as Double

varvalue = prob.VarDecision.FinalValue.Array

Then we use message boxes to display the answer.
MsgBox ("Optimize Status = " & status)
MsgBox ("x1 = " & wvarvalue(0))

MsgBox ("x2 = " & varvalue(l))

MsgBox ("Obj = " & objValue(0))

File Edit View Project Format Debug Run Query Diagram Iools Add-Ins Window Help

Dim status As Cprimize Status
status = prob.Solver.CptimizeStatus

Dim varvalue () As Double
varvalue = prob.VarDecision.FinalValue.Array

Dim objValue() ZAs Double
objValue = prob.FconObjective.FinalValue.Array

MsgBox ("Optimize Status = " & status)

MsgBox ("x1 = " & warvalue(0))

MsgBox ("x2 = " & wvarvalue (1))

MsgBox ("Objective = " & objValue(0))
SlEd |

=

e

Bty =5 B - » HEF Y REHZ L cdx
x| Project - Projectl
General | | | & Projectl - Form1 (Code) (=8 Eon | ]
‘aninear j ‘Cl":k j ] S Project1 (User Guide Ex;
=453 Forms

.1 Form1 (User Guide E

. T

5. Release the problem. Set both double matrices, objcoeff and concoeff, and the problem, prob, to
Nothing to release the problem from memory.

&y Projectl - Microsoft Visual Basic [design] - [Form1 (Code)]
[ File Edit View Project Format Debug Run Query Diagram Tools Add-Ins Window Help

Set concosff = Mothing
Set prob = Nothing
End Sub

- EH {BaH » HEJYERED el ol
X[ [otntinear =] [cie Project - Projectl
j (=]
5| ==
Set objcoeff = Nothing £ 558 Project1 (User Guids
=33 Forms

+.[3 Form1 (User Gu
4| . |

~| Properties
Y| Form Layout
—SEE—

6. Running the example. To run the example, go to Run|Start.

Creating a Nonlinear Model

1. Firststeps. Follow the steps above in the section, Creating a New VB Project, and then double
click on the Solve Nonlinear button. Doing so will open the btnNonlinear_Click event which is
where we will write our code to solve the nonlinear optimization problem.

& Project - Microsoft Visual Basic [design] - [Form1 (Code)]

[+ File Edit View Project Format Debug Run Query Diagram Tools Add-Ins Window Help

HB-h-ElEH # | o » A HRE D o coll
ﬂ ‘btnNonlmear j |Chck
General

Project - Projectl

L Private Sub btnNonlinear Click()
A b Fnd Sub

jtl

B Project1 (User Guide
=423 Frarme
4| m |

A,Z‘ Properties - btnNenlinear
3
Form Lavout
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Create the nonlinear problem. This section demonstrates how to solve a simple nonlinear model
with two variables (x and y) and two constraints. The first containt (x + y) forces the total of the
two variables equal to 1 and the second constraint (x * y) forces the product of the two variables to
be greater than zero. Both final variable values must be zero or greater.

Minimize x*2 + y"2

Subject to:

x +y =1

x *y > 0

X, y are non-negative

First, we initialize the number of variables (nvars) and the number of constraints (ncons).

Dim nvars As Integer, ncons As Integer

nvars = 2

ncons = 2

Next, we create two arrays of size ncons (2 constraints) to hold the upper and lower bounds on the
constraint right hand sides. Notice that the upper and lower bound of the first constraint is 1 to
denote an equality constraint. 1E+30 sets the upper bound of the second constraint to positive
infinity.

Dim ub constraints(l) As Double

1#

1E+30

ub_ constraints (0)

ub constraints (1)
Dim lb constraints As Double
1b constraints(0) = 1#

ub constraints(l) = 0

The next two lines of code create two arrays, Ib and ub, to hold the lower and upper variable
bounds, respectively.

Dim 1lb(l) As Double
1b(0) =0
1b (1) 0

Dim ub(l) as Double
ub (0) = 1
ub (1) = 1

This next line of code (Dim prob as New SolverPlatform) creates an instance of the Problem class.
This constructor will not create any variable or function blocks or pass any additional information,
such as whether you are solving a minimization optimization, maximization optimization or
simulation problem.

Dim prob as New SolverPlatform.Problem

Here we pass the constraint upper and lower bounds to the SDK,
prob.FcnConstraint.UpperBound.Array = ub_ constraints
prob.FcnConstraint.LowerBound.Array = lb constraints
following up with the variable upper and lower bounds.
prob.VarDecision.UpperBound.Array = ub constraint

prob.VarDecision.LowerBound.Array = lb constraint
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To tell the SDK to maximize the model, we use the line of code below. Alternatively,
Solver_Type_Minimize will result in the model being minimized.

prob.Solver.SolverType = Solver Type.Minimize
#3 Project] - Microsoft Visual Basic [desgn] ~[Fommd (Code)l P

1 Eile Edit Miew Project Format Debug Run Query Diagram TIools Add-Ins Window Help ==,
B-t-T @8 B# o], N E YRR D o
x| [btntioniinear =] [eiiek - EEEEREEE
General j (=]
\ Dim nvars As Integer, ncons As Integer E--B Project1 (User Guide Pr
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3. Create the nonlinear evaluator. Ina linear model or quadratic model, you typically supply the
Solver SDK with the objective and constraint coefficient matrices. The SDK can determine the
values of the objective and constraints by computing the sums of products of the variables with the
supplied coefficients. However, in a nonlinear model, the coefficients represent first partial
derivatives of the objective and constraints with respect to the variables, and these derivatives
change as the values of the variables change. Therefore, we must supply an evaluator of type
Eval_Type.Function to compute the function (objective and constraint) values. This evaluator will
be called at every iteration, to compute the values of the objective and constraints, as well as to
compute numerical derivatives, if no Jacobian evaluator is supplied. (It is possible to pass these
derivatives directly to the SDK using the evaluator of type Eval_Type.Gradient. For more
information, see the subheading, Using a Gradient Evaluator to Provide First Order Partial
Derivatives in the chapter Solver SDK Evaluators.)

We create and pass the evaluater (as described above) to the SDK.

Set NLPEvaluator = New SolverPlatform.evaluator

prob.Evaluators.Item(Eval Type.Function) = NLPEvaluator

4. Write the nonlinear evaluator. Before we write our evaluator, we must declare a custom event
handler. We declare this event handler directly underneath Option Explicit as shown in the
screenprint below.

[t File Edit View Project Format Debug Run Query Diagram Tools Add-Ins Window Help =8
= R =& = e » HE @Y RE D 2l
ﬂ ‘:General] j ‘(Declarat\ons] j Project - Projectl
General (=]
Option Explicit ;‘ =1 E38 Proiect1 (llser Guide P
Private WithEvents NLPEvaluator As SolverPlatform.evaluator Al C
=
== Properties - btnNonlinear
| == | C Enrrn | oot
— .
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Once this line of code is in place, we can click the down arrow next to (General) and select
NLPEvaluator from the menu as shown in the screenshot below. Visual Basic will automatically
create our nonlinear evaluator, NLPEvaluator_Evaluate.

| ] File Edit View Project Format Debug Rum Query Diagram Teools Add-Ins Window Help =
J R =& o » M @ YR E M n26s coll
x| |S\mEvaIua(or j |Ew,.ua.E S| Project - Projectl
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uy Private Function NLPEvaluator Evaluate (ByVal Evaluator As SolverPlatform.IEvaluator) As SolverPlatform.Engine Action L] n
= Properties
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- Form Layout
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Inside of our NLPEvaluator_Evalute event handler, we first create a convenient pointer, p, to the
Problem,

Dim p As Problem

p = evaluator.Problem

and another pointer, pVar, to the variables.

Dim pVar (1) as Double

pVar = p.VarDecision.Value.Array

Next, we obtain a pointer to the constraint functions and calculate the constraints.
Dim pFcn(l) as Double

pFcn = p.FcnConstraint.Value.Array

Here we pass the first constraint, X + vy,

pFcn (0) = pVar (0) + pVar(l)

and here we pass the second, x *y.

pFcn(l) = pVar(0) * pvar(l)

Then we compute the objective function, x * x +y *y.
p-FcnObjective.Value (0) = pVar(0) * pVar(0) + pVar(l) * pVar(l)
In C#, we must pass the constraint values back to the SDK.

p-FcnConstraint.Value.Array = pFcn

Finally, we tell the SDK to continue optimizing by returning Engine_Action_Continue. There are
two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type_Function a
second time which can be useful if you need to inspect the variable values. Engine_Action_Stop
will indicate to the SDK that an error has occurred during the calculation of the functions
(objective or constraints). The Large Scale GRG engine (within the Solver SDK Platform), the
GRG Nonlinear engine (within the Solver SDK Pro), and the Evolutionary engine (for solving
nonsmooth problems) will disregard the current point and continue solving.

NLPEvaluator Evaluate = Engine Action Continue
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An alternative way to write this evaluator without using the problem, pVar and pFcn pointers is
below.

Private Function NLPEvaluator Evaluate (ByVal evaluator As
SolverPlatform.IEvaluator) As Engine Action

evaluator.Problem.FcnConstraint.Value (0) =
evaluator.Problem.VarDecision.Value (0) +
evaluator.Problem.VarDecision.Value (1)
evaluator.Problem.FcnConstraint.Value(l) =
evaluator.Problem.VarDecision.Value (0) *
evaluator.Problem.VarDecision.Value (1)
evaluator.Problem.FcnObjective.Value (0) =
evaluator.Problem.VarDecision.Value (0) *
evaluator.Problem.VarDecision.Value (0) +
evaluator.Problem.VarDecision.Value (1) *
evaluator.Problem.VarDecision.Value (1)
NLPEvaluator Evalute = Engine Action Continue

End Function

Our evaluator is complete. We will now finish the code inside of the button_NonlinearClick
event.

5. Solve the nonlinear problem. Back inside the button_NonlinearClick event, we provide the
problem type as nonlinear which directs the SDK to select the GRG engine to solve the model.
Alternatively, we also could have set the GRG engine manually (in either the SDK Platform or the
SDK Pro) by calling:
prob.Engine = prob.Engines(prob.engine. GRGName).

prob.ProblemType = Problem Type.OptNLP
To solve the optimization problem, we call:

prob.Solver.Optimize
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prob.ProblenTyps = Problem Type CptNLP

A la_bl prob.Selver.Optimize
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6. Obtain the solution status and final answer. We obtain the solution status, along with the final

objective and variable values,

Dim convalue () As Double

convalue = prob.FcnConstraint.FinalValue.Array
Dim wvarvalue () As Double

varvalue = prob.VarDecision.FinalValue.Array
Dim objValue As Double

objValue = prob.FcnObjective.FinalValue (0)
Dim status As Optimize Status

status = prob.Solver.OptimizeStatus

and display the answer with multiple message boxes.

MsgBox ("Optimize Status = " & status)
MsgBox ("x1 = " & wvarvalue(0))

MsgBox ("x2 = " & varvalue(l))

MsgBox ("Obj = " & objValue)

3 Projectl - Microsoft Visual Basic =

[ File Edit View Project Format Debug Run Query Diagram Tools Add-Ins Window Help -8 il
|S-0-0FEsmealoc], @ o 8EFa% 2R M| 0uscos
| x| Project - Projectl x|

[btnNonlinear =] [ciick

General

Dim status As Oprimize Status
status = prob.Solver.OptimizeStatus

Dim objValue As Double
objValue = prob.FcnObjective.FinalValue (0)

Dim convalue () As Double
convalue = prob.FcnConstraint.FinalValue.Array

Dim warvalue() As Double
wvarvalue = prob.VarDecision.FinalValue.Array

MsgBox ("Optimize Status — " & status)

MsgBox ("x1 = " & varvalue (0))
MsgBox ("x2 = " & wvarvalue (1))
MsgBox ("Okj = " & ckjValue)

JEN I

SIEEIE
=B Project1 (User Guide Proje

£ €3 Forms
[ Form1 (User Guide Exar
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J Properties - binNonlinear x|

| btnNonlinear Commandutton |

+| Form Layout x|
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7. Release the problem. Set the evaluator, NLPEvaluator, and the problem, prob, to Nothing to

release the problem from memory.
Set prob = Nothing

Set NLPEvaluator = Nothing
End Sub
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8. Running the example. To run the example, go to Run|Start.

Creating a Simulation Model

1. Basic steps. Follow the steps in the chapter, Creating a New VB Project, and then double click on
the Solve Simulation button. Doing so will open the btnSimulation_Click event which is where we
will write our code to solve the simulation problem.

eV e T L =
& File Edit View Project Format Debug Run Query Disgram Tools Add-Ins Window Help E
M-t =& B#H o » ME Y REMD 3ol
x| |btn3lmu\atlnn j |c|mk j Project - Projectl.
M Private Sub btnSimulation Click() z‘ =
L3 - ’mm
A End Sub 4 ", :
w| Properties - btnSimulation
! ‘ L’j S

2. Create a simulation problem. The simulation model that we will be solving in this example
contains two uncertain variables, X and Y. The uncertain variable X has a uniform distribution
with a lower parameter of 0 and an upper parameter of 2. The uncertain variable Y has a Normal
distribution with a mean and standard deviation equal to 1. In addition, there are two uncertain
functions. The first uncertain function is the total of the two uncertain variables (X + Y). The
second is the product of the two uncertain variables (X * Y).

X = PsiUniform(0,2) and Y = PsiNormal(1l,1)
Function[l]: X + Y
Function[2]: X * Y
First, we initialize the number of uncertain variables (nvars) and functions (nfcns).
Dim nvars As Integer

Dim nfcns As Integer

nvars = 2

nfcns = 2

This example uses a correlation matrix which measures the degree to which the movements of the
two uncertain variables are related. This is optional. The correlation matrix is:

1]1.5
S5|1

The elements are being passed row-wise.
Dim correl (3) As Double
correl (0) = 1#

0.5

0.5

correl (1)

correl (2)
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correl (3) = 1#

This next line of code (Dim prob as New SolverPlatform) creates an instance of the Problem class.
This constructor will not create any variable or function blocks or pass any additional information,
such as whether you are solving a minimization optimization, maximization optimization or
simulation problem.

Dim prob as New SolverPlatform.Problem

Below, we pass the number of uncertain variables (nvars) and uncertain functions (nfcns) to the
SDK.

prob.VarUncertain.Size = nvars
prob.FcnUncertain.Size = nfcns

Next, we pass the distributions of the two uncertain variables, Uniform and Normal. Since Visual
Basic 6.0 does not support constructors, we must use the .Init property to set the properties and
methods of the Distribution class.

Dim distUniform As New Distribution
distUniform.Init "PsiUniform(0,2)"
prob.Model.VarDistribution (0) = distUniform
Dim distNormal As New Distribution
distNormal.Init "PsiNormal (1,1)"
prob.Model.VarDistribution(l) = distNormal

These next few lines of code create and pass the correlation matrix. The first line of code (Dim
matDistCor as New SolverPlatform.DoubleMatrix) creates a new double matrix, matDistCor. The
second line of code indicates to the SDK that this matrix will be passed "row wise". The third line
of code initializes the Double Matrix by passing the number of variables (nvars) for the rows and
columns and then passing the correlation coefficients from the correl array. The last line of code
passes the matDistCor Double Matrix to the SDK.

Dim matDistCor As New SolverPlatform.DoubleMatrix
matDistCor.ArrayOrder = Array Order ByRow
matDistCor.InitDense nvars, nvars, correl
prob.Model.DistCorrelations = matDistCor

Next, we tell the SDK to solve a simulation problem.
prob.Solver.SolverType = Solver Type Simulate
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3. Create the simulation evaluator. When running a simulation, the evaluator of type
Eval_Type_Sample is called so the user can calculate the uncertain functions, much like the
evaluator of type Eval_Type_Function is called to compute the objective and constraints in a
nonlinear optimization problem.

We create the Eval_Type_Sample evaluator (as described above) and pass the evaluator to the
SDK.

Set SimEvaluator = New evaluator

prob.Evaluators (Eval Type Sample) = SimEvaluator

ts Projectl - Microsoft Visual Basic [design] - [Form1 (Code]] -
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4. Write the simulation evaluator. Before we write our evaluator, we must declare a custom event
handler. We declare this event handler directly underneath Option Explicit as shown in the
screenprint below.
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Once this line of code is in place, we can click the down arrow next to (General) and select
SimEvaluator from the menu as shown in the screenshot below. Visual Basic will automatically
create our simulation evaluator, SimEvaluator_Evaluate.
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Inside of our Simulation_OnEvaluate event, we first create a convenient pointer, pVar, to the
Decision Variables.

Dim Var (1) As Double

Var = evaluator.Problem.VarUncertain.Value.Array

Next, we create an array, pFcn, to hold the computed uncertain function values
Dim pFcn(l) as Double

and then compute the values given the current uncertain variable values.

pFcn (0) = pVar (0) + pVar(l);

pFcn(l) = pVar(0) * pVar(l);

The line of code below passes the constraint values back to the SDK.
evaluator.Problem.FcnUncertain.Value.Array = pFcn
Finally, we tell the SDK to continue simulating.

SimEvaluator Evaluate = Engine Action Continue

Finally, we tell the SDK to continue simulating by returning Engine_Action_Continue. There are

two additional Engine_Action functions, Engine_Action_Evaluate and Engine_Action_Stop.
Engine_Action_Evaluate forces the SDK to call the evaluator of type Eval_Type Function a

second time which can be useful if you need to inspect the variable values. Engine_Action_Stop

will indicate to the SDK that an error has occurred during the calculation of the uncertain

functions. The SDK will mark the current trial as an error trial and continue with the remaining

trials.
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An alternative way to write this evaluator without using the pVar and pFcn pointers is below.

Private Function SimEvaluator Evaluate (ByVal evaluator As
SolverPlatform.IEvaluator) As Engine Action

evaluator.Problem.FcnUncertain.Value (0) =
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evaluator.Problem.VarUncertain.Value (0) +
evaluator.Problem.VarUncertain.Value (1)
evaluator.Problem.FcnUncertain.Value (1) =
evaluator.Problem.VarUncertain.Value (0) *
evaluator.Problem.VarUncertain.Value (1)
SimEvaluator Evaluate = Engine Action Continue

End Function

Our evaluator is complete. We will now finish the code inside of the button_SimulationClick
event.

Solve the simulation problem. Back inside the btn_SimulationClick event, we call the following
line of code to run the simulation.

prob.Solver.Simulate () ;
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Display various simulation statistics. We obtain the simulation status and various uncertain
variable and uncertain function statistics using message boxes.

MsgBox ("Status = " & prob.Solver.SimulateStatus)
Display statistics on the two uncertain variables.
Dim i As Integer
For i = 0 To nvars - 1
MsgBox ("Variable " & 1i)

MsgBox ("Minimum = " &
prob.VarUncertain.Statistics.Minimum(i))

MsgBox ("Maximum = " &
prob.VarUncertain.Statistics.Maximum(1i))

MsgBox ("Mean= " & prob.VarUncertain.Statistics.Mean (i))
MsgBox ("StdDev = " & prob.VarUncertain.Statistics.StdDev (1))
MsgBox ("Variance = " &

prob.VarUncertain.Statistics.Variance (1))

MsgBox ("Skewness = " &
prob.VarUncertain.Statistics.Skewness (1))

MsgBox ("Kurtosis = " &
prob.VarUncertain.Statistics.Kurtosis(i))
MsgBox ("10th Percentile = " & prob.VarUncertain.Percentiles (i,
10))
MsgBox ("90th Percentile = " & prob.VarUncertain.Percentiles (i,
90))
Next
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Display statistics on the two uncertain functions.

MsgBox ("Statistics on Uncertain Functions")

For i =
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7. Release the problem. Set the double matrix, matdistcor, the evaluator, SimEvaluator, both
distributions, distuniform and distnormal, and the problem, prob, to Nothing to release the
problem from memory.

Set SimEvaluator = Nothing
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Set prob = Nothing
Set distUniform = Nothing
Set distNormal = Nothing

Set matdistcor = Nothing
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8. Running the example. To run the example, go to Run|Start.

Calling Solver SDK from VBA

It is also possible to call the Solver SDK through Microsoft Excel’s Visual Basic for Applications
(VBA). The steps for creating and solving a linear, nonlinear, or simulation problem in VBA will be
the same as above, with one exception. VVBA does not support event handlers inside of ‘regular”
modules. Consequently, you must include all callback functions (evaluators) in a class module. To
insert a class module, go to Insert | Class Module in VBA. To set a reference to the SDK in VBA, go
to Tools | References.

Visual Basic 6 Source Code

The source code file FormMain.frm (installed into C:\Program Files\Frontline Systems\Solver SDK
Platform\Examples\VVB6\Standard Examples) contains over thirty examples of how to solve linear,
integer, quadratic, nonlinear, nonsmooth, Monte Carlo simulation and simulation optimization
programming problems. The list below gives a brief explanation of each example problem.

You can easily open and run each example by opening Visual Basic V6.0, clicking File | Open Project,
browsing to C:\Program Files\Frontline Systems\Solver SDK Platform\Examples\VB6\Standard
Examples and opening the file, StandardExamples.vbp on the Existing tab. To run the examples, go to
Run | Start in Visual Studio.

1. Linear Programming Example (Dense Matrix)
e Simple two-variable LP problem which passes a dense constraint matrix "row wise".
2. Integer Linear Programming Example (Dense Matrix)

e Simple MIP problem, identical to the previous LP problem except that the decision variables
are required to have integer values and the coefficients are passed column wise.

3. Markowitz Optimization with QP Solver

e Quadratic programming problem, using the classic Markowitz method to find an efficient
portfolio of five securities.

4. Nonlinear programming with the GRG engine

e  Simple two-variable nonlinear optimization problem, which defines an evaluator of type
Eval_Type_Function evaluator to compute the problem functions.

5. Non-Linear Programming with Evolutionary engine
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Finds the global optimum of a classic two-variable problem, the Branin function, which has
three local optima.

Non-Linear Programming with the GRG engine using Gradients

Identical to example 5, except that an evaluator of type Eval_Type_Gradient is also defined,
to give the SDK faster and more accurate partial derivatives of the problem functions.

Markowitz Optimization with SOCP Solver

Identical to example 3, except that the AllGradDepend method is used to pass objtype and
matvaltype arrays to the SOCP engine.

Quadratically Constrained Programming with SOCP Solver

Similiar to examples 3 and 7, except that the objective maximizes the return.
Exception Handling Example

Illustrates how to "catch™ an exception.

Reading an MPS, OSiL or Excel File

Example shows how a problem can be loaded from a text file.

Markowitz Optimization using Hessians

Identical to examples 3 and 6, except that the evaluator of type Eval_Type Hessian is defined
to give the SDK faster and more accurate second order derivatives of the problem functions.

Second order Cone programming Example

Simple example of a problem with two cone constraints.

Integer Programming with All-Different Constraint

Similar to example 1 and 2 with an added All-Different Constraint.
Linear Programming Infeasibility Diagnosis Example

Attempts to solve a linear problem that is infeasible, then it uses the IS finder to diagnose the
infeasibility.

Ilustrating Multiple Solutions

Example illustrates how a user can access all incumbent solutions that the SDK finds during
the optimization.

Linear Programming with Sparse Matrix

Example illustrates how to pass a sparse matrix.

Simulation Example

Example program calling the Monte Carlo simulation engine.
Simulation Example with Distribution Fitting

Illustrates how to fit a distribution to a dataset.

Creating a Problem Object

Example illustrates two different methods of creating the CProblem object.
Adding Variable and Function Blocks

This example illustrates the use of pointers to create a CProblem object.
Creating a vector of Problem Objects

Creates a vector of problem objects, each with 2 vars and 4 fcns.
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22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Note: This example only will work if multiple licences exist.

Traveling Salesman Problem 1 [All-Different Constraint]

Example models the Traveling Salesman Problem using an All-Different Constraint.
Traveling Salesman Problem 2 [Multiple All-Different Constraints]

This example is identical to Example 22, but this example models four decision variables
using four blocks of variables, each of size 1.

Simulation Example 2

This example illustrates the use of the Truncate function to define the uncertain distributions;
it also illustrates the use of a simple binary search as an alternative to the PsiTarget function.

Simulation Example 3

This example is similar to example24; the difference lies in how we model the variables and
the uncertain functions. In this example, we create a single block of 2 variables, and just 1
uncertain function block with 100 functions.

Simulation Rank Correlations Example
Example illustrates how to specify a correlation matrix.
Optimization within Simulation Example

In this example we find the optimal order quantity automatically, by embedding an
optimization problem inside each trial of a simulation problem.

Simulation within Optimization Example

In this example, which is similar to example 27, we find the optimal order quantity by
embedding a simulation problem inside of an optimization problem.

Simulation Optimization using SIP/SLURP

Example generates a sample of demand and price (the uncertain variables) in the main
program, stores these sampled values in appropriate arrays, then use these values to compute
the constraints and the objective of the optimization problem in the Evaluator.

Sudoku with All-Different Constraints

Constructs 3 arrays of variable objects to create 3 variable objects each representing 9 blocks
of variables, where each block will contain 9 variables.

Simulation Statistical Functions Example
Ilustrates the different statistical functions that are supported for uncertain variables.
PSD Correlation Matrix Example

This example demonstrates using a correlation matrix to correlate input uncertain variables.

There are five additional examples installed into the Frontline Systems\Solver SDK
Platform\Examples\VB6 directory. You can run each of them by clicking the appropriate solution file
inside of each directory described below.

CollegeFundModel

1.

This example illustrates how to load and solve a model from an Excel workbook that contains
a Solver simulation model. The simulation predicts the amount of funds needed to cover
college tuition.

CutStock

A cutting stock problem involves allocating space on large sheets of paper or timbers to be cut
into smaller pieces to meet demand while minimizing waste.

Calling the Solver SDK from VB6 using the COM API e 173



3. Portfolio

e An example that uses the Markowitz method to obtain the best combination of stocks to
minimize the variance of the portfolio given a return.

4.  ProductMix

e This example demonstrates how to load and solve a model from an Excel workbook that
contains a Solver optimization model.

5. TSP

e This example uses the Evolutionary Engine to solve a classic Traveling Salesman Problem.
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From Excel to SDK

Introduction

In many instances, users have a working optimization or simulation model in Excel that they want to
solve with the SDK. Using just three lines of code, you can easily load an Excel model with the Solver
SDK via the prob.load() function. This method allows the User to maintain the data and the model in
Excel while solving the model with the SDK. (For more information along with an example on
loading and solving Excel model s with the SDK, please see the section, "Loading and Solving Excel
Models" in the chapter, "Designing Your Application™.) However, there are times when a user wants
to leave Excel completely and create a stand-alone application that creates and solves a model using
the SDK in a programming language of their choice. This chapter breaks down the task into
manageable steps and answers the question, "Where do | start?"

If during the course of your transition from Excel to the SDK, you find that you have any questions or
concerns about your particular model, we invite you to contact our Support desk at
support@solver.com.

Optimization Problem Type

This chapter examines two different optimization problem types, a linear example and a nonlinear
example. If you are unsure what type of model you are solving and you are using the Risk Solver
Platform, you can perform a problem diagnosis. To do so, click Optimize|Analyze without Solving
on the Risk Solver Platform ribbon. The Solver will parse your model to determine the structure and
will stop with a model type diagnosis of LP (Linear Problem), QP (Quadratic Problem), QCP
(Quadratically Constrained Problem), NLP (Nonlinear Problem), or NSP (Nonsmooth Problem). In
the Solver SDK Platform, LPs and QPs can be solved with the LP/Quadratic Engine; LPs, QPs and
QCPs can be solved with the SOCP engine; NLPs and some NSPs with the GRG Nonlinear engine,
and NSPs with the Evolutionary Engine. For more information on how to diagnose your model using
the Risk Solver Platform, please see the Risk Solver Platform User Guide or contract support at
Support@solver.com.

Converting a Linear Example
Extracting the Problem from the Excel Worksheet

For the linear example, we will be using the Product Mix example problem to illustrate how to extract
the decision variables, constraints and the objective function so they can be encoded for the SDK using
the programming language C++.

This example introduces a company that manufactures TVs, stereos and speakers, using a common
parts inventory of power supplies, speaker cones, electronics, etc. Parts are in limited supply. The
objective of this example is to determine the most profitable mix of products to build.
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Excel Solver Model

In the screenshot below, the variables, the amount of TVs, Stereos and Speakers that are to be made,
are located in cells D4:F4 and are surrounded by a green border. The objective is in cell D13 and is
being maximized. The constraints in cells C6:C10 must be less than or equal to (<=) cells B6:B10 and
the variables must all be 0 or larger.
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Extracting the Variables

As mentioned above, the thee variables are included in cells D4:F4. We can denote the variables in
cells D4:F4 as varl, var2, and var3, respectively.

Extracting the Constraints

The constraint coefficients are located in cells D6:F10 while the constraint right hand sides are located
in cells B6:B10. Cells C6:C10 multiply the variables in cells D4:F4 by the constraint coefficients
(separately by constraint) . Let’s take the first constraint as an example. Cell C6 =
SUMPRODUCT(D6:F6, $D$4:$F$4) which is multiplying the coefficients for the first constraint (in
cells D6:F6) by the variable values (in cells D4:F4). This constraint ensures that no more than 450
(B6 = 450) chassis are used in the total production of the three products. A TV set requires 1 chasis
(D6=1), a stereo requires 1 chassis (E6=1) while speakers do not use a chassis at all (F6 = 0).

C6 = SUMPRODUCT (D6:F6, $D$4:$F$4)
C7 = SUMPRODUCT(D7:F7, $D$4:$F$4)
C8 = SUMPRODUCT(D8:F8, $D$4:$F$4)
C9 = SUMPRODUCT(D9:F9, $D$4:$F$4)
C10 = SUMPRODUCT(D10:F10, $D$4:$F$4)

176 o

SDK User's Guide



It follows that the first constraint can be rewritten as: 1 * varl + 1 * var2 + 0 * var3. As mentioned
above, the right hand sides of the constraints are located in cells B6:B10 and are 450, 250, 800, 450,
600, respecitvely. This means that the constraint located in cells C6 <= B6, C7 <= B7, and so on.

Chassis Constraint: 1 * varl + 1 * var2 + 0 * var3 <= 450
Picture Tube Constraint; 1* varl + 0 * var2 + 0 * var3 <= 250
Speaker Cone Constraint: 2 * varl + 2 * var2 + 1 * var3 <= 800
Power Supply Constraint: 1 * varl +1* var2 + 0 * var3 <= 450
Electronics Constraint: 2 * varl + 1 * var2 + 1 * var3 <= 600

Finally, we must ensure that the lower bounds on our variables must be 0 since it is impossible to
create negative products.

Extracting the Objective Function

The objective function resides in cell D13 = SUMPRODUCT(D12:F12, D4:F4) which is multiplying
the objective function coefficients in cells D12:F12 (75, 50, and 35) by the variables in cells D4:F4. In
addition, the Solver Task Pane tells us that the objective is being Maximize. As a result, this function
can be written as:

Maximize: 75 * varl + 50 * var2 + 35 * var3
Complete Model

At this point, we have all the information we need to create this same linear problem (below) in the
SDK.

Maximize: 75 * varl + 50 * var2 + 35 * var3

Chassis Constraint: 1 *varl + 1 *var2 + 0 * var3 <= 450
Picture Tube Constraint: 1 * varl + 0 * var2 + 0 * var3 <= 250
Speaker Cone Constraint; 2 * varl + 2 * var2 + 1 * var3 <= 800
Power Supply Constraint: 1 * varl + 1 * var2 + 0 * var3 <= 450
Electronics Constraint: 2 * varl + 1 * var2 + 1 * var3 <= 600

varl, var2, var3 >=0

Programming the Problem for the SDK
Creating the Problem

To begin, we will first initialize two variables, nvars and ncons, to pass the number of variables and
constraints in the model. Our model contains 3 variables and 5 constraints.

int nvars = 3, ncons = 5;

Next, we create an array to hold the upper bounds of the constraint right hand sides.

double ub constraints[]= { 450, 250, 800, 450, 600};

This next line of code (CProblem prob) creates an instance of the CProblem class. For more
information on creating a Problem, please see the chapter for the programming language of choice,
Calling the SDK from C++, C#, the Procedural API or from COM using Visual Basic 6.

CProblem prob;
The next line of code creates one variable block of size nvars (three).
prob.VarDecision.Size = nvars;

while the next line of code creates one function block of size ncons (five).
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prob.FncConstreaint.Size = ncons;
To tell the SDK to maximize the model, we use the line of code below.
prob.Solver.SolverType = Solver Type Maximize;

We pass the ub_constraints array which holds the upper bounds of the constraint right hand sides to
the SDK.

prob.FcnConstraint.UpperBound = ub constraints;
To pass a lower bound of 0 on all three variables, call:

prob.VarDecision.NonNegative () ;

Passing the Objective and Constraints

The next two lines of code create two different DoubleMatrix objects to hold the objective and
constraint coefficients: objcoeff - for the objective coefficients, and concoeff- for the constraint
coefficients. Notice that we are using NZBgn() and NZEnd() when passing the constraint matrix
(concoeff) as explained in the subsection Passing Sparse Matrices in the chapter Designing Your
Application. As a result, the Solver SDK will not update the concoeff DoubleMatrix object until
NZEnd() is executed. Also note that there is no need to pass zeros for the coefficients located in
Excel cells F6, E7, F7, and F9.

CDhoubleMatrix objcoeff (1, nvars);
objcoeff.Value[0] [0] = 75;
objcoeff.Value[0][1] = 50;
objcoeff.Value[0] [2] = 35;

ChoubleMatrix concoeff (ncons, nvars);
concoeff.NZBgn () ;
concoeff.Value[0][0] =

~.

concoeff.Value[0][1] =

~e

concoeff.Value[l][0] =

~e

concoeff.Value([2][0] =

~e

concoeff.Value([2][1] =

~e

concoeff.Value([2][2] =
concoeff.vValue[3][0] =

~.

concoeff.vValue[3][1l] =

~.

concoeff.vValue[4][0] =

~.

concoeff.Value[4d][1l] =

~.

e S = T = S S O N B S S S S

~.

concoeff.Value[4d][1l] =
concoeff .NZEnd () ;

The example code below calls prob.Model.AllLinear[Function_Type_Objective] to pass the objective
coefficient matrix, objcoeff, and prob.Model.AllLinear[Function_Type_Constraint] to pass the
constraint coefficient matrix, concoeff. Calling prob.Model.AllLinear sets the problem type to "linear".
Consequently, the SDK will automatically choose the best linear engine available to solve the problem.
Within the SDK engines, the LP/Quadratic engine will be selected.

prob.Model.AllLinear [Function Type Objective] = objcoeff;

prob.Model.AllLinear (Function Type Constraint] = concoeff;
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Solve the optimization problem by calling:
prob.Solver.Optimize () ;

From here you can obtain and display the solution as illustrated in the previous chapters, please select
the appropriate link: C++, C#, Procedural API, or COM.

Complete SDK Program

Please see below for a complete snapshot of the code required for our linear example.
int nvars = 3, ncons = 5;

double ub_constraints[]= { 450, 250, 800, 450, 600};
CProblem prob;

prob.VarDecision.Size = nvars;
prob.FncConstreaint.Size = ncons;
prob.Solver.SolverType = Solver Type Maximize;

prob.FcnConstraint.UpperBound = ub constraints;
prob.VarDecision.NonNegative () ;

CDhoubleMatrix objcoeff (1, nvars);

objcoeff.Value[0] [0] = 75;
objcoeff.Value[0][1] = 50;
objcoeff.Value[0] [2] = 35;

CDhoubleMatrix concoeff (ncons, nvars);

concoeff.NZBgn () ;

concoeff.Value[0][0] = 1;

concoeff.Value[0][1l] = 1;

concoeff.Value[l][0] = 1;

concoeff.Value[2][0] = 2;

concoeff.Value[2][1l] = 2;

concoeff.vValue[2][2] = 1;

concoeff.vValue[3][0] = 1;

concoeff.vValue[3][1l] = 1;

concoeff.vValue[4][0] = 2;

concoeff.Value[4][1l] = 1;

concoeff.vValue[4][1l] = 1;

concoeff .NZEnd () ;
prob.Model.AllLinear [Function Type Objective] = objcoeff;
prob.Model.AllLinear (Function Type Constraint] = concoeff;

prob.Solver.Optimize () ;

For example code on solving linear problems in additional languages, select the appropriate link: C++,
C#, Procedural API, or COM.
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Converting a Nonlinear Example

Extracting the Problem from the Excel Worksheet

Our next example is a nonlinear problem which finds the best ordering policy for a warehouse to
minimize costs while meeting demands. The warehouse sells four different products. Each product
has its own demand, holding cost and requires a certain amount of space.

Excel Solver Model

The Model Taskpane shows the Solver Model in the screenshot below. The objective is located in cell
E17 and is being minimized. The variables are contained in cells B13:B16 which are surrounded by a
green border. These variables must be integer values only (B13:B16 = integer). The two constraints
are B17 <= D9 and G17 <= B9.
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Extracting the Variables

As mentioned above, the variables are included in cells B13:B16. We can denote the variables as varl,
var2, var3, and var4, respectively.

Extracting the Constraints

The first constraint (B17 <= D9) ensures that the total cost of the products (cell B17) ordered must be
within the budget of $30,000 (cell D9).

C17 = SUMPRODUCT(B13:B16,G4:G7)

If we denote the variables in cells B13:B16 as varl, var2, var3 and var4, respectively. This constraint
can be rewritten as:

Constraintl: 200 * varl + 300 * var2 + 275 * var3 + 400 * var4 <= 30000

The second constraint (G17 <= B9) requires that the total space used by each product (cell G17) is less
than the amount of warehouse space available (cell B9).
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G17 = SUM(G13:G16)

G13=B13*C4/2

G14 =B14 * C5/2

G15=B15*C6/2

G16 =B16 * C7/2

This constraint can be rewritten as:

Constraint2: 440/2 * varl + 850/2 * var2 + 1260/2 * var3 + 950/2 * var4 <= 50000
Simplifying the constraint further yields:

Constraint2: 220 * varl + 425 * var2 + 630*var3 + 475 * var4 <= 50000
Extracting the Objective Function

The objective function in cell E17 is minimizing the ordering cost as well as the holding cost.
E17 = SUM(E13:E16)

E13=B4*B13/2 + E4 * D4/B13

E14 = B5* B14/2 + E5 * D5/B14

E15=B6* B15/2 + E6 * D6/B15

E16 =B7 *B16/2 + E7 * D7/B16

The objective can be rewritten as:

Minimize: (25 * varl/2 + 50 * 200/varl) + (20 * var2 + 50 * 325/var2)

+ (30 * var3 + 50 * 400/var3) + ( 15 * var4/2 + 50 * 150/var4)

Complete Model

At this point, we have all the information we need to create this same nonlinear problem (below) in the
SDK.

Minimize: (25 * varl/2 + 50 * 200/varl) + (20 * var2 + 50 * 325/var2)

+ (30 * var3 + 50 * 400/var3) + ( 15 * var4/2 + 50 * 150/var4)
Constraintl: 200 * varl + 300 * var2 + 275 * var3 + 400 * var4 <= 30000
Constraint2: 220 * varl + 425 * var2 + 630*var3 + 475 * var4 <= 50000

Programming the Same Problem for the SDK
Creating the Problem

To begin, we initialize the number of variables (nvars) and constraints (ncons). In our example, we
have 4 variables and 2 constraints.

int nvars = 4, ncons = 2;

Next, we create one array of size ncons (2 constraints) to hold the upper bounds of the constraint right
hand sides.

double ub_ constraints[2] = { 30000, 50000}

This next line of code (CProblem prob (Solver_Type_Minimize, nvars, ncons) creates an instance of
the CProblem class. This constructor not only creates the Problem, but also passes the Solver_Type,
(Solver_Type_Maximize, Solver_Type_Minimize, or Solver_Type_Simulate) the number of variables
(nvars) and the number of constraints (ncons). For more information on creating a Problem, please
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see the chapter for the programming language of choice, Calling the SDK from C++, C#, the
Procedural AP1 or from COM using Visual Basic 6.

CProblem prob(Solver Type Minimize, nvars, ncons);

Here we pass the constraint upper (ub_constraints) bounds to the SDK,

prob.FcnConstraint.UpperBound = ub constraints;

Create the Evaluator to Compute the Objective and Constraints

In a linear model or quadratic model, you typically supply the Solver SDK with the objective and
constraint coefficient matrices. The SDK can determine the values of the objective and constraints by
computing the sums of products of the variables with the supplied coefficients. However, in a
nonlinear model, the coefficients represent first partial derivatives of the objective and constraints with
respect to the variables, and these derivatives change as the values of the variables change. Therefore,
we must supply an evaluator to compute the function (objective and constraint) values. This evaluator
will be called at every iteration, to compute the values of the objective and constraints, as well as to
compute numerical derivatives, if no Jacobian evaluator is supplied. (It is possible to pass these
derivatives directly to the SDK using an evaluator of type Eval_Type Jacobian. For more
information, see the subheading, Using a Gradient Evaluator to Provide First Order Partial
Derivatives in the chapter Solver SDK Evaluators.)

We create and pass the evaluator of type Eval_Type Function (as described above) to the SDK. The
name of this evaluator is evalNLP.

CNLPEvaluator evalNLP;

prob.Evaluators[Eval Type Function].Evaluator = &evalNLP;

Write the Evaluator to Compute the Objective and Constraints
Inside of the evaluator evalNLP, we first create a convenient pointer, p, to the Problem,
CProblem& p = evaluator.Problem;

and another pointer, pVar, to the variables.

const double* pVar=p.VarDecision.Value;

Next, we obtain a pointer to the constraint functions and calculate the constraints.
double* pFcn=p.FcnConstraint.Value;

Here, we pass the left hand side of the first constraint:

200 * varl + 300 * var2 + 275 * var3 + 400 * var4.

pFcn[0] = 200 * pvar[0] + 300 * pVar[l] + 275 * pVar[2] + 400 *
pvar([3];

and now the second constraint: 220 * varl + 425 * var2 + 630*var3 + 475 * var4.

pFcn[l] = 220 * pvVar[0] + 425 * opVar[l] + 630 * pvVar[2] + 475 *
var[3];

Then we compute the objective function:
(25 * varl/2 + 50 * 200/varl) + (20 * var2 + 50 * 325/var2)
+ (30 * var3 + 50 * 400/var3) + ( 15 * var4/2 + 50 * 150/var4)

p.FcnObjective.Value[p.ObjectiveIndex] = ( 25 * pvar[0] / 2 + 50 *
200 / pvar([0] ) + ( 20 * pvar[l] / 2 + 50 * 325 / pvar[l] ) + ( 30
* pvar([2] / 2 + 50 * 400 / pvar[2] ) + ( 15 * pvar[3] / 2 + 50 * 150
/ pvar[3] ) ;
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Finally, we tell the SDK to continue solving. There are two additional Engine_Action functions,
Engine_Action_Evaluate and Engine_Action_Stop. Engine_Action_Evaluate forces the SDK to call
the Eval_Type_Function evaluator a second time which can sometimes be useful. Engine_Action_Stop
will tell the SDK to abort the optimization (or simulation).

return Engine Action Continue;
Our evaluator is complete. We will now finish the code inside of the nonlinear() function.
Solve the Nonlinear Problem

Back inside the nonlinear() function, we provide the problem type as nonlinear which directs the SDK
to select the GRG engine to solve the model. Alternatively, we also could have set the GRG engine
manually (in either the SDK Platform or the SDK Pro) by calling: problem.Engine =
problem.Engines[CEngine:: GRGName].

prob.ProblemType = Problem Type OptNLP;
To solve the nonlinear optimization problem, we call:
prob.Solver.Optimize () ;

From here you can obtain and display the solution as illustrated in the previous chapters, please select
the appropriate link: C++, C#, Procedural API, or COM.

Complete Program

Please see below for a complete snapshot of the code required for our nonlinear example.
Evaluator

CProblem& p = evaluator.Problem;

const double* pVar=p.VarDecision.Value;

double* pFcn=p.FcnConstraint.Value;

200 * varl + 300 * var2 + 275 * var3 + 400 * var4

pFcn[0] = 200 * pvar[0] + 300 * pVar[l] + 275 * pVar[2] + 400 *
pvar([3];

220 * varl + 425 * var2 + 630*var3 + 475 * var4.

pFcn[l] = 220 * pvVar[0] + 425 * ©pVar[l] + 630 * pVar[2] + 475 *
var[3];

(25 * varl/2 + 50 * 200/varl) + (20 * var2 + 50 * 325/var2)

+ (30 * var3 + 50 * 400/var3) + ( 15 * var4/2 + 50 * 150/var4)

p.FcnObjective.Value[p.ObjectiveIndex] = ( 25 * pvar[0] / 2 + 50 *
200 / pvar([0] ) + ( 20 * pvar[l] / 2 + 50 * 325 / pvar[l] ) + ( 30
* pvVar([2] / 2 + 50 * 400 / pvar[2] ) + ( 15 * pvar[3] / 2 + 50 * 150
/ pvar([3] ) ;

return Engine Action Continue;

Main Body of Code

int nvars = 4, ncons = 2;

double ub_ constraints[2] = { 30000, 50000}
CProblem prob (Solver Type Minimize, nvars, ncons);
prob.FcnConstraint.UpperBound = ub constraints;

CNLPEvaluator evalNLP;

From Excel to SDK e 183



prob.Evaluators[Eval Type Function].Evaluator = &evalNLP;
prob.ProblemType = Problem Type OptNLP;
prob.Solver.Optimize () ;

For example code on solving nonlinear problems in additional languages, select the appropriate link:
C++, C#, Procedural API, or COM.

Converting a Simulation Example

Extracting the Problem from the Excel Worksheet

Our final example is a simulation example. In this example, a software development project consists
of 7 main components, which have been assigned to 7 different teams of software engineers. The time
required to complete each of the 7 components is uncertain, but the average time required by each of
the 7 teams is 2 weeks. However, for each of the 7 teams, there is a 10% chance that the time required
is going to be more than 3 weeks and there is a 10% chance that the time required is going to be less
than 1 week. This example estimates the total time required to complete the entire project.

Excel Solver Model

In the screenshot below, you can see that the uncertain variables are located in cells C10:C16. There is
one uncertain function located in cell B20 and two statistics functions located in cells C20 and D20.
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2 Time Required (in weeks) . -
E Lower Estimate 1 l{'L" AR D
4 Average 2 ' Sensitivity
5 Higher Estimate 3 -7/ Optimization
5 Lower Estimate Probability 10% =il Simulation
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20 14.10 14.00003 0.51 Salver Pro.
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Extracting the Uncertain Variables

The uncertain variables are contained in cells C10:C16 which are bounded in green. This example
models the time required by each of the seven teams using the PsiTriangGen distribution. This
distribution requires five parameters: bottom, likely, top, bottom percentage and top percentage. (For
a complete description of this distribution see PsiTriangGen in the Psi Function Reference chapter.)
Each of these parameters are included in the spreadsheet below in cells C3:C7, Bottom = 1 (cell C3),
Likely =2 (C4), Top = 3 (C5), Bottom Percentage = 10% (C6) and Top Percentage = 90% (C7).

C10 = PsiTriangGen($C$3,$C$4, $C$5, $C$6, $C$7)
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C11 = PsiTriangGen($C$3, $C$4, $C3$5, $C$6, $C$7)
C12 = PsiTriangGen($C$3, $C$4, $C3$5, $C$6, $C$7)
C13 = PsiTriangGen($C$3, $C$4, $C3$5, $C$6, $C$7)
C14 = PsiTriangGen($C$3, $C3$4, $C$5, $C$6, $CH7)
C15 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C3$7)
C16 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C$7)

Extracting the Uncertain Function
The uncertain function appears in cell B20 = SUM(C10:C16).
Extracting the Uncertain Function Statistics

Two statistic functions are held in cells C20 and D20. The statistic in cell C20 is the PsiMean()
statistic and gives the expected duration of the project. The statistic in cell D20 is the PsiTarget()
function which gives the likelihood of the project duration lasting less than 14 weeks.

C20 = PsiMean(B20)

D20 =PsiTarget(B20,14)

Complete Model

At this point, we have all that we need to move this model to the SDK.
Uncertain Variblel = PsiTriangGen($C$3,$C$4, $C3$5, $C$6, $C$7)
Uncertain Varible2 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C$7)
Uncertain Varible3 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C$7)
Uncertain Varible4 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C$7)
Uncertain Varible5 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C$7)
Uncertain Varible6 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C$7)
Uncertain Varible7 = PsiTriangGen($C$3, $C$4, $C$5, $C$6, $C$7)

Uncertain Function = Uncertain Variablel + Uncertain Variable2 + Uncertain Variable3 + Uncertain
Variable4 + Uncertain Variable5 + Uncertain Variable6 + Uncertain Variable7

Statistics of the Functions: Mean and Target(14%)

Programming the Same Problem for the SDK
Creating the Problem

To begin, we initialize the number of uncertain variables (nvars) and functions (ncons).

int nvars = 7, nfcns = 1;

This next line of code (CProblem prob (Solver_Type_Simulate, nvars, ncons) creates an instance of the
CProblem class. This constructor not only creates the Problem, but also passes the Solver_Type,
(Solver_Type_Minimize, Solver_Type_Maximize, or Solver_Type_Simulate) the number of variables
(nvars) and the number of constraints (ncons). For more information on creating a Problem, please
see the chapter for the programming language of choice, Calling the SDK from C++, C#, the
Procedural API or from COM using Visual Basic 6.

CProblem prob (Solver Type Simulate, nvars, ncons);
Next, we pass the distributions of the seven uncertain variables.

prob.Model.VarDistribution[0] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");
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prob.Model.VarDistribution[1l] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[2] =
CDhistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[3] =
CDhistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[4] =
CDhistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[5] =
CDhistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[6] =
CDhistribution (L"PsiTriangGen(1,2,3,.1,.9)");

Create the Evaluator to Compute the Uncertain Functions

When running a simulation, the evaluator of type Eval_Type Sample is called so the user can calculate
the uncertain functions, much like the evaluator of type Eval Type_Function is called to compute the
objective and constraints in a nonlinear optimization problem.

We create the evaluator of type Eval_Type Sample and pass the evaluator to the SDK. The name of
the evaluator is evalSim().

CSimEvaluator evalSim;

problem.Evaluators[Eval Type Sample].Evaluator = &evalSim;

Write the Evaluator to Compute the Uncertain Functions
Inside of the evaluator evalSim, we first create a convenient pointer, p, to the Problem,
CProblem& p = evaluator.Problem;

and a second pointer, pVar, to the uncertain variable values.

const double* pVar = p.VarUncertain.Value;

Next, we create a pointer, pFcn, to the uncertain functions.

double* pFcn=p.FcnUncertain.Value;

We compute the uncertain function values given the current variable values.

pFcn[0] = pvVar[0] + pVar[l] + pVar([2] + pVar([3] + pVar[4] +
pvar[5] + pVar([6];

Finally, we tell the SDK to continue simulating.

return Engine Action Continue;

Our evaluator is complete. We will now finish the code inside of the main problem function.
Solve the simulation model

Back inside the main program, we call the following line of code to run the simulation.
prob.Solver.Simulate () ;

Obtain and display various simulation statistics.

We obtain the simulation status.

_Simulate Status status = prob.Solver.SimulateStatus;

cout << "Status = " << status << endl;
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The next line of code creates a convenient pointer, FcnStat for the uncertain function statistics.

CStatistics FcnStat = prob.FcnUncertain.Statistics;

While the next two lines of code display the two statistics for the uncertain function.

cout << " Expected Project Duration = " << VarStat.Mean[0] <<
endl;
cout << " Chances of Duration <= 14 Weeks =" <<

VarStat.Target (14) [0] << endl;

This completes our simulation example transformation.

Complete Program

Please see below for a complete snapshot of the code required for our nonlinear example.
Evaluator

CProblem& p = evaluator.Problem;

const double* pVar = p.VarUncertain.Value;

double* pFcn=p.FcnUncertain.Value;

pFcn[0] = pVar[0] + pVar[l] + pVar[2] + pVar[3] + pVar[4] +
pvar([5] + pvVar[6];

return Engine Action Continue;
Main Body of Code
int nvars = 7, nfcns = 1;

CProblem prob (Solver Type Simulate, nvars, ncons);

prob.Model.VarDistribution[0]
CDhistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[l] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[2] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[3] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[4] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[5] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");

prob.Model.VarDistribution[6] =
CDistribution (L"PsiTriangGen(1,2,3,.1,.9)");

CSimEvaluator evalSim;
problem.Evaluators[Eval Type Sample].Evaluator = &evalSim;
prob.Solver.Simulate () ;

_Simulate Status status = prob.Solver.SimulateStatus;

cout << "Status = " << status << endl;

CStatistics FcnStat = prob.FcnUncertain.Statistics;
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cout << " Expected Project Duration = " << VarStat.Mean[0] <<
endl;

cout << " Chances of Duration <= 14 Weeks =" <<
VarStat.Target (14) [0] << endl;

For example code on solving simulation problems in additional languages, select the appropriate link:
C++, C#, Procedural AP, COM.
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PSI Function Reference

Using PSI Functions

This chapter provides summary information on the Solver SDK's Risk Solver Engine’s PSI functions
that you can use to create Monte Carlo simulation models. The Risk Solver is one of the five bundled
engines in the Solver SDK Platform and one of the four bundled engines in the Solver SDK Pro.

You use Distribution functions to define the properties of uncertain variables, either via an analytic
probability distribution and its parameters, or via a pre-generated Stochastic Information Packet (SIP).

You use Correlation matrices to specify relationships between uncertain variables and functions.

You can create a histogram of the sampled values for an uncertain variable or function using the
GetFrequency method.

You use Statistics functions to obtain results of the simulation, such as statistics, frequency data, or
raw trial data, for uncertain functions.

You use Control Parameters functions to modify the properties of analytic probability distributions,
by shifting or truncating their domains, or by correlating one distribution with another.

You can find a distribution that best fits your data using the Distribution Fitting tools.

Using PSI Distribution Functions

The PSI Distribution functions are used to define the ‘nature of the uncertainty’ assumed by uncertain
variables. They can be broadly classified into four groups:

e Continuous analytic distributions such as PsiUniform() and PsiNormal()
e Discrete analytic distributions such as PsiBinomial() and PsiGeometric()
e  Custom distributions such as PsiCumul() and PsiGeneral()

e  Stochastic Information Packets (SIP)

On each trial of a simulation, the Solver SDK draws a random sample value from each PSI
Distribution function you use. A SIP operates differently: On each trial, the SDK draws the next
sequential value listed in the SIP for that uncertain variable. Then Solver SDK uses these sample
values to calculate your model and its uncertain functions.

The sample values drawn for PSI Distribution functions depend on the type of distribution function, the
parameters of the distribution (for example, mean and variance for the PsiNormal distribution), and the
property functions that you pass as additional arguments to the distribution function call, which can
shift, truncate, or lock the distribution, or correlate its sample values with samples drawn for other
uncertain variables.
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To learn more about the analytic probability distributions below, you can consult standard reference
texts on probability, statistics, and Monte Carlo simulation, such as Simulation Modeling and Analysis,
4" Ed. by Averill Law, Statistical Distributions, 3 Ed. by Merran Evans, Nicholas Hastings and Brian
Peacock, Univariate Discrete Distributions, 3™ Ed. by Norman Johnson, Adrienne Kemp and Samuel
Kotz, or Continuous Univariate Distributions, Vol. 1 & 2, 2 Ed. by Norman Johnson, Samuel Kotz
and N. Balakrishnan.

Continuous Analytic Distributions

This section describes each Psi Distribution Function present in the Solver SDK. Please see the lines of
example code below which illustrate how to pass a distribution function to the SDK. The lines of code
are each passing the PsiNormal distribution with parameters mean (0) and standard deviation (2).

C++. prob.Model.VarDistribution[0] = Distribution (L"PsiNormal (0,2)");
C#. prob.Model.VarDistribution[0] = Distribution ("PsiNormal (0,2)");
Procedural: SolverModDistInit (prob, Dist Var, 0, L"PsiNormal (0,2)");
COM: Dim distNormal As New Distribution

distNormal.Init "PsiNormal (1,1)"

prob.Model.VarDistribution(l) = distNormal

PsiBeta

PsiBeta (al,a2,...)

PsiBeta (01,02) is a flexible distribution for modeling probabilities based on Bayesian statistics. The
Beta distribution can be used as an approximation in the absence of specific distribution information.
Typical uses include modeling time to complete a task in project networks and Bayesian Statistics.

The Beta distribution can take on a variety of shapes depending on the values of the two parameters a;
and . The Beta distribution with o1 = az = 1 is the Uniform (0,1) distribution. The Beta distribution
with a1 = 1, oz = 2 is the Left Triangular distribution. The beta distribution with oy =2, 0 = 1 is the
Right Triangular distribution. A random variable X is defined by PsiBeta (o1,0z) if and only if 1 — X is
defined by Beta (az,01).

Parameters
a,a,>0
Range of Function Values

o4
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Probability Density Function
x4t (1_ X)az—l

f(X): B(aliaz)
0 otherwise

if xe (0,1)

B(,,a,) is the Beta function
1 al—l

B(ay,) =t (1-t)" dt

Cumulative Distribution Function
F () B, (&, ;)
B(ay, )
B, (&, @,) is the Incomplete Beta Function
B(a,,,) is the Beta Function
Mean

a,

a +a,
Variance
o,

(o, +a,) (e +a, +1)

Skewness

2(a, — ) /al +oa, +1
o +a,+2 o,
Kurtosis

3(ey +a, +1)[2(0:l +a,) +aa, (o +a, —6)}

aa, (o +a, +2) (o +a, +3)

Median
Not applicable

PSI Function Reference e 191



Mode
4 if o, >, >1

o+, -2

Oandlif o <l 2, <1

0if (o <L, >1) orif (o, =1, >1)

1if (o 21 e, <1) orif (o >L 2, =1)

does not uniquely exist if o, =, =1

PsiBetaGen

PsiBetaGen (al,a2,a,b,...)

PsiBetaGen (01,02,a,b) is a rescaled and relocated Beta distribution, with lower and upper bounds
given respectively by a and b. The shape parameters as,02 play the same role as in the PsiBeta function.
If X is a Beta random variable with support in [0,1], then a + (b —a) X is a Beta random variable with

support in [a,b].
Parameters

a,0,>0

a<b

Range of Function Values

[a.b]
Probability Density Function

-1 _ -1
(-
B(ay,,)(b—a)" ™
B(,@,) is the Beta Function

Cumulative Distribution Function
F(x)= Bz(al’az),z _Xx-4
B(ay, a,) b-a

B, (&, ,) is the Incomplete Beta Function

B(a,,,) is the Beta Function

Mean

2
b_
a+al+a2( a)

Variance

oo, 2

(al+a2)2(al+a2+1)(b_a)
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Skewness

2(a,— ) [+, +1
o +a,+2 o,

Kurtosis

3(ay+a, +1)[2(0:l +a,) e, (o +a, —6)}

aa, (o +a, +2) (o +ax, +3)

Median
Not applicable
Mode

a, -1

a+ (b-a)if o, >, >1

o +a,—2
aandbif ¢, <1, <1
aif (¢ <La,21)orif (¢, =12, >1)
bif (¢, 210, <1) orif (o, >L, =1)
does not uniquely exist if o, =, =1

PsiBetaSubj

PsiBetaSubj (a,c,u,b,...)

PsiBetaSubj is a flexible distribution like PsiBetaGen, but with parameters you choose for the
minimum (a), most likely (c), mean (i) and maximum (b) values. These parameters are used to
compute the shape parameters o1,0; used in the PsiBeta function.

Parameters
a<u<b
a<c<b

a+b .
,u>T ifc>u

a+b .
'U<T ifc<u

—a_—i_b if c=
H== 7

The shape parameters «;, z, can be determined using

o, = a 2K

u—a

Z(y—a)(a;b—c)
(u—c)(o-a)

o, =
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Range of Function Values
[a.b]
Probability Density Function

_ -1 _ a,-1
U ML
B(ay, a,)(b—a)" ™

B(,@,) is the Beta Function

Cumulative Distribution Function
F(x)= Bz(al’az),z _Xx-4
B(ay,a,) b-a

B, (&, @,) is the Incomplete Beta Function

B(a,,,) is the Beta Function

Mean
Yz
Variance
(u-a)(b—p)(u-c)
a+b+u-3c
Skewness
(a+b-2u) |(u—c)(a+b+u—-3c)
Ma;b_ZC (u-a)(b-u)
Kurtosis

(e +a, +1)[2(0:l +a,) +aa, (o +a, —6)}

aa, (o +a, +2) (o +ax, +3)

Median

Not applicable
Mode

C

PsiCauchy

PsiCauchy (A, ...)

PsiCauchy (1) is a distribution with a central peak, with very heavy tails and no finite moments; it has
no moments such as mean, variance, etc. defined, but its mode and median are both equal to zero. The
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ratio of two independent standard Normal random variables is a Cauchy distribution with parameter A
=1

Parameters
A>0

Range of Function Values

(-5.%)

Probability Density Function
1
F)=——
i [H (%)) }
Cumulative Distribution Function

1

F (x) =£arctan (1)+—
A) 2

v/

Mean

Not defined
Variance
Not defined
Skewness
Not defined
Kurtosis
Not defined
Median

0

Mode

0

PsiChiSquare

PsiChiSquare (df,...)

PsiChiSquare (df) is a distribution with a finite lower bound of zero, and an infinite upper bound. It is
usually used in statistical significance tests.

The Chi Square distribution is a special case of the Gamma distribution. A Chi Square random variable
with parameter df = 2 is the same as an Exponential random variable with mean 0.5. As the parameter
df approaches infinity, the Chi Square distribution tends to a Normal distribution.

Parameters

df >0, integer

Range of Function Values

[0.)
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Probability Density Function
df /\ gy
f(x)zdf/;dfx( AR
2 zr( A )

I'(a) is the Gamma Function,
r(a)=[t* e dt
0

Cumulative Distribution Function

df
F(x)—Z£—j££%Q
- df
()
I'(a) is the Gamma Function,

7(a,b) is the Incomplete Gamma Function

Mean
df

Variance
2df

Skewness

P

Kurtosis

12
df
Median

df —24

Mode

(df —2) if df >2
{Oﬁdle

+3

PsiErf

PsiErf (h,...)

PsiErf is a distribution based on the "error function" ERF(X). Its shape is closely related to the Normal
distribution.
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Parameters
h>0

Range of Function Values

(=o0,00)

Probability Density Function

f(x)= g

Jr

Cumulative Distribution Function
F(x)= d)(ﬁhx)

®(v) is the Error Function
2

T

O (v)= J'e“zdt
0

0

Mean

0

Variance
1

2n?

Skewness

0

Kurtosis

3

Median

0

Mode

0

PsiErlang

PsiErlang (k,B,...)

PsiErlang (k,B) is a distribution with a finite lower bound, closely related to the Gamma and
Exponential distributions. It has applications in reliability and queuing models. When the parameter k
= 1, the Erlang distribution is the same as an Exponential distribution.

Parameters
k,>0
k integer
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Range of Function Values
[0.0)
Probability Density Function

el

B (k-1)!

Cumulative Distribution Function

o2

(k-1)!
7(x,y) is the Incomplete Gamma Function

Mean
k3

Variance

k ﬂ2
Skewness

2

J

Kurtosis

3+E
k

Median
Not defined
Mode

p(k-1)

PsiExponential

PsiExponential (B, ...)

PsiExponential (P) is a distribution with a finite lower bound and rapidly decreasing values. It can be
used to represent time between random occurrences in queuing and reliability engineering applications.

The minimum of a set of independent exponential random variables is also an exponentially distributed

random variable.

Parameters

£>0
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Range of Function Values
[0.0)
Probability Density Function
1 -
f(x)="e
p

Cumulative Distribution Function

,yﬂ i
F(x)= 1-e/7ifx=0
0 otherwise

Variance
ﬂZ
Skewness
2
Kurtosis

9
Median

fIn(2)
Mode
0

PsiGamma

PsiGamma (o,fB,...)

PsiGamma (a,B) is a flexible distribution with a finite lower bound and decreasing values.
PsiExponential, PsiErlang, and PsiChiSquare are special cases of PsiGamma, as explained below. The
Gamma distribution is often used to model the time between events that occur with a constant average
rate.

When o = 1, the Gamma distribution is the same as an Exponential distribution. If the parameter a is
integer, then the Gamma distribution is the same as the Erlang distribution. The Gamma distribution
with o = a/2, B = 2 is the same as a Chi Square distribution with parameter a (a degrees of freedom).

If X1, X, .. X are independent random variables with X; ~ PsiGamma (ai,p), then their sum also has a
Gamma distribution with parameters (o1 + o2+ ...+ om ,B). Additionally, the Gamma distribution
approaches a normal distribution with the same mean and standard deviation as the parameter o
approaches infinity.

Parameters
o, >0
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Range of Function Values

[0,20)

Probability Density Function
poxish
——if 0

f (x) _ F(a) if x>
0 otherwise

F(a) is the Gamma Function

Cumulative Distribution Function
(e %)
F(x)=— 2P
I'(a)

7(a,b) is the Incomplete Gamma Function

Mean
Yotos

Variance
2

o

Skewness

2

Jo
Kurtosis
k) +3

a

Median
Not defined

Mode
,8(1— a) ifa>1
0 otherwise

PsilnvNormal

PsiInvNormal (u,A,...)

PsilnvNormal (u,)) is a distribution with a finite lower bound, where it is zero. The Inverse Normal
distribution is used to model Brownian motion and other diffusion processes. As the parameter A tends
to infinity, the Inverse Normal distribution approaches a Normal distribution.
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Parameters
wu,A>0

Range of Function Values

(0,00)

Probability Density Function

e
2x°
f(x): 2%’ e

Cumulative Distribution Function

ool i) ()

d)(z) is the Error Function

Mean

y7i

Variance
3

Y7

A

Skewness

3 |4
A

Kurtosis
154 43
A

Median
Not defined
Mode

b
94/ 3u
14 2K |7 o
a ( MJ 2

PsiLaplace

Psilaplace (B,...)
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PsiLaplace (B) is an unbounded, fat-tailed distribution that describes the difference between two
independent exponentials. If a random variable X has a Laplace distribution, then |X| has an
Exponential distribution.

Parameters

£>0

Range of Function Values

(—o0,0)

Probability Density Function
(¥

f(x)=
2p

Cumulative Distribution Function

1—%e% ifx>0

F(x)=

le/ﬁ otherwise

Mean
0

Variance

25
Skewness
0
Kurtosis
3

Median

0

Mode

0

PsiLogistic

Psilogistic (u,s,...)

PsiLogistic (l,s) is an unbounded distribution, symmetric around its mean, with broader tails than the
Normal distribution. The Logistic distribution is often used to model growth processes.

Parameters
)7
s>0
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Range of Function Values

(-5.%)

Probability Density Function

(=)

e "%
—(X=u 2
s(1+e ( ‘%j

Cumulative Distribution Function

f(x)=

1
F(X)=—=a/
1+e( %

Mean

y7i

Variance

242
TS

3
Skewness
0
Kurtosis
6/5
Median
y7;

Mode

y7i

PsiLoglLogistic

PsilLogLogistic (y,B,a,...)

PsiLogLogistic (y,B,a) is a distribution with a finite lower bound. The natural log of PsiLogLogistic is
a Logistic random variable. The Log-Logistic distribution can be used to model the time to perform a
job or task.

Parameters

B,a>0
/4

Range of Function Values

[7.)
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Probability Density Function

il

2
X—y
p 1+( j
s
Cumulative Distribution Function

Fl)=——
1+[’8j
X=y
Mean

P cosec (”j
. \a)

a

+y fora>1

Variance

p’r {2 cosec (27[) ~Z cosec? [”H
(94 (94 (04

o

fora>2

Skewness

s - o s 7+ 2 a7
3cosec ———cosec CoSec +—5Cosec’| —
(04 a a [04 (04
3
[ ] (Zﬂj . z(nﬂé
Zcosec — |-~cosec’| —
a (04 o
Kurtosis

Not defined
Median
Not defined
Mode

for ¢ >3

Ve
7/+ﬂ{a—1} for o >1
a+l

0 otherwise

PsiLogNormal

PsilLogNormal (u,o,...)
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PsiLogNormal (p,o) is a distribution with a finite lower bound and has mean p and standard deviation
o. The LogNormal distribution can be used to model quantities that are products of many small
independent variables. The natural log of PsiLogNormal is a Normal random variable.

Parameters
u,o>0

Range of Function Values
[0,%)

Probability Density Function

1( In x—p' Jz
-l =
€

2
],ylzln i
U

/,u2+0'2

Cumulative Distribution Function

F(x)=®(mx—_.‘u')

O

®(a) is the Error Function

Mean

y7i

Variance

2
o

Skewness

o 3o
_+_

3

"

Kurtosis

4 3 2
6[1+£J +2[1+£J +3[1+£j -3
y7 y7 y7

Median

2

M
/Iu2+02

Mode
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PsiLogNorm2

PsilLogNorm2 (u,o,...)

PsiLogNorm2 (u,o) is a distribution with a finite lower bound. It can be used to model quantities that
are products of many small independent variables. The natural log of PsiLogNorm2 is a Normal
random variable. In contrast to PsiLogNormal(), the parameters p and ¢ of PsiLogNorm2() are the

mean and standard deviation of the corresponding Normal distribution.

Parameters

y7i
o>0

Range of Function Values
[0,%)

Probability Density Function
1 Inx—pu 2
)

Cumulative Distribution Function

F(x)=®£|nx—_ﬂj

(o2

CD(a) is the Error Function

Mean
2
u+e
o7
Variance

(eaz _1) e2u+a'2

Skewness

2 2
(e" +2)\/e" -1
Kurtosis

2 2 2
66" +20% +3% -3
Median

206 o

SDK User's Guide



PsiMaxExtreme

PsiMaxExtreme (m,s,...)

PsiMaxExtreme (m,s) is the positively skewed form of the Extreme Value distribution, which is the
limiting distribution of a very large collection of random observations.

Parameters
m
s>0

Range of Function Values

(-o.%)

Probability Density Function
~(x-m)

f(x):ée‘z,z:e :

Cumulative Distribution Function
Not defined
Mean

Not defined
Variance
Not defined
Skewness
Not defined
Kurtosis
Not defined
Median
Not defined
Mode

Not defined

PsiMinExtreme

PsiMinExtreme (m,s,...)

PsiMinExtreme is the negatively skewed form of the Extreme Value distribution, which is the limiting
distribution of a very large collection of random observations.

Parameters
m
s>0

Range of Function Values

(—o0,0)
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Probability Density Function

(x=m)

f(x)=§e‘z,z:e :

Cumulative Distribution Function
Not defined
Mean

Not defined
Variance
Not defined
Skewness
Not defined
Kurtosis
Not defined
Median
Not defined
Mode

Not defined

PsiMyerson

PsiMyerson (a,c,b,t,...)

PsiMyerson (a,c,b,t) is a generalized LogNormal/Normal distribution, specified using the top (a),
bottom (b) and 50th (c) percentiles, and an optional tail percentage parameter (t). This distribution is
bounded on the side of the narrower percentile range; when both the bottom and top percentile ranges
are equal, then this distribution is unbounded.

This distribution, developed by Dr. Roger Myerson, is used to model random variables when the only
information available is the percentile values, and optionally, a tail percentage parameter indicating the
probability of values being within the specified percentiles. If the specified percentiles are equidistant
(measured by the parameter b’ below), then the Myerson distribution is equivalent to a Normal
distribution. When the 50th percentile is equal to the geometric mean of the top and bottom percentiles,
then the Myerson distribution is equivalent to the LogNormal distribution.

Parameters

a<c<b

te (0,1)

If t is omitted, it is given a default value of 0.5
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Range of Function Values
[LB,UB)

where,
LB=-w,UB=wifb =1

LB=C—M UB=owifb'>1

b -1
|_B=—oo,UB=c—M ifb <1
b —1
and,
b,:b—c
c—a

Probability Density Function

Ifb' =1,

0
(0-c)+ (x-0)(o"-1)) (o) ">

where

fu(0x (@) is the PDF of the Standard Normal distribution,

((x=e)(p'-1) |
(oY
(42) In(b’)

and
Z, = CDFInverse of the Standard Normal distribution at x
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Cumulative Distribution Function

Ifb" =1,
F(x)=Fyoy ()= %(d)(%}g
where

Fuox (@) is the CDF of the Standard Normal distribution

O (x)= %Te“z dt is the Error function
(x—c)(b'-1)

_Z |y

7%y In(b')

Ifb'=

F(x)= 1{1+erf( [ﬂ

where

erf (y) is the Error Function, and

U=cC
(+-4)
and

Z, = CDFlInverse of the Standard Normal distribution at x

Mean

No closed form
Variance

No closed form
Skewness

No closed form
Kurtosis

No closed form
Median

No closed form
Mode

No closed form
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PsiNormal

PsiNormal (u,o,...)

PsiNormal (o) is an unbounded, symmetric distribution with the familiar bell curve, also called a
Gaussian distribution. The Normal distribution is widely used in many different kinds of applications.
A normal distribution with mean zero and standard deviation one is called a Standard normal
distribution.

The sum of independent random variables of any shape tends to the Normal distribution.

Parameters

yli
o>0

Range of Function Values

(~o00)
Probability Density Function
W
f(x)= el ¥
( ) o~\2rx

Cumulative Distribution Function

F(x)= 1{1+erf(6\/_ﬂ

erf (y) is the Error Function

Mean

y7i

Variance

2
o

Skewness
0
Kurtosis
0

Median
y7;

Mode

y7i

PsiPareto

PsiPareto (6,a,...)
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PsiPareto (0,a) is a distribution with a finite lower bound a, and shape parameter 6. The Pareto
distribution can be used to describe or model wealth distribution, sizes of particles, etc. Itis the

exponential of an Exponential random variable.

Parameters
0,a>0

Range of Function Values

[a,)

Probability Density Function

0a’
f(x):W

Cumulative Distribution Function

F(x):l—[EJe

X
Mean
a_9 for 6>1
Q-
Variance
92—3.2 for 6> 2
(49—1) (6’—2)
Skewness
2 _
(9+l) (9 2) for 8>3
(0-3)\V o
Kurtosis
3(0-2)(360* +6+2
( )( o ) for >4
0(9—3)(9—4)
Median
a2’
Mode
a
PsiPareto?2

PsiPareto2 (b,q,...)
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PsiPareto? is an alternate form of the Pareto distribution with a finite lower bound of 0, and a shape
parameter g. Like PsiPareto (6,a), it can be used to describe or model wealth distribution, sizes of
particles, etc. It is the exponential of an Exponential random variable.

Parameters

b,q>0

Range of Function Values

[0,%0)

Probability Density Function
qb*

1 by

Cumulative Distribution Function
b q
F(x)=1-| —
X+b

Mean

LN forg>1
q-1
Variance

qb’
(a-1)"(a-2)

Skewness

2(q+1) ((q-2)
(a-3)V «
Kurtosis

Not defined
Median

bk
q

Mode
0

forq>2

forq>3

PsiPearson5

PsiPearson5 (a,fB,...)

PsiPearson5 (a,B) is a distribution with a lower bound of 0, and density similar to that of the
LogNormal distribution. The Pearson5 distribution is sometimes called the Inverse Gamma
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distribution. It can be used to model time delays when these can possibly take on unbounded (or very
large) values.

Parameters
a, >0

Range of Function Values
[0,%)

Probability Density Function
(@) e—%

f(x)="———
( ) ﬁfar(a)
Cumulative Distribution Function

1

F(x)=1-F. H

X
Fe () is the Distribution function of a Gamma (a, },/B)

random variable
Mean
L fora>1
a-1
Variance

ﬂZ
(a@-1)"(a-2)

Skewness

da-2

a—3

for o > 2

fora >3

Kurtosis
3(a+5)(a-2)

(a-3)(a—-4)
Median

Not defined
Mode

B

o+l

fora>4

PsiPearson6

PsiPearson6 (al,a2,B,...)
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PsiPearson6 (a1, oy, B) is a distribution with a lower bound of 0, and a mode just beyond the lower
bound. The Pearson6 distribution is sometimes called the Beta distribution of the second kind.

If X1 ~ Gamma (as,) and X, ~ Gamma (a2,1) are independent random variables, then Xi1/X; has a
Pearson6 distribution. If X is a random variable with a Pearson6 (a1,0,1) distribution, then X/(1+X)
has a Beta (a1, o) distribution.

Parameters

a,,a,, >0

Range of Function Values
[0,%0)

Probability Density Function
f(x)= (% )
SB(a, @, )[1+(yﬁ)}

B(y,a,) is the Beta function

Cumulative Distribution Function

F(X)ZFB(HXﬁj

F; () is the Distribution function of a Beta (o, «r,)

random variable

Mean
a.
P g a,>1
CZZ —
Variance

ﬁzal (0‘1 + aZ—l)
(2, _1)2 (2, -2)

Skewness

\/ a,—2 [4a1+2a2—2] for o, >3

for a, >2

a (o, +a, 1) o, —3
Kurtosis
3(a2—2) 2(a2 —1)2+a1(a1+a2 —1)(a2+5) for a. > 4
(o, —3)(a, —4) o, (o, +a, —1) ?
Median
Not defined
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Mode
Bl -1)
a,+1
0 otherwise

if o, 21

PsiPert

PsiPert (a,c,b,...)

PsiPert (a,c,b) is a form of the Beta distribution, often used to estimate project completion times in the

Program Evaluation and Review Technique, where a is the minimum time, b is the maximum time, and
c is the most likely time. These parameters are used to compute the shape parameters o1,02 used in the
PsiBeta function, as shown below.

Parameters
a<c<b
The shape parameters «;, o, can be defined as
o - —5a+b+4c
6(b-a)
o, = —a+5b—-4c
6(b-a)
Range of Function Values
[a.b]

Probability Density Function

() px
f (X) - B(al, az)(b—a)aﬁaz_l

B(,@,) is the Beta function

Cumulative Distribution Function

B[x—aj (o, e1;)

F(x)=—22/
(%) B(ay,a,)
B(e,, @, ) is the Beta function
B, (e, @, ) is the Incomplete Beta function
Mean

a+b+4c
6
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Variance

(b- a)2 aa,
252

Skewness

a+b-4c 7
(b—a) \aa,

Kurtosis

(e, +a, +1)[2(051 +a, )2 +aya, (o +a, —6)}

aya, (o +a, +3) (o +a, +2)
Median

Not defined
Mode

C

PsiRayleigh

PsiRayleigh (B, ...)

PsiRayleigh (B) is a distribution with a finite lower bound of 0, a special case of a Weibull distribution.
The Rayleigh distribution can be used to model component lifetimes.

If X is a random variable with Rayleigh distribution with parameter p = 1, then X2 has a Chi Square
distribution with parameter 2 (two degrees of freedom). If X and Y are independent normally
distributed random variables with mean zero and variance o2, then (X?>+Y?)*2 has a Rayleigh
distribution with parameter ¢. Thus, a Rayleigh distribution may be used to model the length of a two-
dimensional vector whose components are independent and normally distributed.

Parameters

£ >0

Range of Function Values
[0,%0)
Probability Density Function

Xe(_%ﬂzj
f(x)= T

Cumulative Distribution Function

F(x) _1d V)
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Mean

ﬁ' T
2
Variance

(4-7) B
2

Skewness

2 (7-3)

Kurtosis

372 +32
(4-7)

Median

B4/In(4)

Mode

Y53

PsiStudent

PsiStudent (df,..)

PsiStudent (df) is an unbounded distribution, symmetric about zero, with a shape similar to that of a
Standard Normal distribution, and it approaches the Standard Normal distribution as the degrees of
freedom (parameter df) increases. It is also known as the t-distribution, or Student’s t-distribution.

The Student or t-distribution frequently arises when estimating the mean of a normally distributed
population when the sample size is small. It is also used when the population variance is unknown, and

is estimated from a small sample.
Parameters

df >0, integer

Range of Function Values

(<2.5)

Probability Density Function
df +1) df +1

f(x)= F( .

( i Jz
2
g (df) x% +df

2

F(x) is the Gamma function
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Cumulative Distribution Function
1+B |, (1,df)
[;df] 2’2
F(x)= X+
(x) ;

B, (x,y) is the Incomplete Beta function

Mean
Oifdf>1
undefined if df =1

Variance

LT

df -2
Skewness
0ifdf >3

Kurtosis

30028 it it > 4
df -4

Median

0

Mode

0

PsiTriangGen

PsiTriangGen (ap,m,b., p,r..)

PsiTriangGen (a,,m,by,p,r...) is a Triangular distribution where the lower and upper bounds are not
given as fixed values, but are specified using percentiles. This distribution is usually used to create
rough models in situations where little or no data is available. The distribution has a most likely value
of m, the p (lower) percentile value is ap, and the r (upper) percentile value is b;. Given these values, a
PsiTriangGen (ap,m,by,p,r...) distribution corresponds to a PsiTriangular (a,c,b) distribution with
values for the bounds (a and b), and the most likely value (c) computed as shown below.
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Parameters

p,re(0,1)

p<r

a, <b,

a,<m<b

The parameters of the Triangular distribution are defined as

P
a,—-m [~

q

Here q is a solution to the following equation
(m—ap)(l— 1—r)
1-q

" (b, —m)(l—\/qa}t(m—ap)(l—\/i}

Range of Function Values

[a,b]
Probability Density Function
M ifa<x<c
f (%) (c—a)(b-a)
X)=
20-%) ife<x<b

(b-c)(b-a)

Cumulative Distribution Function

ﬂi a<x<c
(c—a)(ba) "=

2
I Clat) BN

(b—c)(b-a)

F(x)=
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Mean

a+b+c
3

Variance

a’+b*+c’—ab-ac-hc

18
Skewness
V2 (a+b-2c)(2a-b-c)(a-2b+c)
S(a2 +b? +¢? —ab—ac—bc)%
Kurtosis
12/5
Median
b a)(c— a
)( |fc>9——
2 2
(b c) :
otherVV|se
Mode
C

PsiTriangular

PsiTriangular (a,c,b,...)

PsiTriangular (a,c,b) is a distribution with lower bound a, upper bound b, and most likely value ¢. This
distribution is usually used to create rough models in situations where little or no data is available. If
the parameter ¢ = b, then the distribution is also known as a Right Triangular distribution. If the
parameter ¢ = a, then the distribution is also known as a Left Triangular distribution. If X; and X; are
independent Uniform (0,1) random variables, then (X1+X3)/2 has a Triangular (0,0.5,1) distribution.

Parameters

a<c<b
a<b

Range of Function Values

[a.]
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Probability Density Function
2(x—a)
(c—a)(b-a)
2(b—x)
(b—c)(b—a)
Cumulative Distribution Function
(x-a)
(c-a)(b-a)
(b—x)

(b—c)(b-a)

ifas<x<c

f(x)=

ifc<x<b

ifa<x<c

F(x)=

1- ifc<x<b

Mean

a+b+c
3

Variance

a’+b*+c®—ab-ac-hc

18
Skewness
J2(a+b-2c)(2a~b-c)(a-2b+c)
5(a2 +b? +¢? —ab—ac—bc)%
Kurtosis
12/5
Median

a+

(b—aﬂc—a)wczb—a
2

2
b- (b_agb_c)omwwhe
Mode
C
PsiUniform

PsiUniform (a,b,...)

PsiUniform (a,b) is a flat, bounded distribution with lower bound a and upper bound b. It is used to
represent a random variable that is equally likely to take on any value between a lower and upper
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bound. A Uniform (0,1) distribution is also known as a Standard Uniform distribution, and is used to
generate many other random variables. If X is a random variable with a Standard Uniform
distribution, then a + (b — a)X has a Uniform (a,b) distribution, and (1 — X) has a Standard Uniform
distribution.

Parameters
a<b

Range of Function Values
[a.5]

Probability Density Function

1 .
f(x): E ifa<x<b

0 otherwise

Cumulative Distribution Function

Oifx<a

F(x)= ;(;: ifa<x<b

lifx>b

Mean

a+b

2

Variance

(b-a)
12
Skewness

0
Kurtosis
9/5
Median
a+b

2
Mode
Any value in [a,b]

PsiWeibull

PsiWeibull (a,B,...)
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PsiWeibull (a,p) is a distribution with a finite lower bound of 0. The Weibull distribution is quite
flexible and can be used to model weather patterns, material strength, processing and delivery times,
and in a variety of reliability engineering applications.

If X is a random variable with Weibull (1,B) distribution, then it also has the Exponential (j3)
distribution. In fact, a random variable X ~Weibull (a,p) if and only if X* ~ Exponential (3%). Also, if
X is a random variable with Weibull (2,B) distribution, then it also has the Rayleigh (B) distribution.

Parameters

o, >0

Range of Function Values
[0,0)
Probability Density Function
| X “
f(x)=af“x*"e )
Cumulative Distribution Function
| X “
F(x)=1-¢ 7]
Mean
£r(2)
o o
I'(x) is the Gamma function

Variance

Z[r()

Skewness

e {2 (2
n(2)-2(2)
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Median

0 otherwise

Discrete Analytic Distributions

PsiBernoulli

PsiBernoulli (p,...)

PsiBernoulli (p) is a discrete distribution that takes on a value of 1 with probability p, and a value of 0
with probability (1-p). A Bernoulli random variable is usually considered as an outcome of an
experiment with only two possible outcomes (0 and 1); each experiment is called a ‘Bernoulli Trial’.

Parameters
pe [0,1]
Range of Function Values
0.4
Probability Mass Function
1-p ifx=0
p(x)=1p ifx=1
0 otherwise

Cumulative Distribution Function

0 ifx<0
F(x)=11-p if0<x<1
1 ifx>1
Mean
P
Variance
p(1-p)
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Skewness
1-2p
JpP(-p)
Kurtosis
6p>—-6p+1
p(1-p)
Median

Not defined
Mode

) 1
Oifp<=
P 2

) 1
lifp>=
P 2

PsiBinomial

Oandlifp=
P 2

PsiBinomial

PsiBinomial (n,p) is a discrete distribution of the number of successes in n independent ‘Bernoulli
Trials” (experiments with exactly two possible outcomes), where p is the success probability in each
trial. The Binomial distribution can be used to model the number of winning trades in a trading

system, or the number of defective items in a batch.

A random variable X is defined by X ~ PsiBinomial (n,p) if and only if n-X ~ PsiBinomial (n,1-p).

The Poisson distribution with parameter A is a good approximation of the PsiBinomial (n,p)

distribution when 1—> 00 and p — 0 ,with A =np.

Parameters

n> 0, integer

p 6[0,1]

Range of Function Values

{01,...,n}
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Probability Mass Function

p(x)= (:j p*(1-p)" ifxe{01...,n}

0 otherwise

X

s

Cumulative Distribution Function

where [nj is the binomial coefficient,

0 ifx<0
n .
F(x)= ;(ijp'(l- p)" if0o<x<n
1 ifx>n
Mean
np
Variance
np(1-p)
Skewness
1-2p
np(1-p)
Kurtosis
6p>—-6p+1
np(1-p)
Median
one of {|np .| np |-1| np | +1}
Mode

p(n+1) and p(n+1)-1if p(n+1) is integer
| p(n+1) | otherwise

PsiGeometric

PsiGeometric (p,...)

PsiGeometric (p) is a discrete distribution of the number of failures before the first success in a
sequence of independent ‘Bernoulli Trials’ (experiments with exactly two possible outcomes), where p
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is the success probability in each trial. The Geometric distribution can be used to model the number of
losing trades before the first winning trade, the number of items passing inspection before the first
defective item appears in a batch, etc.

PsiGeometric (p) can be considered as a discrete analog of the (continuous) Exponential distribution. If
X1, Xz, ..., Xn are independent geometrically distributed random variables with parameters p1, pz,
...,pn, then X'=min (Xy, Xy, ..., Xn) is also a Geometrically distributed random variable with
parameter p = 1 — [(1-p1)(1-p2)...(1-pn)]. Additionally, if X1, X, ..., X, are Geometrically distributed
random variables with parameter p, then their sum is Negative Binomially distributed with parameters

n, p.
Parameters

pe [0,1]
Range of Function Values

{01...

Probability Mass Function

o(x)- p(l-p) ifxe{0L...}
0 otherwise

Cumulative Distribution Function

Ji-(1-p) M ifxz0
1 otherwise

Variance

1-p
2

p
Skewness
2-p
(1-p)
Kurtosis
9p*-17p+9
(1-p)’
Median
In(0.5)
In(1-p)
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Mode

PsiHyperGeo

PsiHyperGeo (n,D,M,...)

PsiHyperGeo (n,D,M) is a discrete distribution of the number of successes in n successive trials drawn
without replacement from a finite population of size M, when it is known that there are exactly D
failures in the population. The Hypergeometric distribution can be used to model ‘good’ and defective
parts in a manufacturing process.

A Hypergeometric distribution can be approximated by a Binomial distribution with parametersn, p =
D/M, when M is very large as compared to n.

Parameters
M e {0,1,...}

n, De{O,l,...,M}

Range of Function Values
{max(O,n—M +D),...,min(D,n)}

Probability Mass Function

o)
p(x) =~
)
Cumulative Distribution Function
o)
FO)=2 "~
s

Mean
nD
M

Variance

(O (M —0)(1-Oy)
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Skewness

(M -2D)(M —2n) (M-1)
\/nD(

M -2 M —D)(M —n)
Kurtosis
M?(M -1) M (M +1)—6M(M—n)+3n(M—n)(N+6) 5

n(M-2)(M -3)(M -n) D(M-D) M?
Median
Not defined
Mode
(n+1)(D+1) and (n+1)(D+1) e (n+1)(D+1) s integral

M +2 M +2 M +2
{WJ otherwise

M +2

PsilntUniform

PsiIntUniform (a,b,...)

PsilntUniform (a,b) is a discrete distribution with equal probability at each integer value between the
lower and upper bounds (a and b). It is used as a rough estimate of the true distribution when the only
information we have is that the random variable takes integer values between a and b, and each of
these values are equally likely.

Parameters
a,b integers
a<b

Range of Function Values
{a,a+l...,b-1b}

Probability Mass Function

ifa<x<b, and x integer
p(x)=<b-a+1

0 otherwise
Cumulative Distribution Function
Oifx<a

F(x)= L;(J_—:J;l ifa<x<b
—a+

lifx>b
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Mean

a+b

2
Variance
(b-a+1) -1
12
Skewness
0
Kurtosis
6{(b - a+l)2 +1}
5{(b-a-+1)" -1

Median
a+b

2
Mode

Net defined

PsiLogarithmic

PsilLogarithmic (p,...)

PsiLogarithmic is a discrete distribution with a lower bound of 1. It is used to describe the diversity of

a sample.

Parameters

pe (0,1)

Range of Function Values

123..}

Probability Mass Function
L P ey

p(x)=1In(1-p) x
0 otherwise
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Cumulative Distribution Function

B, (x+1,0)
F(X):HW

p
B, (a,b) = [t**(1-t) " dt
0

, B, (a,b) is the incomplete beta function

Mean
—p
(1-p)in(1-p)
Variance
p+In(1-p)
(1-p)"In*(1-p)
Skewness
Not defined
Kurtosis
Not defined
Median
Not defined

Mode
1

PsiNegBinomial

PsiNegBinomial (s,p,...)

PsiNegBinomial (s,p) is a discrete distribution of the number of trials required to obtain s number of
successes in a sequence of independent ‘Bernoulli Trials’, where the success probability in each trial is
p. The Negative Binomial distribution can be used to describe the number of items that pass inspection
before the s defective item is found.

If X1, Xo,..., X are independent Geometrically distributed random variables each with parameter p,
then their sum is Negative Binomially distributed, with parameters s and p. Additionally, the
Geometric distribution with parameter p is the same as a Negative Binomial distribution with
parameters s = 1 and p; hence, the Geometric distribution is a special case of a Negative Binomial
distribution.

Parameters
pe [0,1]
s >0, integer

Range of Function Values

0123..)
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Probability Mass Function

(H;_lj p(1-p) ifxe{ol..}

0 otherwise

p(x)=

Cumulative Distribution Function

F(x)= :[is_iﬂj p°(1- p)i ifx>0

0 otherwise

Mean

s(1-p)

P

Variance

s(1-p)

2

P

Skewness
_2-p
s(1-p)
Kurtosis
p>?—6p+1
s(1-p)
Median

Not defined
Mode

s(l—pp)—l and s(l—pp)—lle if [S(l_—pp)_lj is integer

F(l_—;)_lJ +1 otherwise

+3

PsiPoisson

PsiPoisson (A, ...)

PsiPoisson (A) is a discrete distribution of the number of events that occur in an interval of time, when
the events occur at a known average rate, and each occurrence is independent of the time of occurrence
of the previous event.
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The Poisson distribution with parameter A can be approximated by a Normal distribution with mean A
and variance A, for large values of A. If X3, Xa,...,X, are independent Poisson random variables with
parameters A1, Ao,... An, then their sum is also a Poisson random variable with parameter A1 +Ao+...+An.

Parameters
A1>0

Range of Function Values

{01...

Probability Mass Function

e—l X

p(x) =9 xI!
0 otherwise

ifxe{0,1...)

Cumulative Distribution Function

0ifx<0
= [x] gi
F() e’izjf— if x>0

i 1!

Variance
A

Skewness

1

A
Kurtosis

1+3
A

Median

Not applicable
Mode

Aand A-1if 4 is integer
| 4| otherwise
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Custom Distributions

PsiCumul

PsiCumul (albl {Xlr Koy s Xn} ’ {pl,p2l~-~l pn} 7. -)

PsiCumul (a,b, {X1,X2,...,.xn},{P1.P2,...,Pn},...) IS @ custom continuous distribution with lower and upper
bounds equal to a and b respectively, and with user specified values , Xi,Xa,...,xn and corresponding
cumulative probabilities p1,pa,...,pn.

Parameters

a<b

asx <bvi=12...,n

0<p <lvi=l2,...,n
p,<p,Vi=12,..,n-1

X <X, Vi=12,..,n-1

Define the boundary parameters as
Xo =& Xpq = b, Po =0, P, =1
Range of Function Values

[a.b]

Probability Density Function

f(x)= —z‘” : E‘ ifx <X<x,,
i+1 i

Cumulative Distribution Function

(0= b+ (- p) 22 i s,
Xig =X
Mean

Not defined

Variance

Not defined

Skewness

Not defined

Kurtosis

Not defined

Median

Not defined

Mode

Not defined
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PsiDiscrete

PsiDiscrete ({xi,Xz2s.rXn}, {P1,P2srPnls--)

PsiDiscrete ({X1,X2,...,xn}, {P1.P2,...,Pn},...) IS @ custom discrete distribution that takes on values
{X1,X2,...,xn} With probabilities {p1,pz,...,pn} respectively.

Parameters
(X Xp0eees Xy }
{Pu ooy Py}

The probabilities p, are first normalized so that they sum to one

Range of Function Values

(X X X}

Probability Density Function

f(x):{pi if x = x

0 otherwise
Cumulative Distribution Function
Oifx<x
S
F(X)=9D.p; ifx, <x<Xx,,s<n

i=1

1 otherwise
This assumes that x, < x,,,Vi=12,...,n-1

i+1

Mean

in Pi=u
=

Variance

Zn:(ﬂ_xi)z P =0’

i=1

Skewness
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Median

j
X Wheres=min[j =12,...,n:>.p, 20.5}

i=1

This assumes that x, < x,,,Vi=12,...,n-1

i+1

Mode

X
argmax( p;)
i=1,2,...n

PsiDisUniform

PsiDisUniform ({Xi1,Xs,..,Xn},...)

PsiDisUniform ({X1,Xz,...,xn},...) is a custom discrete distribution that takes on values {x1,Xz,...,xn}
with equal probability. It is similar to the PsiDiscrete distribution except that no probabilities are
specified — instead all x values are equally likely to occur. (In the equations below, each p; = 1/n.)
PsiDisUniform can be used to resample a set of past observations {x1,Xa,...,Xn}.

Parameters
(X0 Xgree ey X, }
These values have the corresponding probabilities as
p, =EVi =12,...,n
n

Range of Function Values

(X %o X, }

Probability Density Function
CIf X =x
f (X) — pl ) 1
0 otherwise

Cumulative Distribution Function

Oifx<x

S
F(X)=4>p ifx, <X<X,5,8<n
i=1
1 otherwise
This assumes that x, <x, ,Vi=1,2,...,n-1

i+1

Mean

in Pi=u
i1
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Variance

Zn:(ﬂ_xi)z P =0’

i=1

Skewness

Kurtosis

n

iZ:l:(xi _,U)4 Pi

Median

j
X Wheres=min[j =12,...,n:).p, 20.5}
i=1

This assumes that x, <x,,Vi=12,...,n-1

i+1

Mode

X
argmax( p;)
i=1,2,...n

PsiGeneral

PsiGeneral (a,b, {x1,X2,., X0}, {wW1, Wy, ., Wn},..)

PsiGeneral (a,b, {X1,X2,...,xn}, {W1Wa,...,Wn},...) is a custom continuous distribution with lower and
upper bounds equal to a and b respectively, and with user specified values xi,Xo,...,x, and
corresponding weights w1 Wo,...,wn. This is similar to a PsiCumul (a,b, {X1,X2,....xn},{P1.P2,-..,pn}>.-.)
distribution, where the probabilities are calculated using the weights as shown below.

Parameters

a<b

asx<bvi=12,...,n

X <X,vi=12...,n-1

The cumulative probabilities are defined as p, = Z an

k=1 "
J
=1

i
Range of Function Values

[a.b]
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Probability Density Function
f(x):M ifx <X<X,,
X%

Cumulative Distribution Function

F(X)=p, +( P — B; )(iJ ifx, <xX<X,
Xi+l Xi

Mean

Not defined

Variance

Not defined

Skewness

Not defined

Kurtosis

Not defined

Median

Not defined

Mode

Not defined

PsiHistogram

PsiHistogram (a,b, {wy,Wo,., Wy}, ..)

PsiHistogram (a,b,{wiWo,...,wn},...) is a custom continuous distribution with lower and upper bounds
equal to a and b respectively, and with user specified weights w1 Ws,...,w, corresponding to n
subintervals of equal size. This is similar to a PsiCumul (a,b, {x1,Xo,....xn},{P1.P2,-.,Pn}>--.)
distribution, where the probabilities are calculated using the weights as shown below, and the interval
defined by the bounds a and b is divided into subintervals of equal size as described below.

Parameters
a<bh
The interval [a,b] is divided into n subintervals

of equal size {x,X,,....X,}

.(b—aj
X =a+i| —
n
i Wk

The cumulative probabilities are defined as p, = > —

k=1 WJ
=1

i
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Range of Function Values

[ab]

Probability Density Function

f(x)= PP X SX< X,
X =%

Cumulative Distribution Function

(0= b+ (- p) 22 i s,
Xig =%

Mean

Not defined

Variance

Not defined

Skewness

Not defined

Kurtosis

Not defined

Median

Not defined

Mode

Not defined

Stochastic Information Packets (SIPs)

As described by Dr. Savage in OR/MS Today, the simplest element of a coherent Stochastic Library is
a Stochastic Information Packet or SIP, which is just a list of trial values for a single uncertain
variable. An example might be 1,000 sample values, in a specific sequence, for the future price of oil
at some point or interval of time. In a Monte Carlo simulation, trials will be drawn from the SIP in the
order in which they were generated.

Uncertain variables may be dependent in ways not measured by traditional correlation. SIPs for
several different uncertain variables may be generated as a group, in a manner that preserves the
statistical dependence between them. If a Monte Carlo simulation draws trials in the specific order
given by the SIPs, this dependence will be reflected in the simulation model results.

In the Solver SDK, one SIP is naturally represented by a column of cell values, and a SIP with n
variables is most easily represented by a DoubleMatrix with n number of rows and number of columns
equal to the number of simulation trials (prob.Solver.NumTrials()). The data for this table of cell
values may be easily drawn from a relational database or multidimensional data warehouse, or it may
be created and maintained directly in the programming language of your choice.

Creating a SIP

Of course, a SIP must first be created before it can be used. In some cases, you may have a data source
from which you can draw SIP data directly. For example, if you are working with demographic data
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such as age, family size, income, and taxes paid, you might be able to use a representative sample
directly in multiple SIPs. But in many cases, an expert (perhaps like you) will have to select
appropriate analytic probability distributions and their parameters, determine whether and how they
should be correlated, and then generate the trial data through a Monte Carlo process.

The Solver SDK is a great tool for creating SIPs, as well as using them. It supports a wide range of
analytic distributions, shifting and truncation of distributions, and rank order correlation of different
distributions. When you run a simulation, the trial data is generated and can easily be saved — this will
create a SIP.

Creating a SIP from a Data Source

There are two ways to create a SIP in the SDK when providing data directly, in the main body of the
program or in the evaluator. Please see the candy store example below which illustrates how to create
SIPs using both methods.

Imagine that you are the owner of a candy store and you would like to simulate next week’s Gross
Profit using sales from the previous week, shown in the table below.

Daily Sales Chocolate Bars Juju Beans Chocolate Nuggets Eclairs
Monday 9 1 3 6
Tuesday 10 2 2 6

Wednesday 6 1 5 6

Thursday 8 1 7 6

Friday 11 1 3 6

Since we have four products, chocolate bars, juju beans, chocolate nuggets and éclairs, we will create a
problem with four uncertain variables.

First, we create a simulation Problem with 4 uncertain variables, one for each product, and one
uncertain function, gross profit.

CProblem prob (Solver Type Simulate, 4, 1);
The line of code below sets the number of trials to 5, one for each day of the week.

prob.Solver.NumTrials = 5;

Now we create and populate the DoubleMatrix, mySipValues, with four rows and the number of
columns equal to prob.Solver.NumTrials or 5. Note that we are using NZBgn and NZEnd to speed up
the population of the DoubleMatrix mySipValues. For more information on NZBgn and NZEnd,
please see the section "Passing Sparse Matrices" in the chapter, "Designing Your Application”.

CDhoubleMatrix mySipValues (4, prob.Solver.NumTrials);

mySipValues.NZBgn () ;

mySipValues.Value[0] [0] 9;
mySipValues.Value[0][1] 10;
mySipValues.Value[0][2] 6;
mySipValues.Value[0] [3] 8;
mySipValues.Value[0] [4] 11
mySipValues.Value[1l][0] 1;
mySipValues.Value[1l][1] 2;
mySipValues.Value[1l][2] 1;

PSI Function Reference

e 241



mySipValues.Value[l][3] =

~e

mySipValues.Value[l] [4] =

~e

mySipValues.Value[2][0] =

~e

mySipValues.Value[2][1] =

~.

mySipValues.Value[2][2] =

~.

mySipValues.Value[2] [3] =

~.

mySipValues.Value[3] [4] =
mySipValues.Value[3][0] =

~.

mySipValues.Value[3][1] =

~.

mySipValues.Value[3][2] =

~.

mySipValues.Value[3][3] =

~.

[©) IO o O o W ~ N w = =
~.

~.

mySipValues.Value[3] [4] =
mySipValues.NZEnd () ;

We must call the line of code below to pass the DoubleMatrix mySipValues to the Variables[0] object.
prob.Variables[0] .Al1Trials = mySipValues;

Alternatively, you could also use the PsiSip Distribution object to pass these same values as in the
example below.

prob.Model.VarDistribution[0]=CDistribution (L"PsiSip(9,10,6,8,11)");
prob.Model.VarDistribution[1l] = CDistribution(L"PsiSip(1,2,1,1,1)");

prob.Model.VarDistribution[2] CDhistribution(L"PsiSip(3,2,5,7,3)");

prob.Model.VarDistribution[3] CDhistribution(L"PsiSip(6,6,6,6,6)");

One more way to create and pass a SIP is by creating a new Distribution. In the example code below,
we first create four arrays (SipValuesl, SipValues2, SipValues3, SipValues4) , create 4 distributions
(distl, dist2, dist3, dist4) of type Distribution_Type_Sip, set the number of parameters (sampled
values) to 5, and then pass the sampled values to the four arrays, SipValuesl, SipValues2, SipValues3,
and SipValues4.

double SipValuesl[5] = { 9, 10, 6, 8, 11 };
CDistribution distl;

distl.DistType = Distribution Type Sip;
distl.NumParams = 5;

distl.Params = SipValuesl;

double SipValues2[5] = { 1, 2, 1, 1, 1 };
CDistribution dist2;

dist2.DistType = Distribution Type Sip;
dist2.NumParams = 5;

dist2.Params = SipValues2;

double SipValues3I[5] = { 3, 2, 5, 7, 3 };
CDhistribution dist3;

dist3.DistType = Distribution Type Sip;
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dist3.NumParams = 5;

dist3.Params = SipValues3;

double SipValues4[5] = { 6, 6, 6, 6, 6 };
CDistribution dist4;

dist4.DistType = Distribution Type Sip;

dist4.NumParams = 5;

dist4.Params = SipValues4;

Next we create and pass the evaluator of type Eval_Type_ Sample, CSIPEvaluator, in the example code
below. Finally, we ask the SDK to run a simulation by calling prob.Solver.Simulate().

CSIPEvaluator evalSip;
prob.Evaluators[Eval Type Sample].Evaluator = & evalSip;
prob.Solver.Simulate () ;

The evaluator, CSIPEvaluator, below will be called 5 times or the number of trials. Each time the
simulator is called, values from the table above are passed to the pVar array. For example, the first
time that the evaluator is called, pVar[0] = 9, pVar[1] = 1, pVar[2] = 3 and pVar[3] = 6. The second
time that the evaluator is called, pVar[0] = 10, pVar[1] = 2, pVar[2] =2 and pVar[3] = 6. The fifth
and last time that the evaluator is called, pvVar[0] = 11, pVar[1] = 1, pVar[2] = 3 and pVar[3] = 6.

class CSIPEvaluator : public IEvaluator

{

public:

virtual Engine Action Evaluate (CEvaluatoré& evaluator)
{

CProblem& p = evaluator.Problem;

double bars, beans, nuggets, eclairs;

const double* pVar = p.VarUncertain.Value;

double* pFcn = p.FcnUncertain.Value;

bars = pvVar[0] * (2.5 - 1.5);

beans = pVar[1l] * (1.75 - 1.05);

nuggets = pVar[2] * (3.5 - 2.25);

eclairs = pVar[3] * (4- 2.95);

pFcn[0]

bars + beans + nuggets + eclairs;
return Engine Action Continue;
}

Alternatively, it is also possible to supply the SIP values directly to the SDK inside of the
Eval_Type_Sample evaluator. For this example, we create a simulation Problem, set the Solver Type
to Simulate, and add one uncertain function, grossProfit. Notice that our Problem has no variables.

CProblem prob;
prob.Solver.SolverType = Solver Type Simulate;
CFunction grossProfit (Function Type Uncertain, L"grossProfit",1);

prob.Functions.Add (grossProfit) ;
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Next we set the number of trials to 5 for each day of the week.

prob.Solver.NumTrials = 5;

Next we create and pass the evaluator of type Eval_Type Sample, CSIPEvaluator ,and ask the SDK to
run a simulation by calling prob.Solver.Simulate()

CSIPEvaluator evalSip;
prob.Evaluators[Eval Type Sample].Evaluator = & evalSip;

prob.Solver.Simulate () ;

When passing the SIP values in the evaluator, you will need to utilize a global counter and global
arrays as shown here.

int i;

double barsbhatal[] = {9,10,6,8,11};
double beansDatal] = {1,2,1,1,1};
double nuggetsbDatal] = {3,2,5,1,3};
double eclairsbatal[] = {6,6,6,6,6};

The evaluator below, CSIPEvaluator, will be called 5 times or the number of trials. Each time the
simulator is called, values from the barsData, beansData, nuggetsData, and eclairsData global arrays
are passed sequentially to the evaluator to compute the uncertain function. Afterwards, the value for
the uncertain function, pFcn, is passed to the SDK and the SDK is asked to continue solving
(Engine_Action_Continue).

CProblem& p = evaluator.Problem;
double bars, beans, nuggets, eclairs;
bars = barsData[i] * (2.5 - 1.5);
beans = beansData[i] * (1.75 - 1.05);

nuggets = nuggetsDatali] * (3.5 - 2.25);

eclairs = eclairsDatal[i] * (4- 2.95);

pFcn[0] bars + beans + nuggets + eclairs;

i++;
return Engine Action Continue;

On each trial, the values in the global arrays (barsData, beansData, nuggetsData and eclairsData) are
passed to the evaluator. For example, the first time that the evaluator is called, barsData[0] = 9,
beansData[1] = 1, nuggetsData[2] = 3 and eclairsData[3] = 6. The second time that the evaluator is
called, barsData[0] = 10, beansData[1] = 2, nuggetsData[2] =2 and eclairsData[3] = 6. The fifth and
last time that the evaluator is called, barsData[0] = 11, beansData[1] = 1, nuggetsData[2] = 3 and
eclairsData[3] = 6.

Creating a SIP from a Psi Distribution

It is also possible to create a SIP using values sampled from one of the Psi Distribution functions such
as PsiNormal, Psi Beta, etc. To do so we must create a new Distribution object, pass the Distribution
type, Distribution_Type_Sip, specify the number of trials that you would like to sample, and then pass
the values to the Distribution.

To begin, we create a simulation Problem with 4 uncertain variables (one for each product) and one
uncertain function, Gross Profit.

CProblem prob;
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prob.Solver.SolverType = Solver Type Simulate;
CVariable distVar(Variable Type Uncertain, L"distVar",

prob.Variables.Add (distVar) ;

CFunction GrossProfit (Function Type Uncertain, L"GrossProfit",

prob.Functions.Add (GrossProfit);

Next, we create the four different distributions using PsiNormal, PsiBeta, PsiGamma and

PsiTriangGen,

prob.Model.VarDistribution[0]

prob.Model.VarDistribution[1]

prob.Model.VarDistribution[2]

prob.Model.VarDistribution[3]
CDhistribution (L"PsiTriangGen(1,2,4,0.1,0.9)");

= CDistribution (L"PsiGamma (4,1)");

CDistribution(L"PsiNormal (0,1)");
CDistribution (L"PsiBeta(1.5,3)");

1);

and add upper and lower bounds to each using ControlParams[1] to specify the the lower bounds and
ControlParams[2] to specify the upper bounds.

prob.Model.

prob.
prob.
prob.
prob.
prob.
prob.
prob.

The next few lines of code create four different arrays (SipValuesl, SipValues2, SipValues3,
SipValues4) of size 5 (number of days in the week) to hold the sample values from the four

Model.
Model.

Model

Model.
Model.

Model

Model.

VarDistribution[0]
VarDistribution[0]

VarDistribution[1]

.VarDistribution[1]

VarDistribution[2]

VarDistribution[2]

.VarDistribution[3]

VarDistribution[3]

.ControlParams[1]
.ControlParams[2]
.ControlParams[1]
.ControlParams[2]
.ControlParams[1]
.ControlParams[2]
.ControlParams[1]

.ControlParams[2]

Distributions (PsiNormal, PsiBeta, PsiGamma and PsiTriangGen).

double
double
double
double

SipValuesBars[5];
SipValuesBeans|[5];
SipValuesNuggets|[5];
SipValuesEclairs([5];

0;
20;
0;
20;
0;
20;
0;
20;

Next we create four new Distributions (dist1, dist2, dist3, dist4), set the Distribution type for each

Distribution (Distribution_Type_Sip), set the number of parameters for each Distribution with

dist.NumParams (i.e. the number of sampled values, in this example, 5), and then pass the sampled
values to the SipValuesX arrays.

CDistribution distl ;

distl.DistType = Distribution Type Sip;

distl.NumParams = 5;

distl.Params = SipValuesBars;

CDistribution dist2 ;

dist2.DistType = Distribution Type Sip;

dist2.NumParams = 5;
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dist2.Params = SipValuesBeans;
CDistribution dist3 ;

dist3.DistType = Distribution Type Sip;
dist3.NumParams = 5;

dist3.Params = SipValuesNuggets;
CDistribution dist4 ;

dist4.DistType = Distribution Type Sip;
dist4.NumParams = 5;

dist4.Params = SipValuesEclairs;

Next we create the evaluator of type Eval_Type Sample and set the number of trials to 5 (5 daysin a
week).

prob.Solver.NumTrials = 5;
CSIPEvaluator evalSip;
prob.Evaluators[Eval Type Sample].Evaluator = & evalSip;

Now we run a simulation to obtain trial values for each distribution which will be passed to our
evaluator to compute the uncertain functions.

prob.Solver.Simulate() ;

Our evaluator computes the uncertain function values using the sampled values obtained from the 4
uncertain variables, PsiNormal, PsiBeta, PsiGamma and PsiTriangGen.

CProblem& p = evaluator.Problem;

double bars, beans, nuggets, eclairs;
const double* pVar = p.VarUncertain.Value;
double* pFcn = p.FcnUncertain.Value;

bars = pvVar[0] * (2.5 - 1.5);

beans = pvVar[1l] * (1.75 - 1.05);

nuggets = pVar[2] * (3.5 - 2.25);
eclairs = pVar[3] * (4- 2.95);
pFcn[0] = bars + beans + nuggets + eclairs;

return Engine Action Continue;

The first time the evaluator is called, the first element of the SipValuesBars (SipValuesBars[0]) array
will be passed to pVar[0], the first element of the SipValuesBeans (SipValuesBeans[0]) array will be
passed to pVar[1], the first element of the SipValuesNuggets (SipValuesNuggets[0]) array will be
passed to pVar[2], and the first element of the SipValuesNuggets (SipValuesNuggets[0]) array will be
passed to pVar[3]. The second time the evaluator is called, the second element of the SipValuesBars
(SipValuesBars[1]) array will be passed to pVar[0], the second element of the SipValuesBeans
(SipValuesBeans[1]) array will be passed to pVar[1], the second element of the SipValuesNuggets
(SipValuesNuggets[0]) array will be passed to pVar[2], and the second element of the
SipValuesNuggets (SipValuesNuggets[0]) array will be passed to pVar[3]. This continues until the
last and fifth element of all the arrays (SipValuesBars[4], SipValuesBeans[4], SipValuesNuggets[4],
and SipValuesEclairs[4]) are passed to pVar[0], pVar[1], pVar[2], and pVar[3], respectively.

For examples in additional languages, please click the links: C#, Procedural API, or COM.
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Dependence and Correlation

Unless you specify otherwise, Monte Carlo simulation assumes that each of your uncertain variables is
independent of all the other uncertain variables. When two variables are independent, the value of one
variable on a given trial conveys no information about the value of the other variable. When two
variables are dependent, there is a statistical relationship between them: On average, the value of one
variable on a given trial does convey information about the value of the other variable on that trial.

Measuring Observed Correlation

Correlation is a statistical measure of the degree to which one variable is related to another. When we
observe that two variables are correlated, it may be that one variable is dependent on the other, or that
both variables are dependent on a third variable, or that the correlation appeared by chance and there is
no real dependence of one variable on the other.

The most common parametric measure of correlation is the Pearson product moment correlation
coefficient. You can use the PsiCorrelation function to compute this correlation coefficient, across
the trials of a simulation, for any pair of uncertain functions or variables in your model. The value of a
product moment correlation coefficient can range from -1 to +1.

A correlation coefficient captures a simple linear relationship between two variables; it cannot capture
all of the ways one variable may depend on another. A low or zero correlation coefficient between two
uncertain variables or functions does not necessarily mean that the variables or functions are
independent — the two variables or functions might have a strong relationship, but one that cannot be
captured by a single correlation coefficient.

The figure below is a scatter plot of two variables X and Y. There is an obvious relationship between
these two variables — when X is 1, Y is about 2, when X is 5, Y is about 15, when X is 9, Y is about 2,
and so on — yet the Pearson product moment correlation coefficient between X and Y is zero.
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More complex relationships among variables can be expressed in several ways; one very general way
is by creating a SIP (Stochastic Information Packet), as described above under "Stochastic Information
Packets (SIPs)".

Inducing Correlation Among Uncertain Variables

If you can compute a value for an uncertain function, Y, with a formula based on an uncertain variable,
X, then certainly Y is dependent on X. But in many modeling situations, both Y and X are uncertain
variables, you have no way to directly compute one from the other, yet Y may statistically depend on
X. For example, mortgage interest rates depend on bond market interest rates (since mortgages are
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pooled and sold as securities in the bond market), and both rates depend on inflation expectations, but
it is quite difficult to specify a formula that relates these variables.

In cases like these, you’ll need to specify the statistical dependence between uncertain variables using
a correlation matrix. This is called inducing correlation between uncertain variables, that would
otherwise be considered independent. For example code on how to create a correlation matrix in
the Solver SDK, please click the appropriate link: C++, C#, Procedural API, or COM.

The values inside the correlation matrix are Spearman rank order correlation coefficients. These

are nonparametric measures of correlation that are computed from a rank ordering of the trial values
drawn for both variables. It can be used to induce correlations between any two uncertain variables,

whether they have the same or different analytic distributions, or even custom distributions. Like the
product moment correlation coefficient, its value can range from -1 to +1.

Meaning of Rank Correlation Coefficients

o A correlation coefficient of +1 forces the sampled values of the uncertain variables to be exactly
positively correlated, meaning that the p percentile value from one distribution will be sampled
on the same trial as the p™ percentile value from the other distribution. Coefficients from 0 to +1
will produce varying degrees of positive correlation.

e A correlation coefficient of -1 forces the sampled values of the uncertain variables to be exactly
negatively correlated, meaning that the p percentile value from one distribution will be sampled
on the same trial as the (100-p™) percentile value from the other distribution. Coefficients from 0
to -1 will produce varying degrees of negative correlation.

e A correlation coefficient of 0 means there is no induced relationship between the variables. In
practice, one usually uses coefficients less than +1 or -1, and uses 0 only in a correlation matrix
that defines relationships among several variables (see below).

GetCorrelation
double *coeff = new double [3];
prob.Variables (x) .GetCorrelation(y, coeff)
prob.Functions (x) .GetCorrelation(y, coeff)

GetCorrelation returns the Pearson product moment correlation coefficient between two uncertain
variables or two uncertain functions. Correlation is a measure of linear dependence between two
uncertain variables or functions. The correlation coefficient can take on values between -1 and +1. A
correlation of -1 indicates a perfect negative correlation (the cells move linearly in opposite directions);
a correlation of +1 indicates a perfect positive correlation (the cells move linearly in the same
direction). If the two random variables are independent, then their correlation coefficient is zero; but if
the correlation coefficient is zero, this does not necessarily mean that the two variables are
independent. For more information, see "Dependence and Correlation" above.

Pearson’s product moment correlation coefficient between random variables X and Y is defined as:
cou(x.¥) _E[(X~E[x])(Y ~E[Y)]

Px y =
OOy OOy

In Monte Carlo simulation, this value is computed from the sample values x[] and y[] over n trials as:
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When prob.Variables (x).GetCorrelation (y, coeff) is executed, the GetCorrelation method copies row
y (varying from O to numvars — 1) of the correlation matrix into the double array coeff. In addition,
only correlation coefficients of variable block x with respect to the variable y are copied into the double
array coeff, as well. The size of the double array coeff must be the same size as variable block x.
Likewise, prob.Functions(x).GetCorrelation(y, coeff) behaves in the same manner.

X,y

For example, imagine two blocks of variables, the first with 3 variables and the second with 1 variable.

e prob.Variables [0].GetCorrelation (0, coeff) will return three correlation coefficients between
variable 0 in block 0 and variables 0,1, 2 in block O (the first row of the correlation matrix).

e prob.Variables[0].GetCorrelation (1, coeff) will return three correlation coefficients between
variable 1 in block 0 and variables 0,1, 2 in block 0 (the second row of the correlation matrix).

e prob.Variables [0].GetCorrelation (2, coeff) will return three correlation coefficients between
variable 2 in block 0 and variables 0,1, 2 in block O (the third row of the correlation matrix).

e prob.Variables [0].GetCorrelation (3, coeff) will return three correlation coefficieints between
variable 3 in block 1 and variables 0,1, 2 in block O (the fourth row of the correlation matrix).

For the lines of code above, the double array coeff must have three elements.

e prob.Variables [1].GetCorrelation (0, coeff) will return one correlation coefficient between
variable 0 in block 1 and variable 0 in block 0 (the first row of the correlation matrix).
prob.Variables [1].GetCorrelation (1, coeff) will return one correlation coefficient between
variable 0 in block 1 and variable 1 in block 0 (the second row of the correlation matrix).
prob.Variables [1].GetCorrelation (2, coeff) will return one correlation coefficient between
variable 0 in block 1 and variable 2 in block 0 (the third row of the correlation matrix).
prob.Variables [1].GetCorrelation (3, coeff) will return one correlation coefficient between
variable 0 in block 1 and variable 3 in block 1 (the fourth row of the correlation matrix);

For the lines of code above, the double array coeff must have one element.

For more example code, click the appropriate link: C#, Procedural API, or COM.

GetFrequency

GetFrequency (freq type, number of bins, bin bounds)

GetFrequency returns a DoubleMatrix of frequencies describing the distribution of trial values for the
specified uncertain function. Use GetFrequency to easily draw a histogram chart in the programming
language of your choice. In C#and COM, the number of bins argument is omitted.

The freq_type argument affects the contents of each element of the array result:

Frequency_Type_Density - Each element contains the frequency of trial values falling into the
corresponding bin (like a probability density function).

Frequency_Type_Cumulative — Each element contains the cumulative frequency of trial values falling
into the corresponding bin plus all lower bins (like a cumulative distribution function).
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Frequency_Type RevCumulative - Each element contains the cumulative frequency of trial values
falling into the corresponding bin plus all higher bins (like a reverse cumulative distribution function).

The bin_bounds argument is an array of values (e.g. { 5, 10, 15, 20 }) containing the upper limit of
trial values that should fall into the corresponding bin. The values should be in strictly increasing
order. The number of elements in the array result will be one more than the number of values or cells
in the bin bounds argument; the last element contains the number of trial values larger than the highest
bin bound value.

In the example code below the double array binbounds contains upper limits for seven bins, -150, -100,
-50, 0, 50, 100, and 150. A DoubleMatrix with 1 row and 8 columns will be returned (7 bins + 1).
Each element in the matrix will hold the humber of occurences for a particular bin depending on the
Frequency Type specified in the first argument.

double binbounds([] = { -150, -100, -50, O, 50, 100, 150 };

CDhoubleMatrix vargetfreq = prob.VarUncertain.GetFrequency
(Frequency Type Cumulatiave, 7, binbounds);

CDhoubleMatrix fcngetfreqg = prob.FcnUncertain.GetFrequency
(Frequency Type Cumulative, 7, binbounds);

For more example code, click the appropriate link: C#, Procedural API, or COM.

PSI Statistics Functions

The SDK offers statistical functions to obtain results for both the uncertain variables and the uncertain
functions included in the simulation problem.

MeanAbsDev

prob.Variables[i].Statistics.MeanAbsDev|[index]

prob.Functions[i].Statistics.MeanAbsDev|[index]

MeanAbsDev returns the average of the absolute deviations of the specified uncertain variables’s or
function’s sample values from their mean. This is also known as Mean Absolute Deviation (MAD),
especially in time series analysis applications. It is defined as:

1 n
MAD(X) = =3 Ju=x|

Here p is the mean of the sample values.

ValueAtRisk

prob.Variables[i].Statistics.ValueAtRisk (percentile) [index];
prob.Functions[i].Statistics.ValueAtRisk (percentile) [index];

ValueAtRisk returns the Value at Risk for the specified uncertain variable or function at the specified
‘confidence level,” which is better described as a percentile — for example, 0.95 or 0.99.

In finance applications, the Value at Risk is the maximum loss that can occur at a given confidence
level. Ina distribution of returns or profits, losses would lie at the "left end" of the distribution and
would be represented by negative numbers and smaller percentiles (say 0.01 or 0.05). But it is
customary in Value at Risk analysis to treat losses as positive numbers at the "right end" of the
distribution. So we compute ValueAtRisk ( percentile) as —Percentile( 1- percentile).
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For example, ValueAtRIsk (0.95)[0] = —PsiPercentile (0.05)[0].

ClTrials

prob.Variables[i].Statistics.CITrials
(confidence level, tolerance) [index];

prob.Functions[i].Statistics. CITrials
(confidence level, tolerance) [index];

ClTrials returns the estimated number of simulation trials needed to ensure that the specified uncertain
variable’s or function’s sample mean value (returned by the Mean() function) lies within the
confidence interval specified by confidence level (for example 0.95 or 0.99) and the half-interval size
given by tolerance. Note that this number of trials is sufficient only to ensure that the single output
value lies within the confidence interval. To ensure that N output cells lie within confidence intervals
atlevel 1 - o (e.g. 0.95=1-0.05), use a confidence level of o /N.

CondValueAtRisk

prob.Variables[i].Statistics.CVaR (percentile) [index];
prob.Functions[i].Statistics.CVaR (percentile) [index];

CVaR returns the conditional Value at Risk for the specified uncertain variable or function, at the
specified ‘confidence level’ which is better described as a percentile — for example, 0.95 or 0.99. The
conditional Value at Risk is defined as the expected value of a loss given that a loss at the specified
percentile occurs.

Like ValueAtRisk, CondValueAtRisk returns a loss as a positive number. It is computed as the negative
of the mean value of the specified uncertain function for the trials that lie between Minimum and
Percentile(1-percentile), inclusive.

Kurtosis

prob.Variables[i].Statistics.Kurtosis[index];

prob.Functions[i].Statistics.Kurtosis[index];

PsiKurtosis returns the kurtosis for the specified uncertain function cell. Kurtosis is the 4th moment
and measures the peakedness of the distribution of trial values. It is computed as:

ng(xi _,U)4

S |

i=1

kurtosis(X )=

where p is the mean of the trial values. A higher kurtosis indicates a distribution with a sharper peak
and heavier tails, and that more of the variability is due to a small number of extreme outliers or
values; a lower kurtosis indicates a distribution with a rounded peak and that more of the variability is
due to many modest-sized values.

Maximum

prob.Variables[i].Statistics.Max[index];

prob.Functions[i].Statistics.Max[index];
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Max returns the maximum value attained by the specified uncertain variable or function over all the
trials in the simulation.

Mean

prob.Variables[i].Statistics.Mean[index];
prob.Functions[i].Statistics.Mean[index];

Mean returns the mean value for the specified uncertain variable or function. The mean or average
value is the 1st moment of the distribution of trials and is computed as:
n
2%
i=1
n

/J:

The mean is frequently used as a measure of central tendency or the "middle" of an uncertain variable
or function; but for skewed distributions, care must be taken in using the mean as a measure of central
tendency because the mean is easily distorted by extreme outlier values.

MeanCl

prob.Variables[i].Statistics.MeanCI (confidence level) [index];
prob.Functions[i].Statistics.MeanCI (confidence level) [index];

MeanCl returns the confidence "half-interval™ for the estimated mean value (returned by the Mean()
function) for the specified uncertain function, at the specified confidence level (for example 0.95 or
0.99). If p is the value returned by Mean() and 6 is the value returned by MeanClI(), the true mean is
estimated to lie within the interval p - & to p + 8.

The confidence_level can be interpreted as follows: 1f we compute a large number of independent
estimates of confidence intervals on the true mean of the uncertain function, each based on n
observations with n sufficiently large, then the proportion of these confidence intervals that contain the
true mean of the function should equal the confidence_level.

If 6% (n) is the sample variance from n trial values, o. = 1 — confidence_level, and t..1, 1.2 is the upper 1-
a/2 critical point of the Student’s t-distribution with n-1 degrees of freedom, the confidence half-
interval § is computed as:

R0
n-11-25 n

The confidence interval measures the precision with which we have estimated the true mean. Larger
half widths imply that there is a lot of variability in our estimates. The above formula for the half-
width assumes that the individual x;s are normally distributed; when this is not the case, the above
formula still gives us an approximate confidence interval on the true mean of the uncertain function.

Minimum

prob.Variables[i].Statistics.Min[index];
prob.Functions[i].Statistics.Min[index];

Min returns the minimum value attained by the specified uncertain variable or function over all the
trials in the simulation.
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Mode

prob.Variables[i].Statistics.Mode[index];
prob.Functions[i].Statistics.Mode[index];

Mode returns the mode of the specified uncertain variable or function. For discrete distributions, this is
the most frequently occurring value (where the probability mass function has its greatest value). For
continuous distributions, Mode() returns the half-sample mode as defined by D.R. Bickel, a robust
estimator that is less sensitive to outliers than most other estimators of location.

NumEgrrors

prob.Variables[i].Statistics.NumErrors;
prob.Functions[i].Statistics.NumErrors;

NumErrors returns the number of error or "failed" trials in the most recent simulation. Trial values
resulting in an error will not be included in the computations of the statistics such as mean, mode, etc.
(NumErrors = NumTrials - NumValues).

NumValues

prob.Variables[i].Statistics.NumValues;

prob.Functions[i].Statistics.NumValues;

NumValues returns the number of successful trials in the most recent simulation. (NumValues =
NumTrials — NumErrors).

Percentile

prob.Variables[i] .Percentile (percentile) [index];

prob.Functions[i] .Percentile (percentile) [index];

Percentile returns a percentile (.01-.99) value for the specified uncertain variable or function. This
means that m (or m%) of the simulation trials have values less than the returned value, where m is the
percentile.

SemiDev

prob.Variables[i].Statistics.SemiDev (g, target) [index];
prob.Functions[i].Statistics.SemiDev (g, target) [index];

SemiDev returns the semideviation for the specified uncertain variable or function, relative to the
target, if specified. If the target is omitted, the mean value is used. This is a one-sided measure of
dispersion of values of the uncertain variable or function. The semideviation is the square root of the
semivariance, described directly below. If a g argument different from 2 is specified, SemiDev()
returns the gth root of the lower partial moment at power q of the uncertain variable or function.

SemiVar

prob.Variables[i].Statistics.SemiVar (g, target) [index];

prob.Functions[i].Statistics.SemiVar (q, target) [index];
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SemiVar returns the semivariance for the specified uncertain variable or function, if the argument q is
omitted, or the ‘lower partial moment’ for the function, if an argument q different from 2 is specified.
The semivariance is computed relative to the target if specified, or relative to the mean value if target
is omitted. This is a measure of the dispersion of values of an uncertain variable or function, but
unlike the variance which measures (or penalizes) both positive and negative deviations from the
target, the semivariance or lower partial moment is only concerned with one-sided deviations from the
target. It is usually used in finance and insurance applications, when we are only concerned with
downside risks (or loss in portfolio value). The semivariance is computed by summing only the
downside differences from the target of all the trials, raised to the given power g, divided by the
number of trials:

li(t— X),"
N4

(x), =max(x,0)
t = target value

All trials — not just the trials with downside deviations — are included in n. Again if q is different from
2, the result is called the ‘lower partial moment.’

Skewness

prob.Variables[i].Statistics.Skewness[index];
prob.Functions[i].Statistics.Skewness[index];

Skewness returns the skewness for the specified uncertain variable or function. Skewness is the 3rd
moment of an uncertain function, and describes the asymmetry of its distribution. Skewness can be
either positive or negative: Positive skewness implies that the distribution is right skewed (longer right
tails), and negative skewness implies that the distribution is left skewed (longer left tails). Skewness is
computed as:

n

\/HZ(Xi —p)’

i=1

S0 >}/

i=1

skewness (X ) =

where p is the mean of the trial values.

StdDev

prob.Variables[i].Statistics.StdDev[index];
prob.Functions[i].Statistics.StdDev[index];

StdDev returns the standard deviation for the specified uncertain variable or function. Standard
deviation is a measure of the dispersion of an uncertain function, and accounts for both positive and
negative deviations from the mean. The square of standard deviation is the Variance. Standard
deviation is defined as:
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stddev(X)=\/E[)(Z]—(E[X])2

The sampled population standard deviation is given by

n

stddev(X):\/iZ(xi —u)

n-13

where E[.] is the expected value, and | is the mean of the trial values. As a rough rule, about % of the
values of any uncertain function are within two standard deviations from the mean. A large standard
deviation indicates that most of the trial values are away from the mean, and a small standard deviation
indicates that most of the trial values are close to the mean.

StdDevCl

prob.Variables[i].Statistics.StdDevCI (confidence level) [index];

prob.Functions[i].Statistics.StdDevCI (confidence level) [index];

StdDevCl returns the confidence ‘half-interval” for the estimated standard deviation of the simulation
trials (returned by the StdDev() function) for the specified uncertain variable or functionl, at
confidence level (for example 0.95 or 0.99). If ¢ is the value returned by StdDev () and & is the value
returned by StdDevClI(), the true mean is estimated to lie within the interval - § to ¢ + 8.

If 6% (n) is the sample variance from n trial values, a. = 1 — confidence level, and tn.1, 1.2 is the upper 1-
a/2 critical point of the Student’s t-distribution with n-1 degrees of freedom, the confidence half-
interval d is computed as:

k-1
ta2a0 (M) a(n-1)

See also the description of the MeanClI() function.

Target

prob.Variables[i].Statistics.PsiTarget (target value) [index];

prob.Functions[i].Statistics.PsiTarget (target value) [index];

Target returns the cumulative frequency of the target value in the distribution of trial values for the
specified uncertain variable or function. This function returns the proportion of simulated values that
are less than or equal to target value.

Variance

prob.Variables[i].Statistics.Variance[variableindex];
prob.Functions[i].Statistics.Variance[variableindex];

Variance returns the variance for the specified uncertain variable or function. Like standard deviation,
variance is a measure of the spread or dispersion of the distribution of trial values for the specified
uncertain variable or function, and takes into account both positive and negative deviations from the
mean. The square root of variance is the standard deviation. The variance is the 2nd moment of the
distribution of trials and is computed as:
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var(X)=E[ x?]-(E[X])

The sampled population variance is given by

var(X):ﬁiZ::(xi—y)z

Distribution Control Parameters

Control Parameters modify the behavior of the PSI Distribution function to which they are assigned.
There are five such controlparams: shift, lower cut, upper cut, seed, lower censor and upper censor. It
is possible to both get and set each control parameter.

ControlParams[0]

Shift

Used to shift the domain of the uncertain variable’s
distribution by the specified amount. A positive
number will shift the distribution to the right while a
negative number will shift the distribution to the left.

ControlParams[1]

Lower Cutoff

Used to restrict the values of samples from the
uncertain variable’s distribution to lie above the
value specified. If a value is sampled that is lower
than this value, then another sample is taken.

ControlParams|[2]

UpperCutoff

Used to restrict the values of samples from the
uncertain variable’s distribution to lie below the
value specified. If a value is sampled that is larger
than this value, than another sample is taken.

ControlParams[3]

Seed

Used to set a random number seed for Monte Carlo
samples generated for a distribution function, that
will override any general seed value specified for
the simulation model. It is most often used in an
analytic distribution that is being sampled for a SIP.

ControlParams[4]

Lower Censor

Used to restrict the values of samples from the
uncertain variable’s distribution to lie above the
value specified. If a value is sampled that is lower
than the value specified, the trial value is set to the
value of the Lower Censor. The Lower Censor can
also be set by using the Parameter, Lower Censor, as
described in the following chapter, Solver SDK
Parameters.

ControlParams[5]

Upper Censor

Used to restrict the values of samples from the
uncertain variable’s distribution to liec below the
value specified. If a value is sampled that is larger
than the value specified, the trial value is set to the
value of the Upper Censor. The Upper Censor can
also be set by using the Parameter, Upper Censor, as
described in the following chapter, Solver SDK
Parameters.

ControlParams[6]

Base Case

Used to restrict the value of the uncertain variable to
the value specified.
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For example, prob.Model.VarDistribution[0] = CDistribution(L"PsiNormal(0,1)") specifies a Normal
distribution with mean 0 and standard deviation 1: Sample values drawn from this distribution could
be any number from ‘minus infinity’ to ‘plus infinity’ (though sample values near 0 are more likely to
be drawn). If you want to truncate the distribution so that sample values always lie within the range
from -10 to 10, then you would need to use ControlParam[1] for the lower bound and
ControlParam[2] for the upper bound. (See below.)

prob.Model.VarDistribution[0].ControlParams[1] = -10
prob.Model.VarDistribution[0].ControlParams[2] = 10.

Accessing Statistics from Different Simulations

If you are performing multiple simulations at a time, you can access the simulation of your choice by
using prob.Solver.Simulationindex. For example, if you are performing three simulations at a time,
you could use the sample code below to find the mean of each uncertain variable (in the first block of
uncertain variables) for each simulation:

int i;
int j;
for (i = 0; i < prob.Solver.NumSimulations; i++)
{
prob.Solver.SimulationIndex = 1i;
for (j = 0; j < nvars; Jj++)
{

cout << " Mean = " << prob.Variables[0].Statistics.Mean[i]
<< endl;

Distribution Fitting

The results of a Monte Carlo simulation are a sample of possible values for an uncertain function.
Solver SDK can attempt to fit an analytic distribution and parameters to this sample of values. Since
the uncertain function may depend on several uncertain variables, and this dependence can take
arbitrary forms from simple arithmetic to complex functions and table lookups, you may or may not be
able to fit an analytic distribution to an uncertain function. If you can, this may give you insight into
the behavior of the function you are modeling.

To fit a distribution to the sample values, we must first pass the sample values in an array. In this
example, the sample array contains fifty values.

Double sample() = {-3.44, 0.69, -0.11, 1.25, 0.73, -1.66, 1.57, -
1.64, -0.51, -0.19, 1.24, -0.%96, 1.4, -0.01, -0.77, 0.91, -0.72,
0.85, -0.2, 0.59, 1.65, 1.4, 0.19, -1.38, -0.45, -0.71, 1.25, -1.18,
-0.33, 2.33, 0.73, -0.75, -0.63, -1.06, -0.71, 0.33, -0.82, 0.43,
0.1, 0.88, 0.11, -0.88, 0.02, -0.94, 0.05, -0.06, -1.87, -2.03, -
0.89, 1.14}

We then declare a new Distribution, dist.
CDistribution dist;

Then pass the sample array to the new dist Distribution via the InitSample() property.
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dist.InitSample (50, sample);

Finally, we call dist. AutoFit with three arguments, Type (True or False), Level_of _ Significance (value
from 0 to 1), and the optional argument, FitAll (True or False).

dist.AutoFit (True, 0.95, True);

AutoFit
dist.AutoFit (True, 0.95, True);

For the Type, pass True if the uncertain variable’s values are highly divisible — such as most prices,
volumes, interest rates, exchange rates, weights, and distances — or False if the underlying physical
process involves discrete, countable entities.

The second argument, Level _of _Significance, is a value between .9 and .99 which is used in the
statistical goodness-of-fit test to determine how well the distribution fits the data. A value of .9 would
result in a more conservative fitting (i.e. less accurate).

The third argument, FitAll, is optional. When FitAll is set to True, the default, the SDK internally
tries to fit all continuous or discrete distributions (depending on the Type argument) to the data.

When FitAll is set to False, the SDK will internally restrict the distributions that are fit to the data
depending on the computed skewness, median, mean, and standard deviation values for the data. Only
in very rare cases, should this argument be set to False.

This function will reject any distribution where FitTest > FitLimit. See below for explanations of both
statistics.

FitSuccess

The property dist.FitSuccess() will return True if a distribution within the level of significance is found
and False if not. Afterwards, you will be able to get the name (using dist.Name)and the parameter
values (using dist.get NumParams() for the number of parameters and dist.params() for the values of
the parameters) of the distribution found to be the closest fit for the values in the sample array.

if (dist.FitSuccess)

{
cout << "Fit succeeded" << endL();
cout << "Distribution Type = " << dist.Name << endL();
for (int i=0; i< dist.get NumParams();i++)

cout << "Param[" << 1 << "] = " << dist.Params[i] << endL():;

AutoFitAll

Alternatively, we could also call dist.AutoFitAll instead of Dist.AutoFit. AutoFitAll returns a
collection of 20 of the best fitting distributions.  AutoFitAll takes three arguments, Type (True or
False), SortType (0, 1 or 2), and Allow_Shifted_Distributions (True or False).

As in FitAll, pass True for the Type argument if the uncertain variable’s values are highly divisible —
such as most prices, volumes, interest rates, exchange rates, weights, and distances — or False if the
underlying physical process involves discrete, countable entities.

SortType specifies the test type for Goodness of Fit. For Continuous data, you can choose to rank the
fitted distributions by the Chi-Square, Kolmogorov-Smirnov , or Anderson-Darling statistic. For
Discrete data, only the Chi-Square statistic is meaningful. Pass DistFit_SortCS for Chi Square,
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DistFit_SortKS for Kolmogorov —Smirnov (the default), and DistFit_SortAD for Anderson — Darling.
(The Level of Significance for AutoFitAll is .9.)

The argument Allow Shifted Distributions allows the Solver SDK to shift the center of analytic
distribution to better fit the sample data; sometimes this is not desirable. Pass True to allow the shift
and False to disable the shift.

Twenty — one distributions are listed in order starting with the distribution with the lowest FitTest.
<Add Example >

Fit
To fit a specific distribution to your data, for example a Normal or Beta distribution, call dist.Fit() with
three arguments, Type (DistFit_Type enum), Level of _Significance (value from 0 to 1), and the

optional argument, Shift (True or False). If the specified distribution can not be fit to the data, the Fit
method will throw an exception.

dist.Fit (DistFit Beta, 0.95, True);

Pass a DistFit enum for the Type argument. For a complete list of distributions that can be fit, see the
enum DistFit_Type.

The second argument, Level _of _Significance, is a value between .9 and .99 which is used in the
statistical goodness-of-fit test to determine how well the distribution fits the data. A value of .9 would
result in a more conservative fitting (i.e. less accurate).

The optional third argument Allow Shifted Distributions allows the Solver SDK to shift the center of
analytic distribution to better fit the sample data; sometimes this is not desirable. Pass True to allow
the shift and False to disable the shift.

IndepTest

In order to have a reliable fit, the sample to which we fit the disbutions should have independent or
uncorrelated data. When IndepTest returns a small number, this means that the sample is suitable to be
used for fitting. The book, "Simulation Modeling & Analysis" states that the data can be considered
independent if IndepTest is close to O while giving an example of dependence as a value of .8. Asa
result, it is not advised to fit any data with an IndepTest value > .5.

double test;
test = dist.IndepTest;

FitStatistic

This value indicates how well the sample fits to the given distribution. The smaller the number, the
better the fit.

double test;
test = dist.FitStatistic;

FitTest

The value returned by FitTest is similar to the value returned by FitStatistic, but it has been corrected
for the size of the sample. This correction yields a more conservative value. This value is used when
determining the FitLimit. If calling AutoFit, the SDK will automatically reject a distribution when
FitTest > FitLimit.

double test;
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test = dist.FitTest;

FitLimit

If FitTest > FitLimit for a given distribution, it is assumed that the data is not coming from said
distribution.

double test;

test = dist.FitLimit;
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Solver Result Messages

Introduction

When either prob.Solver.Optimize or prob.Solver.Simulate is executed, a Solver Result status is always
returned. Please see below for an explanation of each status code.

Plug-in Solver engines return the same codes and display the same messages as the Solver SDK
engines whenever possible, but they can also return custom result codes (starting with 1000) and
display custom messages, as described in their individual documentation.

Simulation Status Result Codes

-10. Simulate_Status_NotExecuted
Simulation was not executed.
-1. Simulate_Status_Lic_Problem

This result is returned if the Solver SDK cannot find its licensing information, if the licensing
information is invalid, or if you have a time-limited evaluation license that has expired. Please call
Frontline Systems at (775) 831-0300, or send email to us at Support@solver.com for further assistance.

0. Simulate_Status_Optimal
A result code of 0 indicates that the simulation has finished successfully.

6. Simulate_Status_User_Abort
This result is only returned if you stop the SDK during the solution process, such as returning
Engine_Action_Abort in your evaluator.

11. Simulate_Status_Memory_Dearth

This result is returned when the Solver is unable to allocate the memory it needs to solve the problem.
However, since Microsoft Windows supports a "virtual memory" much larger than your available
RAM by swapping data to your hard disk, before you see this message you are likely to notice that
solution times have greatly slowed down, and the hard disk activity light in your PC is flickering
during the solution process. You can save some memory by closing any Windows applications not
being used by your program and closing programs that run in the System Tray.

12. Simulate_Status_Interpret_Err

This result is rarely returned. However, when it is returned, it indicates an interpretation error has
occurred.
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999. Simulate_Status_Exception
This result is returned when an exception has been caught by a try/catch system.

Optimization Status Result codes
-10. Optimize_Status_NotExecuted

Optimization was not executed.
-1. Optimize_Status_Lic_Problem

This result is returned if the Solver SDK cannot find its licensing information, if the licensing
information is invalid, or if you have a time-limited evaluation license that has expired. Please call
Frontline Systems at (775) 831-0300, or send email to us at support@solver.com for further assistance.

0. Optimize_Status_Optimal

This means that the Solver has found the optimal or "best" solution under the circumstances. The
exact meaning depends on whether you are solving a linear or quadratic, smooth nonlinear, global
optimization, or integer programming problem, as outlined below. Solvers for non-smooth problems
rarely if ever display this result, because they have no way of testing the solution for true optimality.

If you are solving a linear programming problem with the LP Simplex Solver (included in the Solver
SDK Pro), the Solver has found the globally optimal solution: There is no other solution satisfying the
constraints that has a better value for the objective. It is possible that there are other solutions with the
same objective value, but all such solutions are linear combinations of the current decision variable
values.

If you are solving a linear programming problem or a convex quadratic programming problem with
the LP/Quadratic Solver (included in the Solver SDK Platform), the Solver has found the globally
optimal solution: There is no other solution satisfying the constraints that has a better value for the
objective. Itis possible that there are other solutions with the same objective value, but all such
solutions are linear combinations of the current decision variable values.

If you are solving a linear (LP), convex quadratic (QP) or quadratically constrained (QCP), or second
order cone programming (SOCP) problem with the SOCP Barrier Solver (included in the Solver SDK
Platform), the Solver has found the globally optimal solution: There is no other solution satisfying the
constraints that has a better value for the objective. It’s possible that there are other solutions with the
same objective value, but all such solutions are linear combinations of the current decision variable
values.

If you are solving a smooth nonlinear optimization problem with no integer constraints, the GRG
Solver has found a locally optimal solution: There is no other set of values for the decision variables
close to the current values and satisfying the constraints that yields a better value for the objective. In
general, there may be other sets of values for the variables, far away from the current values, which
yield better values for the objective and still satisfy the constraints.

If you are solving a mixed-integer programming problem (any problem with integer constraints) using
a Solver SDK product, this result means that the Branch & Bound method has found a solution
satisfying the constraints (including the integer constraints) with the "best possible™ objective value. If
the problem is linear or quadratic, the true integer optimal solution has been found. If the problem is
smooth nonlinear, the Branch & Bound process has found the best of the locally optimal solutions
found for subproblems by the nonlinear Solver.

1. Optimize_Status_Converged

This means that the Solver has found a series of "best" solutions that satisfy the constraints, and that
have very similar objective function values; however, no single solution strictly satisfies the Solver’s
test for optimality. The exact meaning depends on whether you are solving a smooth nonlinear
problem with the GRG Solver or a non-smooth problem with the Evolutionary Solver.
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When the GRG Solver is being used, this result means that the objective function value is changing
very slowly as the Solver progresses from point to point. More precisely, the Solver stops if the
absolute value of the relative (i.e. percentage) change in the objective function, in the last few
iterations, is less than the Convergence tolerance. A poorly scaled model is more likely to trigger this
stopping condition, even if the Use Automatic Scaling option is set to True. If you are sure that your
model is well scaled, you should consider why it is that the objective function is changing so slowly.
For more information, see the discussion of "GRG Solver Stopping Conditions" below.

When the Evolutionary Solver is being used, this result means that the "fitness" of members of the
current population of candidate solutions is changing very slowly. More precisely, the Evolutionary
Solver stops if 99% or more of the members of the population have "fitness" values whose relative (i.e.
percentage) difference is less than the Convergence tolerance setting. The "fitness" values incorporate
both the objective function and a penalty for infeasibility, but since the Solver has found some feasible
solutions, this test is heavily weighted towards the objective function values. If you believe that the
Solver is stopping prematurely when this test is satisfied, you can make the Convergence tolerance
smaller, but you may also want to increase the Mutation Rate and/or the Population Size, in order to
increase the diversity of the population of trial solutions. For more information, see the discussion of
"Evolutionary Solver Stopping Conditions™ below.

2. Optimize_Status_No_Remedies

This means that the Solver has found solutions that satisfy the constraints, but it has been unable to
further improve the objective, even though the tests for optimality and convergence have not yet been
satisfied. The exact meaning depends on whether you are solving a smooth nonlinear problem with the
GRG Solver or a non-smooth problem with the Evolutionary Solver.

When the GRG Solver is being used, this status is very rarely returned. It means that the model is
degenerate and the Solver is probably cycling. One possibility worth checking is that some of your
constraints are redundant, and should be removed. For more information, see the discussion of "GRG
Solver Stopping Conditions" below.

When the Evolutionary Solver is being used, this result is much more common. It means that the
Solver has been unable to find a new, better member of the population whose "fitness" represents a
relative (percentage) improvement over the current best member’s fitness of more than the Tolerance
value on the Limit Options dialog tab, in the amount of time specified by the Max Time without
Improvement option in the same dialog. Since the Evolutionary Solver has no way of testing for
optimality, it will normally stop with either Optimize_Status Optimal or Optimize_Status_Converged
if you let it run for long enough. If you believe that this result is appearing prematurely, you can either
make the Tolerance value smaller (or even zero), or increase the amount of time allowed by the Max
Time without Improvement option. For more information, see the discussion of "Evolutionary Solver
Stopping Conditions" below.

3. Optimize_Status_Iterate_Limit

This message is returned when the Solver has completed the maximum number of iterations, or trial
solutions, allowed by the Iterations parameter setting. You may increase the value for the Iterations
parameter setting, but you should also consider whether re-scaling your model or adding constraints
might reduce the total number of iterations required.

If you are solving a mixed-integer programming problem (any problem with integer constraints), this
result is relatively unlikely to be returned. The Evolutionary Solver uses the Max Subproblems and
Max Feasible Solutions parameters, and the Branch & Bound method (employed by the other Solver
engines on problems with integer constraints) uses the Max Subproblems and Max Integer Solutions
parameters, to control the overall solution process. The count of iterations against which the Iteration
limit is compared is reset on each new subproblem, so this limit usually is not reached.

4. Optimize_Status_Unbounded

This message appears when the Solver is able to increase (if you are trying to Maximize) or decrease
(for Minimize) without limit the value calculated by the objective or Set Cell, while still satisfying the
constraints. Remember that, if you’ve selected Minimize, the objective may take on negative values
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without limit unless this is prevented by the constraints or bounds on the variables. Set the Assume
Non-Negative parameter to True to impose >= 0 bounds on all variables.

If the objective is a linear function of the decision variables, it can always be increased or decreased
without limit (picture it as a straight line), so the Solver will seek the extreme value that still satisfies
the constraints. If the objective is a nonlinear function of the variables, it may have a "natural”
maximum or minimum (for example, =A1*Al has a minimum at zero), or no such limit (for example,
=LOG(A1) increases without limit).

If you receive this result, you may have forgotten a constraint, or failed to anticipate values for the
variables that allow the objective to increase or decrease without limit. The final values for the variable
cells, the constraint left hand sides and the objective should provide a strong clue about what
happened.

The Evolutionary Solver never displays this result, because it has no way of systematically increasing
(or decreasing) the objective function, which may be non-smooth. If you have forgotten a constraint,
the Evolutionary Solver may find solutions with very large (or small) values for the objective — thereby
making you aware of the omission — but this is not guaranteed.

5. Optimize_Status_Unfeasible

This result occurs when the Solver could not find any combination of values for the decision variables
that allows all of the constraints to be satisfied simultaneously. If you are using the LP/Quadratic
Solver or the SOCP Barrier Solver, and the model is well scaled, the Solver has determined for certain
that there is no feasible solution.

If you are using the nonlinear GRG Solver, the GRG method (which always starts from the initial
values of the variables) was unable to find a feasible solution; but there could be a feasible solution far
away from these initial values, which the Solver might find if you run it with different initial values for
the variables.

If you are using the Evolutionary Solver, the evolutionary algorithm was unable to find a feasible
solution; it might succeed in finding one if you run it with different initial values for the variables
and/or increase the Precision parameter value (which reduces the infeasibility penalty, thereby
allowing the evolutionary algorithm to explore more "nearly feasible" points).

If you are solving a problem with chance constraints using simulation optimization, this result means
that the Solver could find no solution that satisfies these constraints to the chance measures (such as
95%) that you specified. If you ‘relax’ the chance measures (to say 90%) and solve again, it’s possible
that a feasible solution will be found.

In any case, you should first look for conflicting constraints, i.e. conditions that cannot be satisfied
simultaneously. Most often this is due to choosing the wrong relation (e.g. <= instead of >=) on an
otherwise appropriate constraint. The easiest way to do this is to use problem.Solver.lI1SFind() to
create an Irreducibly Infeasible Set. I1SFind() can take time for the LP/Quadratic Solver or SOCP
Barrier Solver, and more time for the GRG Solver. It is not available for the Evolutionary Solver.)
For an example on using 1ISFind(), please see below.

If the status of prob.Solver.Optimize() is Optimize_Status_Unfeasible, then call
problem.Solver.1ISFind to create an Irreducible Infeasible Set.

if (status = Optimize Status Unfeasible)
{
problem.Solver.IISFind() ;

Cycle through the variables that are included in the Irreducible Infeasible Set. A BoundStatus =0
indicates that the lower bound of the variable is contributing to the infeasibility. A BoundStatus =1
indicates that both the upper and lower bounds of the variable are contributing to the infeasibility and a
BoundStatus = 2 indicates that the upper bound of the variable is contributing to the infeasibility.

int 1i;
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for(i = 0; i < problem.Solver.OptIIS.NumBounds; i ++)

cout << "Bound[" << problem.Solver.OptIIS.BoundIndex[i] << "],
status is " << problem.Solver.OptIIS.BoundStatus[i] << endl();

Cycle through the functions that are included in the Irreducible Infeasible Set. A ConstraintStatus = 0

indicates that the lower bound of the constraint is contributing to the infeasibility. A BoundStatus = 1
indicates that both the upper and lower bounds of the constraint are contributing to the infeasibility and
a BoundStatus = 2 indicates that the upper bound of the constraint is contributing to the infeasibility.

for(i = 0; i < problem.Solver.OptIIS.NumConstraints; i ++)

cout << "Constraint[" << problem.Solver.OptIIS.ConstraintIndex[i] <<
"], status is " << problem.Solver.OptIIS.ConstraintStatus[i] <<
endl () ;

}
6. Optimize_Status_User_Abort

This result is only returned if you stop the SDK during the solution process, such as returning
Engine_Action_Abort inside a Progress evaluator.

7. Optimize_Status_Linear_Invalid

In the Solver SDK, this result is returned if you are using an evaluator to compute the objective and
constraints and you’ve selected the LP Simplex in the Solver SDK Pro or the LP/Quadratic Solver in
the Solver SDK Platform and the Solver’s tests determine that the constraints are not linear functions
of the variables or the objective is not a linear or convex quadratic function of the variables; or if
you’ve selected the SOCP Barrier Solver (included only in the Solver SDK Platform) and the Solver’s
tests determine that the constraints or the objective are not linear or convex quadratic functions of the
variables.

Field-installable Solver engines can also display this message. If you’ve selected the Large-Scale
LP/QP Solver or the XPRESS Solver Engine, this message appears if the constraints are not linear
functions of the variables or the objective is not a linear or convex quadratic function of the variables.
If you’ve selected the MOSEK Solver Engine (Standard Edition), this message appears if the
constraints or the objective are not linear or convex quadratic functions of the variables.

If you receive this message, examine the formulas for the objective and constraints inside of your
evaluator for nonlinear or non-smooth functions or operators applied to the decision variables.

8. Optimize_Status_Bad_Dataset

This message is returned when the Solver determines that your model is too large for the Solver engine
that is selected. You’ll have to select — or possibly install —another Solver engine appropriate for your
problem, or else reduce the number of variables, constraints, or integer variables to proceed.

You can check the size limits of the Solver engine you are using, by calling prob.Engine.Limit().
9. Optimize_Status_Float_Err

This message appears when the Solver recalculates your evaluator using a new set of values for the
decision variables and discovers an error value when computing the constraints or objective function.
Inspecting the evaluator for errors in calculations will usually indicate the source of the problem.

The Evolutionary Solver and the field-installable OptQuest Solver rarely, if ever, display this message
— since they maintain a population of candidate solutions and can generate more candidates without
relying on derivatives, they can simply discard trial solutions that result in error values in the objective
or the constraints. If you have a model that frequently yields error values for trial solutions generated
by the Solver, and you are unable to correct or avoid these error values by altering your formulas or by
imposing additional constraints, you can still use the Evolutionary Solver or OptQuest Solver to find
(or make progress towards) a "good" solution.
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10. Optimize_Status_Time_Out

This message appears when the Solver has run for the maximum time (number of seconds) specified
for the Max Time parameter. You may increase the value for this parameter, but you should also
consider whether re-scaling your model or adding constraints might reduce the total solution time
required.

11. Optimize_Status_Memory_Dearth

This result is returned when the Solver is unable to allocate the memory it needs to solve the problem.
However, since Microsoft Windows supports a "virtual memory™ much larger than your available
RAM by swapping data to your hard disk, before you see this message you are likely to notice that
solution times have greatly slowed down, and the hard disk activity light in your PC is flickering
during the solution process. You can save some memory by closing any Windows applications not
being used by your program and closing programs that run in the System Tray.

12. Optimize_Status_Interpret_Err

This result is rarely returned. However, when it is returned, it indicates an interpretation error has
occurred.

13. Optimize_Status_API_Err

This result is rarely returned. However, when it is returned, it indicates a fatal API error has occurred.

14. Optimize_Status_Incumb_Cand

If you are solving a mixed-integer programming problem (any problem with integer constraints) with a
non-zero value for the integer Tolerance parameter, this result indicates that the Branch & Bound
method has found a solution satisfying the constraints (including the integer constraints) where the
relative difference of this solution’s objective value from the true optimal objective value does not
exceed the integer Tolerance setting. This may actually be the true integer optimal solution; however,
the Branch & Bound method did not take the extra time to search all possible remaining subproblems
to "prove optimality" for this solution. If all subproblems were explored (which can happen even with
a non-zero Tolerance in some cases), the Solver SDK will return the result, Optimize_Status_Optimal.

15. Optimize_Status_Bbnode_Limit

If you are using the Evolutionary Solver, this result is returned when the Solver has found the
maximum number of feasible solutions (values for the variables that satisfy all constraints) allowed by
the Max Feasible Sols parameter. You may increase the value for this parameter to avoid receiving this
result.

If you are using one of the other Solver engines on a problem with integer constraints, this result is
returned when the Solver has found the maximum number of integer solutions (values for the variables
that satisfy all constraints, including the integer constraints) allowed by the Max Integer Sols
parameter setting. You may increase the value for this parameter, but you should also consider
whether the problem is formulated correctly, and whether you can add constraints to “tighten" the
formulation. If you are using the LP/Quadratic Solver engine, try setting the Cuts and Heuristics
parameter to a more aggressive setting.

16. Optimize_Status_Bpmips_Limit

If you are using the Evolutionary Solver, this message appears when the Solver has explored the
maximum number of subproblems allowed by the Max Subproblems parameter. You may increase
the value for this parameter to avoid receiving this result.

If you are using one of the other Solver engines on a problem with integer constraints, this message
appears when the Solver has explored the maximum number of integer subproblems (each one is a
"regular” Solver problem with additional bounds on the variables) allowed by the Max Subproblems
parameter setting. You may increase the value for this parameter, but you should also consider
whether the problem is formulated correctly, and whether you can add constraints to "tighten" the
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formulation. If you are using the LP/Quadratic Solver engine, try activating a more aggressive strategy
for the Cuts and Heuristics parameter.

17. Optimize_Status_Probable

If you are using the multistart methods for global optimization, with either the nonlinear GRG Solver
or a field-installable nonlinear Solver engine (by setting the Global Optimization parameters), this
result is returned when the multistart method’s Bayesian test has determined that all of the locally
optimal solutions have probably been found; the solution found is the best of these locally optimal
solutions, and is probably the globally optimal solution to the problem.

The Bayesian test initially assumes that the number of locally optimal solutions to be found is equally
likely to be 1, 2, 3, ... etc. up to infinity, and that the relative sizes of the regions containing each
locally optimal solution follow a uniform distribution. After each run of the nonlinear GRG Solver or
field-installable Solver engine, an updated estimate of the most probable total number of locally
optimal solutions is computed, based on the number of subproblems solved and the number of locally
optimal solutions found so far. When the number of locally optimal solutions actually found so far is
within one unit of the most probable total number of locally optimal solutions, the multistart method
stops and displays this message.

18. Optimize_Status_Bounds_Missing

If you are using the Evolutionary Solver or the multistart methods for global optimization, and you
have set the "Require Bounds on Variables" parameter to 1 (it is set to 1 by default), this result will be
returned. You should add the missing bounds and try again. (Lower bounds of zero can be applied to
all variables by calling prob.VarDecision.NonNegative().) You must define bounds on all variables in
order to use the OptQuest Solver. For the Evolutionary Solver or the multistart methods, such bounds
are not absolutely required (you can set the "Require Bounds on Variables" parameter to False), but
they are a practical necessity if you want the Solver to find good solutions in a reasonable amount of
time.

19. Optimize_Status_Bounds_Conflict

20.

21.

22.

23.

This result is returned if you have both a binary or alldifferent constraint on a decision variable and a
<= or >= constraint on the same variable (that is inconsistent with the binary or alldifferent
specification), or if the same decision variable appears in more than one alldifferent constraint. Binary
integer variables always have a lower bound of 0 and an upper bound of 1; variables in an alldifferent
group always have a lower bound of 1 and an upper bound of N, where N is the number of variables in
the group. You should check that the binary or alldifferent constraint is correct, and ensure that
alldifferent constraints apply to non-overlapping groups of variables. If a <= or >= constraint causes
the conflict, remove it if possible and try to solve again.

Optimize_Status_Bounds_Inconsist

This result is returned if you’ve defined lower and upper bounds on a decision variable, where the
lower bound is greater than the upper bound.

Optimize_Status_Derivative_Error

This result is returned when the Jacobian Evaluator (Evaluator_Type_Gradient) has not been able to
compute exact gradients.

Optimize_Status_Cone_Overlap

This result is returned if the same decision variable appears in more than one cone constraint. You can
define as many cone constraints as you want, but each one must constrain a different group of decision
variables.

Optimize_Status_Formula_Uncertain

This result can only be returned when a model, created with Risk Solver Platform or Risk Solver Pro
for Excel containing uncertainty has been loaded into the Solver SDK Platform.
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This result occurs when an objective or constraint containing uncertain parameters has not been
summarized to a single value (such as a mean or percentile value) or transformed into a set of single-
valued constraints . To continue, the Excel model must be corrected before being loaded in to the
Solver SDK Platform. Please refer to the Frontline Solver Reference Guide for help with
troubleshooting this result. (See Solver Result Message 23 in the Solver Result Messages chapter.)

26. Optimize_Status_Robust_Infeas

This result can only be returned when a model created with Risk Solver Platform for Excel containing
uncertainty has been loaded into the Solver SDK Platform.

This result may be returned when you load and solve a model with uncertainty and chance constraints
using robust optimization created with Risk Solver Platform for Excel. When you do this, the Psi
Interpreter inside Solver SDK Platform transforms your original model with uncertainty into a robust
counterpart model that is a conventional optimization problem without uncertainty.

This result means that the Solver could not find a feasible solution to the robust counterpart problem.
It does not necessarily mean that there is no feasible solution to the original problem; the robust
counterpart is an approximation to the problem defined by your chance constraints that may yield
conservative solutions which over-satisfy the chance constraints.

When this result appears, you can set the SDK model parameter ChanceAutoAdjust to 1 and resolve.
(See CModelParam in the Solver SDK Reference Guide for details on this parameter). The SDK will
then re-solve the problem, automatically adjusting the sizes of robust optimization uncertainty sets
created for the chance constraints, in an effort to find a feasible solution.

If you have already set this parameter to 1 or the parameter Auto Adjust Chance Constraints on the
Platform tab of the Task Pane in the Risk Solver Platform for Excel has been set to True, then the
automatic improvement algorithm has already been tried and this algorithm was unable to find a
feasible solution. In this case, you should proceed as described for result code 5,
Optimize_Status_Unfeasible. Look for conflicting constraints, i.e. conditions that cannot be satisfied
simultaneously, perhaps due to choosing the wrong relation (e.g. <= instead of >=) on an otherwise
appropriate constraint.

27. Optimize_Status_Robust_Conservative

This result can only be returned when a model created with Risk Solver Platform for Excel containing
uncertainty has been loaded into the Solver SDK Platform.

This result may be returned when you solve a model with uncertainty and chance constraints using
robust optimization. When you do this, the Solver transforms your original model with uncertainty
into a robust counterpart model that is a conventional optimization model without uncertainty.

The message means that the Solver found an optimal solution to the robust counterpart model, but
when this solution was tested against your original model (using Monte Carlo simulation to test
satisfaction of the chance constraints), the solution over-satisfied the chance constraints; this normally
means that the solution is ‘conservative’ and the objective function value can be further improved.

When this message appears, try setting the parameter, ChanceAutoAdjust to 1 and resolve. (See
CModelParam in the Solver SDK Reference Guide for details on this parameter.) The Solver will
then re-solve the problem, automatically adjusting the sizes of robust optimization uncertainty sets
created for the chance constraints, in an effort to improve the solution.

An alternative course of action is to manually adjust the Chance measures of selected chance
constraints, and re-solve the problem. The automatic improvement algorithm uses general-purpose
methods to find an improved solution; you may be able to do better by adjusting Chance measures
based on your knowledge of the problem. Please see below for an example of how to adjust the
Chance measure inside the Solver SDK Platform.

The lines of code below illustrate how to change the chance measure for the constraint located in the
Excel cell C23 to 90% for all four programming languages.

C/C++: prob.Functions[L"C23"].Chance = 0.90;
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C#: prob.Functions["C23"].Chance = 0.90;

VB.NET: prob.Functions("C23").Chance = 0.90

VB6: prob.Functions(*C23").Chance= 0.90
28. Optimize_Status_Robust_Converge

This result can only be returned when a model created with Risk Solver Platform for Excel containing
uncertainty has been loaded into the Solver SDK Platform.

This result may be returned when you solve a model with uncertainty and chance constraints using
robust optimization, and Auto Adjust Chance Constraints is set to True on the Platform tab of the Task
Pane in the Risk Solver Platform for Excel. It means that the Solver has found the best ‘improved
solution’ it can; the normal constraints are satisfied, and the chance constraints are satisfied to the
Chance level that you specified.

This is usually a very good solution, but it does not rule out the possibility that you may be able to find
an even better solution by manually adjusting Chance measures based on your knowledge of the
problem, and re-solving. The lines of code below illustrate how to change the chance measure for the
constraint located in the Excel cell C23 to 90% for all four programming languages.

C/C++: prob.Functions[L"C23"].Chance = 0.90;

C#: prob.Functions["C23"].Chance = 0.90;

VB.NET: prob.Functions("C23").Chance = 0.90

VB6: prob.Functions("C23").Chance= 0.90
29. Optimize_Status_Robust_Improve

This result can only be returned when a model created with Risk Solver Platform for Excel containing
uncertainty has been loaded into the Solver SDK Platform.

This result may be returned when you solve a model with uncertainty and chance constraints using
robust optimization, and you’ve set the option Auto Adjust Chance Constraints to True on the Platform
tab of the Task Pane in the Risk Solver Platform for Excel. It means that the Solver could not find an
improved solution that satisfies all of the chance constraints to the Chance level that you specified in
the Solver Parameters dialog. Typically in this case, some of the chance constraints will be satisfied to
the level you specified, or even over-satisfied, but others will be under-satisfied.

You may find that the solution is acceptable, but if the chance constraints must be satisfied to the level
you specified, further work will be required. You may be able to find an improved solution by
manually adjusting Chance measures based on your knowledge of the problem, and re-solving. The
lines of code below change the chance measure for the constraint located in the Excel cell C23 to 90%
for all four programming languagues.

C/C++: prob.Functions[L"C23"].Chance = 0.90;

C#: prob.Functions["C23"].Chance = 0.90;

VB.NET: prob.Functions("C23").Chance = 0.90

VB6: prob.Functions("C23").Chance= 0.90
999. Optimize_Status_Exception

This result is returned when an exception has been caught by a try/catch system.

Problems with Poorly Scaled Models

A poorly scaled model is one that computes values of the objective, constraints, or intermediate results
that differ by several orders of magnitude. A classic example is a financial model that computes a
dollar amount in millions or billions and a return or risk measure in fractions of a percent. Because of
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the finite precision of computer arithmetic, when these values of very different magnitudes (or others
derived from them) are added, subtracted, or compared — in the user’s model or in the Solver’s own
calculations — the result will be accurate to only a few significant digits. After many such steps, the
Solver may detect or suffer from "numerical instability."”

The effects of poor scaling in a large, complex optimization model can be among the most difficult
problems to identify and resolve. It can cause Solver engines to return results such as
Optimize_Status_Unfeasible, Optimize_Status_No_Remedies, or even
Optimize_Status_Linear_Invalid, with results that are suboptimal or otherwise very different from your
expectations. The effects may not be apparent to you, given the initial values of the variables, but
when the Solver explores Trial Solutions with very large or small values for the variables, the effects
will be greatly magnified.

Dealing with Poor Scaling

Most Solver engines include a Use Automatic Scaling parameter. When this option is set to True, the

Solver rescales the values of the objective and constraint functions internally in order to minimize the

effects of poor scaling. But this can only help with the Solver’s own calculations — it cannot help with
poorly scaled results that arise in the middle of the solution process.

The best way to avoid scaling problems is to carefully choose the "units" implicitly used in your model
so that all computed results are within a few orders of magnitude of each other. For example, if you
express dollar amounts in units of (say) millions, the actual numbers computed on your Problem may
range from perhaps 1 to 1,000,000.

Limitations on Smooth Nonlinear Optimization

Nonlinear problems are intrinsically more difficult to solve than linear problems, and there are fewer
guarantees about what the Solver can do. If your smooth nonlinear problem is convex, the Solver will
normally find the globally optimal solution (subject to issues of poor scaling and the finite precision of
computer arithmetic). But if your problem is non-convex, the Solver will normally find only a locally
optimal solution, close to the starting values of the decision variables, when you click Solve.

When dealing with a non-convex problem, it is a good idea to run the Solver starting from several
different sets of initial values for the decision variables. Since the Solver follows a path from the
starting values (guided by the direction and curvature of the objective function and constraints) to the
final solution values, it will normally stop at a peak or valley closest to the starting values you supply.
By starting from more than one point — ideally chosen based on your own knowledge of the problem —
you can increase the chances that you have found the best possible "optimal solution." An easy way to
do this is to set the multistart parameter to True to automatically run the Solver from multiple starting
points.

GRG Solver Stopping Conditions

It is helpful to understand what the nonlinear GRG Solver can and cannot do, and what each of the
possible Solver Result Messages means for this Solver engine. At best, the GRG Solver alone — like
virtually all “classical" nonlinear optimization algorithms — can find a locally optimal solution to a
reasonably well-scaled, non-convex model. At times, the Solver will stop before finding a locally
optimal solution, when it is making very slow progress (the objective function is changing very little
from one trial solution to another) or for other reasons.

Locally Versus Globally Optimal Solutions

When the first message (Optimize_Status_Optimal) appears, it means that the GRG Solver has found a
locally optimal solution — there is no other set of values for the decision variables close to the current
values that yields a better value for the objective function. Figuratively, this means that the Solver has
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found a "peak” (if maximizing) or "valley"” (if minimizing) — but if the model is non-convex, there may
be other taller peaks or deeper valleys far away from the current solution. Mathematically, this
message means that the Karush - Kuhn - Tucker (KKT) conditions for local optimality have been
satisfied (to within a certain tolerance, related to the Precision parameter).

When Solver has Converged to the Current Solution

When the GRG Solver’s second stopping condition is satisfied (before the KKT conditions are
satisfied), the second result Optimize_Status_Converged is returned. This means that the objective
function value is changing very slowly for the last few iterations or trial solutions. More precisely, the
GRG Solver stops if the absolute value of the relative change in the objective function is less than the
value for the Convergence parameter for the last 5 iterations. While the default value of 1E-4 (0.0001)
is suitable for most problems, it may be too large for some models, causing the GRG Solver to stop
prematurely when this test is satisfied, instead of continuing for more iterations until the KKT
conditions are satisfied.

A poorly scaled model is more likely to trigger this stopping condition, even if the Use Automatic
Scaling parameter is set to True. So it pays to design your model to be reasonably well scaled in the
first place: The typical values of the objective and constraints should not differ from each other, or
from the decision variable values, by more than three or four orders of magnitude.

If you are getting this message when you are seeking a locally optimal solution, you can change the
setting in the Convergence edit box to a smaller value such as 1E-5 or 1E-6; but you should also
consider why it is that the objective function is changing so slowly. Perhaps you can add constraints or
use different starting values for the variables, so that the Solver does not get “trapped" in a region of
slow improvement.

When Solver Cannot Improve the Current Solution

The third stopping condition, which yields the result Optimize_Status_No_Remedies, occurs only
rarely. It means that the model is degenerate and the Solver is probably cycling. The issues involved
are beyond the level of this Reference Guide. One possibility worth checking is that some of your
constraints are redundant, and should be removed. If this suggestion doesn’t help and you cannot
reformulate the problem, try using the Evolutionary Solver. To go further with the GRG Solver, you
may need specialized consulting assistance.

GRG Solver with Multistart Methods

The multistart methods for global optimization included in Solver SDK can overcome some of the
limitations of the GRG Solver alone, but they are not a panacea. The multistart methods will
automatically run the GRG Solver (or a field-installable nonlinear Solver engine) from a number of
starting points and will display the best of several locally optimal solutions found, as the probable
globally optimal solution. Because the starting points are selected at random and then "clustered"
together, they will provide a reasonable degree of "coverage" of the space enclosed by the bounds on
the variables. The tighter the variable bounds you specify and the longer the Solver runs, the better the
coverage.

However, the performance of the multistart methods is generally limited by the performance of the
GRG Solver on the subproblems. If the GRG Solver stops prematurely due to slow convergence, or
fails to find a feasible point on a given run, the multistart method can improve upon this only by
finding another starting point from which the GRG Solver can find a feasible solution, or a better
locally optimal solution, by following a different path into the same region.

If the GRG Solver reaches the same locally optimal solution on many different runs initiated by the
multistart method, this will tend to decrease the Bayesian estimate of the number of locally optimal
solutions in the problem, causing the multistart methods to stop relatively quickly. In many cases this
indicates that the globally optimal solution has been found — but you should always inspect and think
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about the solution, and consider whether you should run the GRG Solver manually from starting points
selected based on your knowledge of the problem.

Nonlinear GRG Solver and Integer Constraints

Like the multistart methods, the performance of the Branch & Bound method on nonlinear problems
with integer constraints is limited by the performance of the GRG Solver on the subproblems. If the
GRG Solver stops prematurely due to slow convergence, or fails to find a feasible point on a given run,
this may prevent the Branch & Bound method from finding the true integer optimal solution. In most
cases, the combination of the Branch & Bound method and the GRG Solver will at least yield a
relatively good integer solution. However, if you are unable to find a sufficiently good solution with
this combination of methods, consider using one of the field-installable nonlinear Solver engines.

Limitations on Non-Smooth Optimization

Non-smooth problems — where the objective and/or constraints are computed with discontinuous or
non-smooth Excel functions — are the most difficult types of optimization problems to solve. There are
few, if any, guarantees about what the Solver (or any optimization method) can do with these
problems.

The most common discontinuous function is the IF function where the conditional test is dependent on
the decision variables. Common non-smooth functions are ABS, MIN and MAX, INT and ROUND.

If your optimization problem contains discontinuous or non-smooth functions, your simplest course of
action is to use the Evolutionary Solver to find a "good" solution. You should read the section
"Evolutionary Solver Stopping Conditions" below and the discussion earlier in this chapter of specific
Solver Result Messages, to ensure that you understand what the various messages say about your
model. You can try using the nonlinear GRG Solver, or even the linear Simplex Solver, on problems
of this type, but you should be aware of the effects of non-smooth functions on these Solver engines,
which are summarized below.

Effect on the Nonlinear GRG and Simplex Solvers

A smooth nonlinear solver, such as the GRG Solver, relies on derivative or gradient information to
guide it towards a feasible and optimal solution. Since it is unable to compute the gradient of a
function at points where the function is discontinuous, or to compute curvature information at points
where the function is non-smooth, it cannot guarantee that any solution it finds to such a problem is
truly optimal. In practice, the GRG Solver can sometimes deal with discontinuous or non-smooth
functions that are "incidental" to the problem, but as a general statement, this Solver engine requires
smooth nonlinear functions for the objective and constraints.

If you try to solve a problem with non-smooth or discontinuous functions with the LP/Quadratic or LP
Simplex Solver it is possible — though very unlikely — that the linearity test performed by the Solver
will not detect the discontinuities and will proceed to try to solve the problem. (This probably means
that the functions are linear over the range considered by the linearity test — but there are no guarantees
at all that the solution found is optimal!)

Evolutionary Solver Stopping Conditions

It is helpful to understand what the Evolutionary Solver can and cannot do, and what each of the
possible Solver Result Messages means for this Solver engine. At best, the Evolutionary Solver — like
other genetic or evolutionary algorithms — will be able to find a good solution to a reasonably well-
scaled model. Because the Evolutionary Solver does not rely on derivative or gradient information, it
cannot determine whether a given solution is optimal — so it never really knows when to stop. Instead,
the Evolutionary Solver stops and returns a solution either when certain heuristic rules (discussed
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below) indicate that further progress is unlikely, or else when it exceeds a limit on computing time or
effort that you’ve set.

"Good" Versus Optimal Solutions

The Evolutionary Solver makes almost no assumptions about the mathematical properties (such as
continuity, smoothness or convexity) of the objective and the constraints. Because of this, it actually
has no concept of an "optimal solution," or any way to test whether a solution is optimal. The
Evolutionary Solver knows only that a solution is "better” in comparison to other solutions found
earlier. It may sometimes find the true optimal solution, on models with a limited number of variables
and constraints; on such models, the heuristic stopping rules discussed below may cause the Solver to
stop at an appropriate time and report this solution. But the Evolutionary Solver will not be able to tell
you that this solution is optimal.

When you use the Evolutionary Solver, you may find — like other users of genetic and evolutionary
algorithms — that you spend a lot of time running and re-running the Solver, trying to find better
solutions. This is an inescapable consequence of using a Solver engine that makes few or no
assumptions about the nature of the problem functions. You can never be sure whether you’ve found
the best solution, or what the payoff might be of running the evolutionary algorithm for a longer time.
When the Evolutionary Solver stops, you may very well find that, if you keep the resulting solution
and restart the Evolutionary Solver, it will find an even better solution. You may also find that starting
the GRG Solver from the point where the Evolutionary Solver stops will yield a better (sometimes
much better) solution.

When Solver returns Optimize_Status_Converged

This message means that the "fitness" of members of the current population of trial solutions is
changing very slowly. More precisely, the Evolutionary Solver stops if 99% or more of the members
of the population have "fitness" values whose relative (i.e. percentage) difference is less than the
Convergence tolerance parameter setting. This condition may mean that the Solver has found a
globally optimal solution — if so, new members of the population (that replace other, less fit members)
will tend to "crowd around" this solution. However, it may also mean that the population has lost
diversity —a common problem in genetic and evolutionary algorithms — and hence the evolutionary
algorithm is unable to generate new and better solutions through mutation or crossover of current
population members.

When Solver returns Optimize_Status_No_Remedies

This message means that the Solver has been unable to find a new, better member of the population
whose "fitness" represents a relative (percentage) improvement over the current best member’s fitness
of more than the Tolerance parameter value, in the amount of time specified by the Max Time without
Improvement parameter setting. Under this heuristic stopping rule, the Evolutionary Solver will
continue searching for better solutions as long as it is making the degree of progress that you have
indicated via the Tolerance value; if it is unable to make that much progress in the time you’ve
specified, the Solver will stop and report the best solution found.

Evaluating a Solution Found by the Evolutionary Solver

Once you have a solution from the Evolutionary Solver, what can you do with it? Here are some ideas:

1. Keep the resulting solution, restart the Evolutionary Solver from that solution, and see if it is able
to find an even better solution in a reasonable length of time.

2. Tighten the Convergence and Tolerance parameter settings, increase the Max Subproblems and
Max Feasible Sols parameter settings, and restart the Evolutionary Solver. This will take more
time, but will allow the Solver to explore more possibilities.
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3. Increase the Population Size and/or the Mutation Rate, and restart the Evolutionary Solver. This
will also take more time, but will tend to increase the diversity of the population and the portion of
the search space that is explored.

4. Keep the resulting solution, switch to the GRG Solver and start it from that solution, and see if it
finds the same or a better solution. If the GRG Solver stops with the result
Optimize_Status_Optimal you may have found at least a locally optimal point (but remember that
this test depends on smoothness of the problem functions).

As you work with the Evolutionary Solver, you will appreciate its ability to find "good" solutions to
previously intractable optimization problems, but you will also come to appreciate its limitations. The
Evolutionary Solver allows you to spend less time analyzing the mathematical properties of your
model, and still obtain "good" solutions — but as with the GRG Engine and the multistart methods, it is
not a panacea.

If your problem is large, or if the payoff from a true optimal solution is significant, you may want to
invest more effort to formulate a model that satisfies the requirements of a smooth nonlinear
optimization problem, or even an integer linear problem. The are many techniques you can use to
replace non-smooth functions with smooth nonlinear or integer linear expressions. With enough work,
you may be able to obtain a significantly better solution with the other Solver engines, and to know
with some certainty whether or not you have found the optimal solution.
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Solver SDK Parameters

Setting the Parameters

Please see below for example code on how to set a parameter in C++, C#, the Procedural API, and in

COM. To set, substitute the parameter’s name for "Parameter” and the value of the parameter for "x".
C++: problem.Engine.Params[L"Parameter"].Value = Xx;

C#. Problem.Engine.Params["Parameter"].Value = x;

Procedural APl: SolverEngParamSet (prob, L"Parameter", Xx);

COM: problem.Engine.Params ("Parameter") .Value = x

Common SDK Optimization Parameters

The following parameters are used to control all Solver SDK engines, including additional "plug in"

engines.

Max Time
Name MaxTime
Default 2,147,483,647
Min 0
Max 2,147,483,647
Type Integer

The value for Max Time determines the maximum time in seconds that the SDK will run before it
stops. For problems with integer constraints, this is the total time taken to solve all subproblems
explored by the Branch & Bound method.

Iterations
Name Iterations
Default 2,147,483,647
Min 0
Max 2,147,483,647
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Type Integer

The value for the number of Iterations determines the maximum number of iterations ("pivots" for the
Simplex Solver, or major iterations for the GRG Solver) that the Solver may perform on one problem.
A new "Trial Solution" is generated on each iteration. For problems with integer constraints, the
Iterations setting determines the maximum number of iterations for any one subproblem.

Precision

Name Precision
Default 1.0e-6
Min 1.0e-4
Max 1.0e-9
Type Double

The number entered here determines how closely the calculated values of the constraint left hand sides
must match the right hand sides in order for the constraint to be satisfied. (This option is not used with
the LP/Quadratic or SOCP engines.) With the default setting of 1.0E-6 (0.000001), a calculated left
hand side of -1.0E-7 (0.0000001) would satisfy a constraint such as A1 >=0. Use caution in making
this number much smaller, since the finite precision of computer arithmetic virtually ensures that the
calculated values will differ from the expected or "true" values by a small amount. On the other hand,
setting the Precision to a much larger value would cause constraints to be satisfied too easily. If your
constraints are not being satisfied because the values you are calculating are very large (say in millions
or billions of dollars), consider adjusting your formulas and data to work in units of millions, or setting
the "Scaling" parameter (see explanation below) instead of altering the Precision setting. Generally,
this setting should be kept in the range from 1.0E-6 (0.000001) to 1.0E-4 (0.0001).

Precision and Integer Constraints

Another use of Precision is determining whether an integer constraint, such as A1:A5 = integer, AL:A5
= binary or A1:AS = alldifferent, is satisfied. If the difference between the decision variable’s value
and the closest integer value is less than the Precision setting, the variable value is treated as an integer.

Use Automatic Scaling

Name Scaling
Default 0-0On
Min -1 — Off
Max 1-0On
Type Double
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When Automatic Scaling is turned on (set to 0 or 1), the Solver will attempt to scale the values of the
objective and constraint functions internally in order to minimize the effects of a poorly scaled model.
A poorly scaled model is one that computes values of the objective, constraints, or intermediate results
that differ by several orders of magnitude. Poorly scaled models may cause difficulty for both linear
and nonlinear solution algorithms, due to the effects of finite precision computer arithmetic.

If your model is nonlinear and you turn on Automatic Scaling, make sure that the initial values for the
decision variables are "reasonable,"” i.e. of roughly the same magnitudes that you expect for those
variables at the optimal solution. The effectiveness of the Automatic Scaling option depends on how
well these starting values reflect the values encountered during the solution process.

Irreducible Infeasible Set — Bounds

Name 11SBounds

Default 0 — Include Bounds
Min 0

Max 1 — No Bounds
Type Integer

Instead of the full Irreducible Infeasible Set (11S), which analyzes both the constraints and variable
bounds in your model and attempts to eliminate as many of them as possible, you can produce the 1IS
minus the variable bounds. The IS minus the variable bounds analyzes only the constraints while
keeping the variable bounds in force. This may be sufficient to isolate the source of the infeasibility,
but you must take into account the bounds on all of the variables when analyzing the 1IS.

Controlling Use of Processor Cores

Name NumThreads

Default 0 — Use Maximum Number
of Threads Available

Min 0

Max Number of cores on machine.

Type Integer

Solver SDK uses Windows facilities to create multiple “threads” of execution that can be run on
different processor cores. If you have other compute-intensive applications running at the same time as
Solver SDK, you can control the number of cores used for each Problem. The default value of 0
means: “use as many threads as there are processor cores in the machine.” (The actual number of
threads used may vary dynamically during execution.) You can instead set this to a specific number of
threads.

Run Specific Optimization

Name RunSpecificOpt
Default -1

Min -1

Max 2,147,483,647
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Type Integer

When performing multiple optimizations, use this parameter to run an individual optimization (i.e. 3rd
optimization of 10). A value of "-1" turns this parameter off.

LP Simplex Solver Options

In the Solver SDK Pro, the linear Simplex Solver is included as a bundled engine. The parameters
above plus the Pivot Tolerance and Reduced Cost Tolerance parameters below are all the parameters
used by the Simplex Solver.

Pivot Tolerance

Name PivotTol
Default 1.0e-7
Min 0

Max 1

Type Double

The Simplex method looks for a non-zero matrix element to pivot upon in its basic iteration. Any
matrix element with absolute value less than this tolerance is treated as zero for this purpose.

Reduced Cost Tolerance

Name ReducedTol
Default le-5

Min le-9

Max le-4

Type Double

The Simplex method looks for a variable to enter the basis that has a negative reduced cost. The
candidates are only those variables that have reduced costs less than the negative value of this
tolerance.

Solution Tolerance

Name Solution
Default le-4
Min le-9
Max le-5
Type Double

Any calculated basic variable whose absolute value is less than this tolerance is treated as zero.
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LP Simplex Solver MIP Parameters

This section describes the parameters which control the LP Simplex engine when solving a mixed
integer problem. The parameters above plus the parameters in this section (Use Dual Simplex for
Subproblems, Preprocessing and Probing, Bounds Improvement, Optimality Fixing, Primal Heuristic,
Gomor Cuts, Gomory Passes, Knapsack Cuts and Knapsack Passes) are all the parameters used by the
Simplex Solver.

Max Subproblems

Name MaxSubproblems
Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer

The value for the Max Subproblems parameter places a limit on the number of subproblems that may
be explored by the Branch & Bound algorithm before the SDK stops with the status result,
Optimize_Status Bpmips_Limit. Each subproblem is a "regular" Solver problem with additional
bounds on the variables. In a problem with integer constraints, the Max Subproblems limit should be
used in preference to the Iterations limit.

Max Feasible (Integer) Solutions

Name MaxIntegerSols

MaxFeasibleSols

Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer

The value for the Max Integer Solutions parameter places a limit on the number of "candidate" integer
solutions found by the Branch & Bound algorithm before the SDK stops with the status result,
Optimize_Status_Bpnode_Limit. Each candidate integer solution satisfies all of the constraints,
including the integer constraints; the SDK retains the integer solution with the best objective value so
far, called the "incumbent."”

It is entirely possible that, in the process of exploring various subproblems with different bounds on
the variables, the Branch & Bound algorithm may find the same integer solution (set of values for the
decision variables) more than once; the Max Integer Solutions limit applies to the total number of
integer solutions found, not the number of "distinct™ integer solutions.

Integer Tolerance

Name IntTolerance
Default 0

Min 0

Max 1.0

Type Double

When you solve an integer programming problem, it often happens that the Branch & Bound method
will find a good solution fairly quickly, but will require a great deal of computing time to find (or
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verify that it has found) the optimal integer solution. The Integer Tolerance setting may be used to tell
the Solver to stop if the best solution it has found so far is "close enough.”

The Branch & Bound process starts by finding the optimal solution without considering the integer
constraints (this is called the relaxation of the integer programming problem). The objective value of
the relaxation forms the initial "best bound" on the objective of the optimal integer solution, which can
be no better than this. During the optimization process, the Branch & Bound method finds "candidate™
integer solutions, and it keeps the best solution so far as the "incumbent.” By eliminating alternatives
as its proceeds, the B&B method also tightens the "best bound™ on how good the integer solution can
be.

Each time the Solver finds a new incumbent — an improved all-integer solution — it computes the
maximum percentage difference between the objective of this solution and the current best bound on
the objective:

Objective of incumbent - Objective of best bound

Objective of best bound

If the absolute value of this maximum percentage difference is equal to or less than the Integer
Tolerance, the Solver will stop and report the current integer solution as the optimal result, with the
status, Optimize_Status_Incumb_Cand. If you set the Integer Tolerance to zero, the Solver will "prove
optimality" by continuing to search until all alternatives have been explored and the optimal integer
solution has been found. This could take a great deal of computing time.

Integer Cutoff

Name IntCutoff
Default 2.0e+30
Min -2.0e+30
Max 2.0e+30
Type Double

This option provides another way to save time in the solution of mixed-integer programming problems.
If you know the objective value of a feasible integer solution to your problem — possibly from a
previous run of the same or a very similar problem — you can enter this objective value for the Integer
Cutoff parameter. This allows the Branch & Bound process to start with an "incumbent" objective
value (as discussed above under Integer Tolerance) and avoid the work of solving subproblems whose
objective can be no better than this value. If you enter a value for this parameter, you must be sure that
there is an integer solution with an objective value at least this good: A value that is too large (for
maximization problems) or too small (for minimization) may cause the SDK to skip solving the
subproblem that would yield the optimal integer solution.

Use Dual Simplex for Subproblems

Name UseDual
Default 2 - Dual
Min 1 —Primal
Max 2

Type Integer

This option appears only in the Solver SDK Pro, when the LP Simplex Solver is selected. When this
parameter is set to 2, the Solver uses the Dual Simplex method, starting from an advanced basis, to
solve the subproblems generated by the Branch & Bound method. When it is cleared, the Solver uses
the Primal Simplex method to solve the subproblems. Use of this option will often speed up the
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solution of problems with both general integer (e.g. AL:A5 = integer) and binary integer (e.g. AL:A5 =
binary) variables.

The subproblems of an integer programming problem are based on the relaxation of the problem, but
have additional or tighter bounds on the variables. The solution of the relaxation (or of a more direct
"parent™ of the current subproblem) provides an "advanced basis" which can be used as a starting point
for solving the current subproblem, potentially in fewer iterations. This basis may not be primal
feasible due to the additional or tighter bounds on the variables, but it is always dual feasible. Because
of this, the Dual Simplex method is usually faster than the Primal Simplex method when starting from
an advanced basis.

The Dual Simplex method proceeds from a dual feasible solution to a dual optimal (and hence primal
feasible) solution by dealing with the additional or tighter bounds on the variables. The Solver SDK
Pro employs an advanced "bound-swapping" Dual Simplex method that becomes faster as the bounds
become tighter and apply to more variables.

Preprocessing and Probing

The Preprocessing and Probing parameters appear only in the Solver SDK Pro, when the LP Simplex
Solver engine is selected. Use of these options can dramatically improve solution time on problems
with many 0-1 or binary integer variables. Any of them may be selected independently, but the best
speed gains are often realized when they are used in combination — particularly Probing / Feasibility,
Bounds Improvement and Optimality Fixing.

Probing / Feasibility

Name ProbingFeasibility
Default 0 - Off

Min 0

Max 1-0On

Type Integer

The Probing strategy allows the SDK to derive values for certain binary integer variables based on the
settings of others, prior to actually solving the problem. When the Branch & Bound method creates a
subproblem with an additional (tighter) bound on a binary integer variable, this causes the variable to
be fixed at 0 or 1. In many problems, this has implications for the values of other binary integer
variables that can be discovered through Probing. For example, your model may have a constraint
such as:

Xt + X+ X + X+ X% <1

where x; through xs are all binary integer variables. Whenever one of these variables is fixed at 1, all of
the others are forced to be 0; Probing allows the Solver to determine this before solving the problem.

In some cases, the Feasibility tests performed as part of Probing will determine that the subproblem is
infeasible, so it is unnecessary to solve it at all. (This is a special case of a "clique" or "Special
Ordered Set" (SOS) constraint; the Solver recognizes these constraints in their most general form.)

In a problem with a "clique™ of 5 binary integer variables, without Probing, the Branch & Bound
process might have to generate and solve as many as 2° = 32 subproblems, with different combinations
of bounds on these variables. With Probing, the number of subproblems is reduced from 32 to 5. As
the number of binary integer variables increases, this strategy can clearly improve solution time.

Bounds Improvement

Name BoundsImprovement
Default 0 - Off
Min 0
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Max 1-0n
Type Integer

The Bounds Improvement strategy allows the SDK to tighten the bounds on variables that are not 0-1
or binary integer variables, based on the values that have been derived for the binary variables, before
the problem is solved. Tightening the bounds usually reduces the effort required by the Simplex
method (or other method) to find the optimal solution, and in some cases it leads to an immediate
determination that the subproblem is infeasible and need not be solved.

Optimality Fixing

Name OptimalityFixing
Default 0 - Off

Min 0

Max 1-0n

Type Integer

The Optimality Fixing strategy is another way to fix the values of binary integer variables before the
subproblem is solved, based on the signs of the coefficients of these variables in the objective and the
constraints. Optimality Fixing can lead to further opportunities for Probing and Bounds Improvement,
and vice versa. But Optimality Fixing will yield incorrect results if you have bounds on variables,
such as A1:A5 >= 10 and A1:A5 <= 10, which create "implied" equalities, instead of explicit
equalities such as AL:A5 = 10. Watch out for situations such as A1:A5 >= 10 and A3:D3 <= 10,
which creates an implied equality constraint on A3. Implied equalities of this sort are never a good
practice, but they must be avoided in order to use Optimality Fixing.

Primal Heuristic

Name PrimalHeuristic
Default 0 - Off

Min 0

Max 1-0On

Type Integer

When this box is checked, the Solver uses heuristic methods to attempt to discover an integer feasible
solution early in the Branch & Bound process. (A heuristic method is one that has been found to
succeed frequently in practice, but is not guaranteed to succeed — in this case, to find an integer
feasible solution.) The specific method used in the LP Simplex Solver is derived from the "local
search" literature, where it has been found to be quite effective, especially on 0-1 integer programming
problems.

If an integer feasible solution is found via the primal heuristic, it serves as an "incumbent" that enables
the Branch & Bound method to cut off the exploration of other subproblems, because they cannot yield
an integer solution better than the known incumbent, and thereby save time overall. Of course, if an
integer feasible solution is not found, the time spent on the primal heuristic is wasted. Hence, you
should experiment with this option to see if it yields faster solutions on your problem.

Variable Reordering and Pseudocost Branching

A Variable Reordering option was used in earlier versions of the Solver SDK products to improve the
order in which the Branch & Bound algorithm chose binary integer variables to "branch" upon. It is
ignored in recent versions of the SDK. The Solver SDK Platform uses a better strategy, known as
"pseudocost branching," at all times.
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Branching on an integer variable places tighter bounds on this variable in all subproblems derived from
the current branch. In the case of a binary integer variable, branching forces the variable tobe O or 1 in
the subproblems. Tighter bounds on certain variables may have a large impact on the values that can
be assumed by other variables in the problem. Ideally, the SDK will branch on these variables first.

For example, you might have a binary integer variable that determines whether or not a new plant will
be built, and other variables that then determine whether certain manufacturing lines will be started up.
If the SDK branches upon the plant-building variable first, forcing it to be 0 or 1, this will eliminate
many other possibilities that would otherwise have to be considered during the solution of each
subproblem.

Pseudocost branching enables the SDK to automatically choose variables for branching, once each
integer variable has been branched upon at least once. But at the beginning of the solution process, the
order in which integer variables are chosen for branching is guided overall by the order in which they
appear in the list below. You may be able to improve performance by manually ordering the variables
in the outlined list, based on your knowledge of the problem. In the example above, you would list the
plant-building binary integer variable first in the outlined list, so it will be branched upon before any
other integer variable.

Cut Generation

The Cut Generation options (Gomory Cuts and Passes, and Knapsack Cuts and Passes) are available
for the LP Simplex Solver in the Solver Pro SDK. A cut is an automatically generated linear constraint
for the problem, in addition to the constraints that you specify. This constraint is constructed so that it
"cuts off" some portion of the feasible region of an LP subproblem, without eliminating any possible
integer solutions. Cuts add to the work that the LP solver must perform on each subproblem (and
hence they do not always improve solution time), but on many integer programming problems, cut
generation enables the overall Branch & Bound method to more quickly discover integer solutions, and
eliminate subproblems that cannot lead to better solutions than the best one already known.

The default values for the Cut Generation options represent a reasonably good tradeoff for many
models, but it may well be worthwhile to experiment with values in these edit boxes to find the best
settings for your problem.

Gomory Cuts

Name MaxGomoryCuts
Default 20

Min 0

Max 2,147,483,647
Type Integer

The value for this parameter is the maximum number of Gomory cuts that the Solver should generate
for a given subproblem. When this maximum is reached, or if there are no further cut opportunities,
the SDK proceeds to solve the LP subproblem (with the cuts) via the primal or dual Simplex method.

Gomory cuts are generated by examining the basis inverse at the optimal solution of a previously
solved LP relaxation of the problem. This basis inverse is sensitive to rounding error due to the use of
finite precision computer arithmetic. Hence, if you use Gomory cuts, you should take extra care to
ensure that your worksheet model is well scaled, and check the Use Automatic Scaling box. If
you have trouble finding the integer optimal solution with the default settings for Gomory cuts, you
may want to enter O for this parameter, to eliminate Gomory cuts as a possible source of problems due
to rounding.

Gomory Passes

Name GomoryPasses
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Default 1

Min 0
Max 2,147,483,647
Type Integer

The value for this parameter is the number of "passes™ the SDK should make over a given subproblem,
looking for Gomory cuts. When cuts are generated and added to the model, the new model may
present opportunities to generate further cuts. In fact, it’s possible to solve an LP/MIP problem to
optimality by generating Gomory cuts in multiple passes, without any branching via Branch & Bound;
however, experience has shown that this is usually less efficient than using Branch & Bound. The
default value of 1 pass is best for many models, but you may find that increasing this value improves
solution time for your model.

Knapsack Cuts

Name MaxKnapsackCuts
Default 20

Min 0

Max 2,147,483,647
Type Integer

The value for this parameter is the maximum number of Knapsack cuts that the SDK should generate
for a given subproblem. When this maximum is reached, or if there are no further cut opportunities,
the SDK proceeds to solve the LP subproblem (with the cuts) via the primal or dual Simplex method.
Knapsack cuts, also known as lifted cover inequalities, can be generated only for groups of binary
integer variables, whereas Gomory cuts can be generated for any integer variables. But when
knapsack cuts can be generated, they are often very effective in cutting off portions of the LP feasible
region, and improving the speed of the solution process.

Knapsack Passes

Name KnapsackPasses
Default 1

Min 0

Max 2,147,483,647
Type Integer

The value for this parameter is the number of "passes" the Solver should make over a given
subproblem, looking for Knapsack cuts. As for Gomory cuts, when Knapsack cuts are generated and
added to the model, the new model may present opportunities to generate further cuts; but time spent
on additional passes could otherwise be spent solving LP subproblems. The default value of 1 pass is
best for many models, but you may find that increasing this value improves solution time for your
model.

Solve Without Integer Constraints

Name SolveWithout
Default 0 - Off

Min 0

Max 1-0On
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Type Integer

If you solve your Problem with this parameter set to 1, Solver SDK Platform ignores integer
constraints (including alldifferent constraints) and solves the "relaxation" of the problem.

LP/Quadratic Solver Options

In the Solver Platform SDK, if the LP/Quadratic Solver is selected to solve the problem, the
parameters for the engine include the parameters in the Common Options section above as well as the
parameters described below. Note that the default values for Primal Tolerance and Dual Tolerance
have been chosen very carefully; the LP/Quadratic Solver is designed to solve the vast majority of LP
problems ‘out of the box’ with these default tolerances.

Primal Tolerance

Name PrimalTolerance
Default 1.0e-7

Min 0

Max 1.0

Type Double

The Primal Tolerance is the maximum amount by which the primal constraints can be violated and still
be considered feasible. The default value of 1.0E-7 (0.000001) is suitable for most problems.

Dual Tolerance

Name DualTolerance
Default 1.0e-7

Min 0

Max 1.0

Type Double

The Dual Tolerance is the maximum amount by which the dual constraints can be violated and still be
considered feasible. The default valuesof 1.0E-7 (0.000001) is suitable for most problems.

Do Presolve
Name Presolve
Default 1-0On
Min 0 - Off
Max 1
Type Integer

When this parameter is set to 1 (which is the default setting), the LP/Quadratic Solver performs a
Presolve step before applying the Primal or Dual Simplex method. Presolving often reduces the size of
an LP problem by detecting singleton rows and columns, removing fixed variables and redundant
constraints, and tightening bounds.

Solver SDK Parameters e 285



Derivatives for the Quadratic Solver

Name Derivatives
Default 1 — Forward
Min 1

Max 2 — Central
Type Integer

When a quadratic programming (QP) problem — one with a quadratic objective and all linear
constraints — is solved with the LP/Quadratic Solver, the quadratic Solver extension requires first or
second partial derivatives of the objective function at various points. In the Solver SDK Platform,
these derivatives are computed via finite differencing and the method used for finite differencing is
determined by the setting of the Derivatives parameter. Forward differencing uses the point from the
previous iteration — where the problem function values are already known — in conjunction with the
current point. Central differencing relies only on the current point, and perturbs the decision variables
in opposite directions from that point. For QP problems, the Central differencing choice yields
essentially exact (rather than approximate) derivative values, which can improve solution accuracy and
reduce the total number of iterations; however the initial computation of derivatives may take up to
twice as long as with Forward differencing.

Solve Without Integer Constraints

Name SolveWithout
Default 0 - Off

Min 0

Max 1-0On

Type Integer

If you solve your Problem with this parameter set to 1, Solver SDK Platform ignores integer
constraints (including alldifferent constraints) and solves the "relaxation" of the problem.

LP/Quadratic Solver MIP Parameters

This section describes the parameters which control the LP/Quadratic engine when solving a mixed
integer problem. This engine contains an extensive set of options to improve performance on problems
that contain integers.

Max Subproblems

Name MaxSubproblems
Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer

The value for the Max Subproblems parameter places a limit on the number of subproblems that may
be explored by the Branch & Bound algorithm before the SDK stops with the status result,
Optimize_Status_Bpmips_Limit. Each subproblem is a "regular" Solver problem with additional
bounds on the variables. In a problem with integer constraints, the Max Subproblems limit should be
used in preference to the Iterations limit.
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Max Feasible (Integer) Solutions

Name MaxFeasibleSols

MaxIntegerSols

Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer

The value for the Max Feasible Sols parameter places a limit on the number of feasible integer
solutions found by the Branch & Bound algorithm before the SDK stops with the status result,
Optimize_Status_Bpnode_Limit. Each feasible integer solution satisfies all of the constraints,
including the integer constraints; the Solver retains the integer solution with the best objective value so
far, called the "incumbent.”

It is entirely possible that, in the process of exploring various subproblems with different bounds on
the variables, the Branch & Bound algorithm may find the same feasible integer solution (set of values
for the decision variables) more than once; the Max Feasible Solutions limit applies to the total number
of integer solutions found, not the number of "distinct" integer solutions.

Integer Tolerance

Name IntTolerance
Default 0

Min 0

Max 1.0

Type Double

When you solve an integer programming problem, it often happens that the Branch & Bound method
will find a good solution fairly quickly, but will require a great deal of computing time to find (or
verify that it has found) the optimal integer solution. The Integer Tolerance setting may be used to tell
the Solver to stop if the best solution it has found so far is "close enough."

The Branch & Bound process starts by finding the optimal solution without considering the integer
constraints (this is called the relaxation of the integer programming problem). The objective value of
the relaxation forms the initial "best bound" on the objective of the optimal integer solution, which can
be no better than this. During the optimization process, the Branch & Bound method finds "candidate"
integer solutions, and it keeps the best solution so far as the "incumbent.” By eliminating alternatives
as its proceeds, the B&B method also tightens the "best bound" on how good the integer solution can
be.

Each time the Solver finds a new incumbent — an improved all-integer solution — it computes the
maximum percentage difference between the objective of this solution and the current best bound on
the objective:

Objective of incumbent - Objective of best bound

Objective of best bound

If the absolute value of this maximum percentage difference is equal to or less than the Integer
Tolerance, the Solver will stop and report the current integer solution as the optimal result, with the
status, Optimize_Status_Incumb_Cand. If you set the Integer Tolerance to zero, the Solver will "prove
optimality" by continuing to search until all alternatives have been explored and the optimal integer
solution has been found. This could take a great deal of computing time.
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Integer Cutoff

Name IntCutoff
Default 2.0e+30
Min -2.0e-30
Max 2.0e+30
Type Double

This option provides another way to save time in the solution of mixed-integer programming problems.
If you know the objective value of a feasible integer solution to your problem — possibly from a
previous run of the same or a very similar problem — you can enter this objective value for the Integer
Cutoff parameter. This allows the Branch & Bound process to start with an "incumbent" objective
value (as discussed above under Integer Tolerance) and avoid the work of solving subproblems whose
objective can be no better than this value. If you enter a value for this parameter, you must be sure that
there is an integer solution with an objective value at least this good: A value that is too large (for
maximization problems) or too small (for minimization) may cause the SDK to skip solving the
subproblem that would yield the optimal integer solution.

Solve Without Integer Constraints

Name SolveWithout
Default 0 - Off

Min 0

Max 1-0On

Type Integer

If you solve your Problem with this parameter set to 1, Solver SDK Platform ignores integer
constraints (including alldifferent constraints) and solves the "relaxation" of the problem.

Preprocessing

Name Preprocessing
Default 1

Min 1

Max 3

Type Integer

1 — Automatic, 2 — None, 3 - Aggressive

When this parameter is set, the Solver performs preprocessing on constraints involving integer
variables, to simplify the problem and speed up the solution process. Based on the settings of certain
binary integer variables, preprocessing can fix the values of other binary integer variables, tighten the
bounds on continuous variables, and in some cases, determine that the subproblem is infeasible, so it is
unnecessary to solve it at all.

When the Preprocessing parameter is set to 1, the LP/Quadratic engine will automatically determine
the best preprocessing features to use on the problem. If the parameter is set to 2, then no
preprocessing will be performed and if the parameter is set to 3, then the LP/Quadratic Solver will
apply the most aggressive forms of preprocessing.

Cuts

Name Cuts
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Default 1

Min 1
Max 3
Type Integer

1 — Automatic, 2 — None, 3 - Aggressive

The LP/Quadratic Solver in the Solver SDK Platform supports a wide range of cuts. A cut is an
automatically generated linear constraint for the problem, in addition to the constraints that you
specify. This constraint is constructed so that it "cuts off" some portion of the feasible region of an LP
subproblem, without eliminating any possible integer solutions. Cuts require more work on each
subproblem, but they can often lead more quickly to integer solutions and greatly reduce the number of
subproblems that must be explored.

The LP/Quadratic engine employs a wide range of cuts including, Clique, Flow Cover, Gomory,
Knapsack, Local Tree, Mixed Integer Rounding, Probing, Two Mixed Integer Rounding, Reduce and
Split, and Special Ordered Sets.

When the Cuts parameter is set to 1, the LP/Quadratic engine will automatically determine the best
cuts to use on the problem. If the parameter is set to 2, then no cuts will be performed and if the
parameter is set to 3, then the LP/Quadratic Solver will apply the most aggressive forms of cuts.

Heuristics
Name Heuristics
Default 1
Min 1
Max 3
Type Integer

1 — Automatic, 2 — None, 3 - Aggressive

A heuristic is a strategy that often — but not always — will find a reasonably good "incumbent" or
feasible integer solution early in the search. Heuristics require more work on each subproblem, but
they can often lead more quickly to integer solutions and greatly reduce the number of subproblems
that must be explored. The LP/Quadratic engine employs several heuristics including: Feasibility
Pump, Greedy Cover, Local Search, and Rounding.

When the Heuristics parameter is set to 1, the LP/Quadratic engine will automatically determine the
best heuristics to apply to the problem. If the parameter is set to 2, then no heuristics will be used and
if the parameter is set to 3, then the LP/Quadratic Solver will use heuristics extensively in trying to
find a good initial incumbent.

LP/Quadratic Solver Stochastic Decomposition
Parameters

This section describes the parameters which control the Stocastic Decomposition methods bundled
within the Solver SDK Platform and utilized in the LP/Quadratic engine. This engine contains an
extensive set of options to improve performance on problems that contain integers. Stochastic
Decomposition can be used to solve linear models with recourse variables and uncertainty in the
constraints only. (Model must contain at least one constraint that does not include uncertainty.)
Typically, Stochastic Decomposition should only be used if the internal model created when
Deterministic Equivalent is selected for Solve Uncertain Models is so large that the time and memory
required to solve the model is impractical.
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Tau

Name StochTau
Default 2

Min 1

Max 2,147,483,647
Type Integer

As iterations proceed, the cut which was formed based on the incumbent vector is periodically re-
evaluated. If tau iterations have passed since the last update or if the value of the incumbent is less
than the objective value at a specific iteration, the incumbent is reformed. This function will solve an
additional subproblem (based upon the incumbent and the most recent observation of omega) add the
dual solution to the data structures, and re-form the incumbent cut (thus replacing it in the array of

cuts).

Tolerance
Name StochTol
Default 0.001
Min 0
Max 1
Type Double

The tolerance setting is used to determine the stopping condition for the Stochastic Decomposition
method. A larger value will result in the Stochastic Decomposition methods stopping more quickly,
while a smaller value will force the Stochastic Decomposition methods to run longer.

Compute Confidence Interval

Name StochCl
Default 0

Min 0

Max 1

Type Binary

If this option is turned on, the stochastic decomposition methods will compute a 95% confidence
interval for the objective function.

Objective Error

Name StochErr
Default 0.01
Min 0

Max 1

Type Double

If Compute Confidence Interval is turned on, then the confidence interval for the objective function
will be accurate to within this value, with 95% confidence.
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Objective Improvement

Name StochR
Default 0.2
Min 0

Max 1

Type Double

This parameter sets the minimum amount of improvement which must be observed in order to update
the incumbent.

Compute Recourse Statistics

Name StochR
Default 1
Min 0
Max 1
Type Binary

If set to 0, recourse variables for each trial will not be computed. Only “normal” decision variable
values will be available after Solver has found a solution. If set to 1, recourse variables will be
computed for each trial which can be viewed through the Variables.AllTrials property.

SOCP Barrier Solver Parameters

In the Solver SDK Platform, if the SOCP Barrier Solver is selected as the engine to solve the problem,
all parameters described above in the Common Parameters section as well as the parameters described
below (Precision, Gap Tolerance, Step Size Factor, Feasibility Tolerance, and the Search Direction
option group) will be available to the User.

Gap Tolerance

Name GapTolerance
Default 1.0e-6

Min 0

Max 1.0

Type Double

The SOCP Barrier Solver uses a primal-dual method that computes new objective values for the primal
problem and the dual problem at each iteration. When the gap or difference between these two
objective values is less than the Gap Tolerance, the SOCP Barrier Solver will stop and declare the
current solution optimal.
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Step Size Factor

Name StepSizeFactor
Default 0.99

Min 0

Max 1.0

Type Double

This parameter is the relative size (between 0 and 1) of the step that the SOCP Barrier Solver may take
towards the constraint boundary at each iteration.

Feasibility Tolerance

Name FeasibilityTolerance
Default 1.0e-6
Min 0
Max 1.0
Type Double
The SOCP Barrier Solver considers a solution feasible if the constraints are satisfied to within this
tolerance.
Search Direction
Name SearchDirection
Default 3
Min 0
Max 3
Type Integer

The SOCP Barrier Solver offers four options for computing the search direction on each iteration: 0-
Power Class, 1-Power Class with Predictor-Corrector, 2-Dual Scaling, and 3- Dual Scaling with
Predictor-Corrector.

Power Class

This option uses the power class, which is a subclass of the commutative class of search directions
over symmetric cones with the property that the long-step barrier algorithm using this class has
polynomial complexity.

Power Class with Predictor-Corrector
This option uses the power class as described above, plus a predictor-corrector term.
Dual Scaling

This option uses HKM (Helmberg, Kojima and Monteiro) dual scaling, a Newton direction found from
the linearization of a symmetrized version of the optimality conditions.

Dual Scaling with Predictor-Corrector

This option uses HKM dual scaling, plus a predictor-corrector term.
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Power Index

Name PowerlIndex
Default 1

Min 0

Max 2,147,483,647
Type Integer

This parameter is used to select a specific search direction when the Search Direction is computed via
the Power Class or Power Class with Predictor-Corrector methods.

Standard GRG Nonlinear Solver Parameters

In the Solver SDK Pro, if the GRG Nonlinear Solver is selected as the engine to solve the problem the
Standard GRG Solver Engine will be used. All parameters described above in the Common
Parameters section as well as the parameters described in this section will be available to the User.
The Global Optimization options group and the Population Size and Random Seed parameters are
described in the next section, "Multistart Search Options."

The default choices for these options are suitable for the vast majority of problems; although it
generally won’t hurt to change these options, you should first consider other alternatives such as
improved scaling before attempting to fine-tune them. In some scientific and engineering applications,
alternative choices may improve the solution process.

Convergence
Name Convergence
Default 1.0e-4
Min 0
Max 1
Type Double

The Standard GRG Solver will stop with the status Optimize_Status_Converged when the objective
function value is changing very slowly for the last few iterations or trial solutions. More precisely, the
GRG Solver stops if the absolute value of the relative change in the objective function is less than the
value in the Convergence edit box for the last 5 iterations. While the default value of 1.0E-4 (0.0001)
is suitable for most problems, it may be too large for some models, causing the GRG Solver to stop
prematurely when this test is satisfied, instead of continuing for more Trial Solutions until the
optimality (KKT) conditions are satisfied.

If you are getting this message when you are seeking a locally optimal solution, you can change the
parameter setting to a smaller value such as 1.0E-5 (0.00001) or 1.0E-6 (0.000001); but you should
also consider why it is that the objective function is changing so slowly. Perhaps you can add
constraints or use different starting values for the variables, so that the Solver does not get “trapped" in
a region of slow improvement.

Recognize Linear Variables

Name RecognizeL inear
Default 0 — Do Not Recognize
Min 0
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Max 1 — Recognize
Type Integer

In a nonlinear problem, some of the variables occur linearly in the objective and all of the constraints.
Hence the partial derivatives of the problem functions with respect to these variables are constant, and
need not be re-computed on each iteration. If you set the parameter Recognize Linear Variables to 1,
the Standard GRG Solver will look for variables whose partial derivatives are not changing over
several iterations, and then will assume that these variables occur linearly, hence that their partial
derivatives remain constant. At the solution, the partial derivatives are recomputed and compared to
the assumed constant values; if any of these values has changed, the Solver will stop with the status
result Optimize_Status_Linear_Invalid. If the SDK Pro stops with this status, you should set the
Recognize Linear Variables parameter to 0 and re-solve the problem.

Derivatives and Other Nonlinear Options

The default values for the Estimates, Derivatives and Search options can be used for most problems. If
you’d like to change these options to improve performance on your model, this section will provide
some general background on how they are used by the Standard GRG Solver.

On each major iteration, the GRG Solver requires values for the gradients of the objective and
constraints (i.e. the Jacobian matrix). The Derivatives option is concerned with how these partial
derivatives are computed.

The GRG (Generalized Reduced Gradient) solution algorithm proceeds by first "reducing” the problem
to an unconstrained optimization problem, by solving a set of nonlinear equations for certain variables
(the "basic" variables) in terms of others (the "nonbasic" variables). Then a search direction (a vector
in n-space, where n is the number of nonbasic variables) is chosen along which an improvement in the
objective function will be sought. The Search option is concerned with how this search direction is
determined.

Once a search direction is chosen, a one-dimensional "line search" is carried out along that direction,
varying a step size, in an effort to improve the reduced objective. The StepSize parameter controls the
size of this step. The initial estimates for values of the variables that are being varied have a significant
impact on the effectiveness of the search. The Estimates option is concerned with how these estimates
are obtained.

Estimates
Name Estimates
Default 0 — Tangent
Min 0
Max 1 — Quadratic
Type Integer

This option determines the approach used to obtain initial estimates of the basic variable values at the
outset of each one-dimensional search. The Tangent choice uses linear extrapolation from the line
tangent to the reduced objective function. The Quadratic choice extrapolates the minimum (or
maximum) of a quadratic fitted to the function at its current point. If the current reduced objective is
well modeled by a quadratic, then the Quadratic option can save time by choosing a better initial point,
which requires fewer subsequent steps in each line search. If you have no special information about
the behavior of this function, the Tangent choice is "slower but surer." Note: the Quadratic choice
here has no bearing on quadratic programming problems.

Derivatives

Name Derivatives
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Default 3

Min 1
Max 4
Type Integer

1 - Forward, 2 —Central, 3 — Jacobian, 4 — Jacobian with Error Checking

On each major iteration, the GRG Solver requires values for the gradients of the objective and
constraints (i.e. the Jacobian matrix). In the Solver SDK, the method used for finite differencing is
determined by the Derivatives setting.

Forward differencing (the default choice) uses the point from the previous iteration — where the
problem function values are already known — in conjunction with the current point. Central
differencing relies only on the current point, and perturbs the decision variables in opposite directions
from that point. This requires up to twice as much time on each iteration, but it may result in a better
choice of search direction when the derivatives are rapidly changing, and hence fewer total iterations.

Setting this parameter to 3 tells the SDK that a Jacobian evaluator is being supplied to compute partial
derivatives and to call your Jacobian evaluator in place of your function evaluator. A parameter setting
of 4 signals to the SDK to call your function evaluator to compute partial derivatives via forward
differencing, then call your Jacobian evaluator and compare the results. If the derivatives do not match
within a small tolerance, the SDK will call the evaluator, Eval_Type_GradError to display the User’s
error messages.

Search Option

Name SearchOption
Default 0 — Newton
Min 0

Max 1 — Conjugate
Type Integer

It would be expensive to determine a search direction using the pure form of Newton’s method, by
computing the Hessian matrix of second partial derivatives of the problem functions. Instead, a
direction is chosen through an estimation method. The default choice, Newton, uses a quasi-Newton
(or BFGS) method, which maintains an approximation to the Hessian matrix; this requires more
storage (an amount proportional to the square of the number of currently binding constraints) but
performs very well in practice. The alternative choice, Conjugate, uses a conjugate gradient method,
which does not require storage for the Hessian matrix and still performs well in most cases. The
choice you make here is not crucial, since the GRG Solver is capable of switching automatically
between the quasi-Newton and conjugate gradient methods depending on the available storage.

Step Size
Name StepSize
Default 1.0e-6
Min 1.0e-9
Max 1.0e-4
Type Double

This parameter determines the "delta" or amount of change used in computing numerical derivatives
via finite differencing. Changing the step size to a very small value could result in the GRG engine
stopping prematurely. However, a large step size could result in Solver "stepping over" a good
solution. For the vast majority of models, this parameter should be left at the default value.
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Large Scale GRG Nonlinear Solver Parameters

In the Solver SDK Platform, if the GRG Nonlinear Solver is selected as the engine to solve the
problem the Large Scale GRG Solver Engine will be used. All parameters described above in the
Common Parameters section as well as the parameters described in this section will be available to the
User. The Global Optimization options group and the Population Size and Random Seed parameters
are described in the next section, "Multistart Search Options."

The default choices for these options are suitable for the vast majority of problems; although it
generally won’t hurt to change these options, you should first consider other alternatives such as
improved scaling before attempting to fine-tune them. In some scientific and engineering applications,
alternative choices may improve the solution process.

Convergence
Name Convergence
Default 0.0001
Min 0
Max 1
Type Double

The LSGRG Solver will stop with the status Optimize_Status_Converged when the objective function
value is changing very slowly for the last few iterations or trial solutions. More precisely, the LSGRG
Solver stops if the absolute value of the relative change in the objective function is less than the value
in the Convergence edit box for the last 5 iterations. While the default value of 1.0E-4 (0.0001) is
suitable for most problems, it may be too large for some models, causing the LSGRG Solver to stop
prematurely when this test is satisfied, instead of continuing for more Trial Solutions until the
optimality (KKT) conditions are satisfied.

If you are getting this message when you are seeking a locally optimal solution, you can change the
parameter setting to a smaller value such as 1.0E-5 (0.00001) or 1.0E-6 (0.000001); but you should
also consider why it is that the objective function is changing so slowly. Perhaps you can add
constraints or use different starting values for the variables, so that the Solver does not get "trapped" in
a region of slow improvement.

Recognize Linear Variables

Name RecognizeLinear
Default 0 — Do Not Recognize
Min 0

Max 1 — Recognize

Type Integer

This option is included for compatibility with the nonlinear GRG Solver in the Solver SDK Pro
product, but it has only a limited effect in the LSGRG. It is intended to take advantage of the fact that
in many nonlinear problems, some of the variables occur linearly in the objective and all of the
constraints. Hence the partial derivatives of the problem functions with respect to these variables are
constant, and need not be re-computed on each iteration.

Relax Bounds on Variables

Name RelaxBounds
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Default 0 — Do Not Relax

Min 0
Max 1 — Relax
Type Integer

By default (and unlike the nonlinear GRG Solver bundled within the Solver SDK Pro), the LSGRG
Solver ensures that any trial points evaluated during the solution process will not have values that
violate the bounds on the variables you specify, even by a small amount. If your problem functions
cannot be evaluated for values outside the variable bounds, this default behavior will ensure that the
solution process can continue. However, at times, the LSGRG Solver can make more rapid progress
along a given search direction by testing trial points with values slightly outside the bounds on the
variables. If you want to permit this to happen, set this option to 1. If you receive the Solver Result,
Optimize_Status_Float_Err, as a first step you should set this option back to the default, 0.

Derivatives and Other Nonlinear Options

The default values for the Estimates, Derivatives and Search options can be used for most problems. If
you’d like to change these options to improve performance on your model, this section will provide
some general background on how they are used by the LSGRG Solver.

On each major iteration, the LSGRG Solver requires values for the gradients of the objective and
constraints (i.e. the Jacobian matrix). The Derivatives option is concerned with how these partial
derivatives are computed.

The LSGRG (Generalized Reduced Gradient) solution algorithm proceeds by first "reducing” the
problem to an unconstrained optimization problem, by solving a set of nonlinear equations for certain
variables (the "basic" variables) in terms of others (the "nonbasic" variables). Then a search direction
(a vector in n-space, where n is the number of nonbasic variables) is chosen along which an
improvement in the objective function will be sought. The Search option is concerned with how this
search direction is determined.

Once a search direction is chosen, a one-dimensional "line search" is carried out along that direction,
varying a step size in an effort to improve the reduced objective. The Step Size parameter controls the
size of this step. The initial estimates for values of the variables that are being varied have a significant
impact on the effectiveness of the search. The Estimates option is concerned with how these estimates
are obtained.

Estimates
Name Estimates
Default 0 — Tangent
Min 0
Max 1 — Quadratic
Type Integer

This option determines the approach used to obtain initial estimates of the basic variable values at the
outset of each one-dimensional search. The Tangent choice uses linear extrapolation from the line
tangent to the reduced objective function. The Quadratic choice extrapolates the minimum (or
maximum) of a quadratic fitted to the function at its current point. If the current reduced objective is
well modeled by a quadratic, then the Quadratic option can save time by choosing a better initial point,
which requires fewer subsequent steps in each line search. If you have no special information about
the behavior of this function, the Tangent choice is "slower but surer." Note: the Quadratic choice
here has no bearing on quadratic programming problems.
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Derivatives

Name Derivatives
Default 8

Min 1

Max 4

Type Integer

1 - Forward, 2 —Central, 3 — Jacobian, 4 — Jacobian with Error Checking

On each major iteration, the LSGRG Solver requires values for the gradients of the objective and
constraints (i.e. the Jacobian matrix). In the Large Scale GRG Engine, the method used for finite
differencing is determined by the Derivatives setting.

Forward differencing (the default choice) uses the point from the previous iteration — where the
problem function values are already known — in conjunction with the current point. Central
differencing relies only on the current point, and perturbs the decision variables in opposite directions
from that point. This requires up to twice as much time on each iteration, but it may result in a better
choice of search direction when the derivatives are rapidly changing, and hence fewer total iterations.

Setting this parameter to 3 tells the SDK that a Jacobian evaluator is being supplied to compute partial
derivatives and to call your Jacobian evaluator in place of your function evaluator. A parameter setting
of 4 signals to the SDK to call your function evaluator to compute partial derivatives via forward
differencing, then call your Jacobian evaluator and compare the results. If the derivatives do not match
within a small tolerance, the SDK will call the evaluator, Eval_Type_GradError to display the User’s
error messages.

Search Option

Name SearchOption
Default 0 — Newton
Min 0

Max 1 — Conjugate
Type Integer

It would be expensive to determine a search direction using the pure form of Newton’s method, by
computing the Hessian matrix of second partial derivatives of the problem functions. Instead, a
direction is chosen through an estimation method. The default choice, Newton, uses a quasi-Newton
(or BFGS) method, which maintains an approximation to the Hessian matrix; this requires more
storage (an amount proportional to the square of the number of currently binding constraints) but
performs very well in practice. The alternative choice, Conjugate, uses a conjugate gradient method,
which does not require storage for the Hessian matrix and still performs well in most cases. The
choice you make here is not crucial, since the LSGRG solver is capable of switching automatically
between the quasi-Newton and conjugate gradient methods depending on the available storage.

Step Size
Name StepSize
Default 1.0e-6
Min 1.0e-9
Max 1.0e-4
Type Double
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This parameter determines the "delta” or amount of change used in computing numerical derivatives
via finite differencing. Changing the step size to a very small value could result in the GRG engine
stopping prematurely. However, a large step size could result in Solver "stepping over" a good
solution. For the vast majority of models, this parameter should be left at the default value.

Multistart Search Parameters

This section discusses the Global Optimization options group and the Population Size and Random
Seed parameters that are used by the Large Scale GRG Solver Engine within the Solver SDK Platform
and the Standard GRG Solver Engine within the Solver SDK Pro.

These parameters control the multistart methods for global optimization, which will automatically run
the GRG Solver (or certain field-installable Solver engines) from a number of starting points in order
to seek the globally optimal solution.

Multistart Search

Name Multistart
Default 0 - Off
Min 0

Max 1-0On
Type Integer

If this parameter is set to 1, the multistart methods are used to seek a globally optimal solution. If this
parameter is set to 0, the other options described in this section are ignored. The multistart methods
will generate candidate starting points for the GRG Solver (with randomly selected values between the
bounds you specify for the variables), group them into "clusters" using a method called multi-level
single linkage, and then run the GRG Solver from a representative point in each cluster. This process
continues with successively smaller clusters that are increasingly likely to capture each possible locally
optimal solution.

Topographic Search

Name TopoSearch
Default 0 - Off
Min 0

Max 1-0On
Type Integer

If this parameter (and the Multistart parameter) are both set to 1, the multistart methods will make use
of a "topographic" search method. This method uses the objective value computed for the randomly
sampled starting points to compute a "topography" of overall "hills" and "valleys" in the search space,
in an effort to find better clusters and start the GRG Solver from an improved point (already in a "hill"
or "valley") in each cluster. Computing the topography takes extra time, but on some problems this is
more than offset by reduced time taken by the GRG Solver on each subproblem.

Require Bounds on Variables

Name RequireBounds
Default 1-0On
Min 0 - Off
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Max 1
Type Integer

This parameter is turned on, set to 1, by default, but it comes into play only when the Multistart Search
box is checked. The multistart methods generate candidate starting points for the GRG Solver by
randomly sampling values between the bounds on the variables that you specify. If you do not specify
both upper and lower bounds on each of the decision variables, the multistart methods can still be used,
but because the random sample must be drawn from an "infinite" range of values, this is unlikely to
effectively cover the possible starting points (and therefore have a good chance of finding all of the
locally optimal solutions), unless the GRG Solver is run on a great many subproblems, which will take
a very long time.

The tighter the bounds on the variables that you can specify, the better the multistart methods are likely
to perform. (This is also true of the Evolutionary Solver.) Hence, this option is turned on by default,
so that you will be automatically reminded to include both upper and lower bounds on all of the
variables whenever you select Multistart Search. If both the Multistart Search and Require Bounds on
Variables parameters are both set to 1, but you have not defined upper and lower bounds on all of the
variables, you will receive the Status result, Optimize_Status Bounds_Muissing.

If you get this result, you must either add both upper and lower variable bounds (or call
prob.VarDecision.NonNegative() to add lower bounds on the variables), or else set the Require Bounds
parameter to 0 and resolve.

Population Size

Name PopulationSize
Default 0

Min 0

Max 200

Type Integer

The multistart methods generate a number of candidate starting points for the GRG Solver equal to the
value that you enter for the parameter. This set of starting points is referred to as a "population,"
because it plays a role somewhat similar to the population of candidate solutions maintained by the
Evolutionary Solver. The minimum population size is 10 points; if you supply a value less than 10, or
do not pass the parameter at all, the multistart methods use a population size of 10 times the number of
decision variables in the problem, but no more than 200.

Random Seed

Name RandomSeed
Default 0

Min 0

Max 2,147,483,647
Type Integer

The multistart methods use a process of random sampling to generate candidate starting points for the
GRG Solver. This process uses a random number generator that is normally "seeded" using the value
of the system clock — so the random number sequence (and hence the generated candidate starting
points) will be different each time you click Solve. At times, however, you may wish to ensure that the
same candidate starting points are generated on several successive runs — for example, in order to test
different GRG Solver options on each search for a locally optimal solution. To do this, enter an integer
value into this box; this value will then be used to "seed" the random number generator each time you
click Solve.
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Evolutionary Solver Parameters

If the Evolutionary Solver is selected as the engine to solve the problem, all parameters described
above in the Common Parameters section as well as the parameters described in this section will be
available to the User.

As with the other Solver engines, the Max Time option determines the maximum amount of time the
Evolutionary Solver will run before stopping with the status result, Optimize_Status_Time_QOut. The
Iterations option rarely comes into play, because the Evolutionary Solver always uses the Max
Subproblems and Max Feasible Solutions parameters, whether or not the problem includes integer
constraints. (The count of iterations is reset on each new subproblem, so the Iterations limit normally
is not reached.) The Precision option plays the same role as it does in the other Solver engines —
governing how close a constraint value must be to its bound to be considered satisfied, and how close
to an exact integer value a variable must be to satisfy an integer constraint. Italso is used in
computing the "penalty" applied to infeasible solutions that are accepted into the population: A
smaller Precision value increases this penalty.

Convergence
Name Convergence
Default 0.0001
Min 0
Max 1
Type Double

The Evolutionary Solver will stop with the Status result, Optimize_Status_Converged, if nearly all
members of the current population of solutions have very similar "fitness" values. Since the
population may include members representing infeasible solutions, each "fitness" value is a
combination of an objective function value and a penalty for infeasibility. Since the population is
initialized with trial solutions that are largely chosen at random, the comparison begins after the Solver
has found a certain minimum number of improved solutions that were generated by the evolutionary
process. The stopping condition is satisfied if 99% of the population members all have fitness values
that are within the Convergence tolerance of each other.

If you believe that the Solver SDK is stopping prematurely with the status
Optimize_Status_Converged, you can make the Convergence tolerance smaller, but you may also want
to increase the Mutation Rate and/or the Population Size, in order to increase the diversity of the
population of trial solutions.

Population Size

Name PopulationSize
Default 0

Min 0

Max 200

Type Integer

The Evolutionary Solver maintains a population of candidate solutions, rather than a "single best
solution" so far, throughout the solution process. This option sets the number of candidate solutions in
the population. The minimum population size is 10 members; if you supply a value less than 10 for
this option, or not pass anything for the population, the Evolutionary Solver uses a population size of
10 times the number of decision variables in the problem, but no more than 200.

The initial population consists of candidate solutions chosen largely at random, but it always includes
at least one instance of the starting values of the variables (adjusted if necessary to satisfy the bounds
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on the variables), and it may include more than one instance of the starting values, especially if the
population is large and the initial values represent a feasible solution.

A larger population size may allow for a more complete exploration of the “search space" of possible
solutions, especially if the rate is high enough to create diversity in the population. However,
experience with genetic and evolutionary algorithms reported in the research literature suggests that a
population need not be very large to be effective — many successful applications have used a
population of 70 to 100 members.

Mutation Rate

Name MutationRate
Default 0.075

Min 0

Max 1.0

Type Double

The Mutation Rate is the probability that some member of the population will be mutated to create a
new trial solution (which becomes a candidate for inclusion in the population, depending on its fitness)
during each "generation™ or subproblem considered by the evolutionary algorithm. In the Evolutionary
Solver, a subproblem consists of a possible mutation step, a crossover step, an optional local search in
the vicinity of a newly discovered "best" solution, and a selection step where a relatively "unfit"
member of the population is eliminated.

There are many possible ways to mutate a member of the population, and the Evolutionary Solver
actually employs five different mutation strategies, including "permutation-preserving" mutation
strategies for variables that are members of an "alldifferent" group. The Mutation Rate is effectively
subdivided between these strategies, so increasing or decreasing the Mutation Rate affects the
probability that each of the strategies will be used during a given "generation" or subproblem.

Random Seed

Name RandomSeed
Default 0

Min 0

Max 2,147,483,647
Type Integer

The Evolutionary Solver makes extensive use of random sampling, to generate trial points for the
population of candidate solutions, to choose strategies for mutation and crossover on each
"generation," and for many other purposes. This process uses a random number generator that is
normally "seeded" using the value of the system clock — so the random number sequence (and hence
trial points and choices made by the Evolutionary Solver) will be different each time you click Solve.
Because of these random choices, the Evolutionary Solver will normally find at least slightly different
(and sometimes very different) solutions on each run, even if you haven’t changed your model at all.
At times, however, you may wish to ensure that exactly the same trial points are generated, and the
same choices are made on several successive runs. To do this, pass a positive integer value for this
parameter; this value will then be used to "seed" the random number generator each time you solve.

Require Bounds on Variables

Name RequireBounds
Default 1-0On
Min 0 - Off

302 o

SDK User's Guide



Max 1
Type Integer

If the parameter "Require Bounds on Variables" is set to 1, and some of the decision variables do not
have upper or lower bounds specified at the time you run the SDK, the Solver will stop immediately
with the Status result, Optimize_Status_Bounds_Missing. If this parameter is set to 0, the Solver will
not require upper and lower bounds on the variables, but will attempt to solve the problem without
them. Note that this parameter is turned on by default.

Bounds on the variables are especially important to the performance of the Evolutionary Solver. For
example, the initial population of candidate solutions is created, in part, by selecting values at random
from the ranges determined by each variable’s lower and upper bounds. Bounds on the variables are
also used in the mutation process — where a change is made to a variable value in some member of the
existing population —and in several other ways in the Evolutionary Solver. If you do not specify lower
and upper bounds for all of the variables in your problem, the Evolutionary Solver can still proceed,
but the almost-infinite range for these variables may significantly slow down the solution process, and
make it much harder to find "good" solutions. Hence, it pays for you to determine realistic lower and
upper bounds for the variables.

Local Search

Name LocalSearch
Default 3

Min 0

Max 3

Type Integer

0-Randomized Local Search, 1- Deterministic Pattern Search, 2-Gradient Local Search, 3-
Automatic Choice

This option determines the local search strategy employed by the Evolutionary Solver. As noted under
the Mutation rate option, a "generation” or subproblem in the Evolutionary Solver consists of a
possible mutation step, a crossover step, an optional local search in the vicinity of a newly discovered
"best" solution, and a selection step where a relatively "unfit" member of the population is eliminated.
You have a choice of strategies for the local search step. In the Solver SDK, you can use Automatic
Choice (the default), which selects an appropriate local search strategy automatically based on
characteristics of the problem functions.

Randomized Local Search

This local search strategy generates a small number of new trial points in the vicinity of the just-
discovered "best" solution, using a probability distribution for each variable whose parameters are a
function of the best and worst members of the current population. (If the generated points do not
satisfy all of the constraints, a variety of strategies may be employed to transform them into feasible
solutions.) Improved points are accepted into the population.

Deterministic Pattern Search

This local search strategy uses a "pattern search™ method to seek improved points in the vicinity of the
just-discovered "best" solution. The pattern search method is deterministic — it does not make use of
random sampling or choices — but it also does not rely on gradient information, so it is effective for
non-smooth functions. It uses a "slow progress" test to decide when to halt the local search. An
improved point, if found, is accepted into the population.
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Gradient Local Search

This local search strategy makes the assumption that the objective function — even if non-smooth — can
be approximated locally by a quadratic model. It uses a classical quasi-Newton method to seek
improved points, starting from the just-discovered "best™ solution and moving in the direction of the
gradient of the objective function. It uses a classical optimality test and a "slow progress" test to
decide when to halt the local search. An improved point, if found, is accepted into the population.

Automatic Choice

This option allows the Solver to select the local search strategy automatically in the Solver SDK. The
Solver uses diagnostic information from the Polymorphic Spreadsheet Interpreter to select a linear
Gradient Local Search strategy if the problem has a mix of non-smooth and linear variables, or a
nonlinear Gradient Local Search strategy if the objective function has a mix of non-smooth and smooth
nonlinear variables. It also makes limited use of the Randomized Local Search strategy to increase
diversity of the points found by the local search step.

Fix Nonsmooth Variables

Name FixNonsmooth
Default 0 - Off

Min 0

Max 1-0On

Type Integer

This parameter determines how non-smooth variable occurrences in the problem will be handled
during the local search step. If this parameter is set to 1, the non-smooth variables are fixed to their
current values (determined by genetic algorithm methods) when a nonlinear Local Gradient or linear
Local Gradient search is performed; only the smooth and linear variables are allowed to vary. If this
parameter is set to 0, all of the variables are allowed to vary.

Since gradients are undefined for non-smooth variables at certain points, fixing these variables ensures
that gradient values used in the local search process will be valid. On the other hand, gradients are
defined for non-smooth variables at most points, and the search methods are often able to proceed in
spite of some invalid gradient values, so it often makes sense to vary all of the variables during the
search. Hence, this parameter is set to 0 by default; you can experiment with its setting on your model.

Filtered Local Search

The Solver SDK applies two tests or "filters" to determine whether to perform a local search each time
a new point generated by the genetic algorithm methods is accepted into the population. The "merit
filter" requires that the objective value of the new point be better than a certain threshold if it is to be
used as a starting point for a local search; the threshold is based on the best objective value found so
far, but is adjusted dynamically as the Solver proceeds. The "distance filter" requires that the new
point’s distance from any known locally optimal point (found on a previous local search) be greater
than the distance traveled when that locally optimal point was found.

Thanks to its genetic algorithm methods, improved local search methods, and the distance and merit
filters, the Evolutionary Solver in the Solver SDK performs exceedingly well on smooth global
optimization problems, and on many non-smooth problems as well.

The local search methods range from relatively "cheap™ to "expensive" in terms of the computing time
expended in the local search step; they are listed roughly in order of the computational effort they
require. On some problems, the extra computational effort will "pay off" in terms of improved
solutions, but in other problems, you will be better off using the "cheap" Randomized Local Search
method, thereby spending relatively more time on the "global search™ carried out by the Evolutionary
Solver’s mutation and crossover operations.
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In addition to the Local Search options, the Evolutionary Solver employs a set of methods,
corresponding to the four local search methods, to transform infeasible solutions — generated through
mutation and crossover — into feasible solutions in new regions of the search space. These methods,
which also vary from "cheap™ to "expensive,"” are selected dynamically (and automatically) via a set of
heuristics. For problems in which a significant number of constraints are smooth nonlinear or even
linear, these methods can be highly effective. Dealing with constraints is traditionally a weak point of
genetic and evolutionary algorithms, but the hybrid Evolutionary Solver in the Solver SDK is
unusually strong in its ability to deal with a combination of constraints and non-smooth functions.

Global Search

Name GlobalSearch

Default 0 — Genetic Algorithm
Min 0

Max 1 — Scatter Search
Type Binary

If this option is set to 1 (Genetic Algorithm), then the Evolutionary Solver will use methods from the
literature on genetic algorithms (its traditional methods) to solve the model. Otherwise, the
Evolutionary Solver will use methods from the literature on scatter search. On some models, the
scatter search algorithm will result in better answers in less time when compared to the genetic
algorithm. However, for other models, the genetic algorithm may be more successful. Since the scatter
search algorithm tends to perform best, by a modest margin, on the majority of models, it is the default
choice. But we suggest you try both algorithms with your model to see which works better for you.

Model Based Search

Name ModelBasedSearch
Default 0 — None

Min 0

Max 2

Type Integer

0-None, 1- CPU Based, 2-GPU Based

This option takes effect only when the Legacy Mode option is set to False. When this option is set to
“None”, the new Scatter Search algorithm is used without any Model Based Search. When this option
is set to either “CPU Based” or “GPU Based”, an internal model of the problem is created (using the
Radial Basis Functions method) which closely fits the original problem. The Evolutionary Engine uses
this internal model to evaluate many points in parallel (either on the CPU or GPU - depending on the
option setting) rather than calling the Interpreter to evaluate each of these points sequentially. Only the
most promising of these points are sent to the Interpreter for actual evaluation using the new Scatter
Search Algorithm. This new search method typically results in better solutions in less time when
compared to using only the Scatter Search algorithm.

Evolutionary Parameters for Integer Problems

Where the other Solver engines use the Branch & Bound method to solve problems with integer
constraints, the Evolutionary Solver handles integer constraints on its own, and is subject to the limits
set in the following parameters, Max Subproblems, Max Feasible Solutions, Tolerance, Max Time
Without Improvement, and Solve Without Integer Constraints. Unlike the other Solver engines, the
Evolutionary Solver always works on a series of subproblems, even if there are no integer constraints
in the model — so these options are always important for the Evolutionary Solver.
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Max Subproblems

Name MaxSubproblems
Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer

The value for the Max Subproblems parameter places a limit on the number of subproblems that may
be explored by the evolutionary algorithm before the SDK stops with the Status result,
Optimize_Status Bpmips_Limit. In the Evolutionary Solver, a subproblem consists of a possible
mutation step, a crossover step, an optional local search in the vicinity of a newly discovered "best"
point, and a selection step where a relatively "unfit" member of the population is eliminated.

Max Feasible Solutions

Name MaxFeasibleSols
Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer

The value for the Max Feasible Solutions parameter places a limit on the number of feasible solutions
found by the evolutionary algorithm before the SDK stops with the status result,
Optimize_Status_Bpnode_Limit. A feasible solution is any solution that satisfies all of the constraints,
including any integer constraints.

Tolerance
Name IntTolerance
Default 0
Min 0
Max 1.0
Type Double

This option works in conjunction with the Max Time without Improvement option to limit the time the
evolutionary algorithm spends without making any significant progress. If the relative (i.e. percentage)
improvement in the best solution’s "fitness" is less than the Tolerance parameter’s value, the
Evolutionary Solver stops as described below. Since the population may include members representing
infeasible solutions, the "fitness" value is a combination of an objective function value and a penalty
for infeasibility.

Max Time without Improvement

Name MaxTimeNolmp
Default 30

Min 0

Max 2,147,483,647
Type Integer
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This option works in conjunction with the Tolerance option to limit the time the evolutionary
algorithm spends without making any significant progress. If the relative (i.e. percentage)
improvement in the best solution’s "fitness" is less than the Tolerance parameter value, the SDK stops
with the

Status result, Optimize_Status_No_Remedies unless the evolutionary algorithm has discovered no
feasible solutions at all, in which case the status is Optimize_Status_Unfeasible. If you believe that
this stopping condition is being met prematurely, you can either make the Tolerance value smaller (or
even zero), or increase the number of seconds allowed by the Max Time without Improvement option.

Solve Without Integer Constraints

Name SolveWithout
Default 0 - Off

Min 0

Max 1-0n

Type Integer

If you solve your Problem with this parameter set to 1, the Solver ignores integer constraints
(including alldifferent constraints) and solves the "relaxation” of the problem, which is often quite
useful.

Mixed Integer Problem Parameters

This section describes parameters used when solving integer programming problems for all Solver
engines except the LP Simplex and the LP/Quadratic Solver. The LP Simplex Solver's integer options
are described in the section, LP Simplex Solver MIP Parameters and the LP/Quadratic Solver’s integer
options are described in the section, LP/Quadratic Solver MIP Parameters above. This section
explains all of the options that pertain to the solution of problems with integer constraints.

Max Subproblems

Name MaxSubproblems
Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer

The value for the Max Subproblems parameter places a limit on the number of subproblems that may
be explored by the Branch & Bound algorithm before the SDK stops with the status result,
Optimize_Status Bpmips_Limit. Each subproblem is a "regular" Solver problem with additional
bounds on the variables. In a problem with integer constraints, the Max Subproblems limit should be
used in preference to the Iterations limit.

Max Feasible (Integer) Solutions

Name MaxIntegerSols

MaxFeasibleSols

Default 2,147,483,647
Min 0

Max 2,147,483,647
Type Integer
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The value for the Max Integer Solutions parameter places a limit on the number of "candidate™ integer
solutions found by the Branch & Bound algorithm before the SDK stops with the status result,
Optimize_Status_Bpnode_Limit. Each candidate integer solution satisfies all of the constraints,
including the integer constraints; the SDK retains the integer solution with the best objective value so
far, called the "incumbent.”

It is entirely possible that, in the process of exploring various subproblems with different bounds on
the variables, the Branch & Bound algorithm may find the same integer solution (set of values for the
decision variables) more than once; the Max Integer Solutions limit applies to the total number of
integer solutions found, not the number of "distinct” integer solutions.

Integer Tolerance

Name IntTolerance
Default 0

Min 0

Max 1.0

Type Double

When you solve an integer programming problem, it often happens that the Branch & Bound method
will find a good solution fairly quickly, but will require a great deal of computing time to find (or
verify that it has found) the optimal integer solution. The Integer Tolerance setting may be used to tell
the SDK to stop if the best solution it has found so far is "close enough.”

The Branch & Bound process starts by finding the optimal solution without considering the integer
constraints (this is called the relaxation of the integer programming problem). The objective value of
the relaxation forms the initial "best bound" on the objective of the optimal integer solution, which can
be no better than this. During the optimization process, the Branch & Bound method finds "candidate"
integer solutions, and it keeps the best solution so far as the "incumbent." By eliminating alternatives
as its proceeds, the B&B method also tightens the "best bound" on how good the integer solution can
be.

Each time the Solver finds a new incumbent — an improved all-integer solution — it computes the
maximum percentage difference between the objective of this solution and the current best bound on
the objective:

Objective of incumbent - Objective of best bound

Objective of best bound

If the absolute value of this maximum percentage difference is equal to or less than the Integer
Tolerance, the Solver will stop and report the current integer solution as the optimal result. In the
Solver SDK, the status result will be Optimize_Status_Incumb_Cand. If you set the Integer Tolerance
to zero, the Solver will continue searching until all alternatives have been explored and the optimal
integer solution has been found. This could take a great deal of computing time.

Integer Cutoff

Name IntCutoff
Default 2e+30
Min -2e-30
Max 2e+30
Type Double

This option provides another way to save time in the solution of mixed-integer programming problems.
If you know the objective value of a feasible integer solution to your problem — possibly from a
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previous run of the same or a very similar problem — you can enter this objective value for the Integer
Cutoff parameter. This allows the Branch & Bound process to start with an "incumbent” objective
value (as discussed above under Integer Tolerance) and avoid the work of solving subproblems whose
objective can be no better than this value. If you enter a value for this parameter, you must be sure that
there is an integer solution with an objective value at least this good: A value that is too large (for
maximization problems) or too small (for minimization) may cause the SDK to skip solving the
subproblem that would yield the optimal integer solution.

Solve Without Integer Constraints

Name SolveWithout
Default 0 - Off

Min 0

Max 1-0n

Type Integer

If you solve your Problem with this parameter set to 1, Solver SDK ignores integer constraints
(including alldifferent constraints) and solves the "relaxation” of the problem.

Common SDK Simulation Parameters

Lower Censor

Name LowerCensor
Default -1e+30

Min -1e+30

Max 1e+30

Type Double

Use this parameter to set a lower “censor” bound for values sampled from the probability for a specific
Uncertain Variable. A lower censor bound causes all random samples drawn from the distribution that
are less than this value to be set equal to this value. This means that there is a “buildup of probability
mass” at the lower bound. If you do not want this effect, use the Lower Cutoff option instead.

Upper Censor

Name UpperCensor
Default 1e+30

Min -1e+30

Max 1e+30

Type Double

Use this parameter to set an upper “censor” bound for values sampled from the probability for a
specific Uncertain Variable. An upper censor bound causes all random samples drawn from the
distribution that are greater than this value to be set equal to this value. This means that there is a
“buildup of probability mass” at the upper bound. If you do not want this effect, use the Upper Cutoff
option instead.
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CensorType

Name CensorType
Default 0

Min 0

Max 2

Type Integer

Use this parameter only if you want to set global default bounds on the probability distributions of all
uncertain variables. This option specifies the “units of measure” for the values you enter for the Lower
Censor and Upper Cutoff options. Set this parameter to O( None - the default) if you do not want to set
these global bounds.

If you set this parameter to 1 (Percentile), then the Lower Censor and Upper Censor values must be
between 0.01 and 0.99, and they specify percentiles of each uncertain variable’s probability
distribution. If you set this parameter to 2 (Std Deviation), then the Lower Censor and Upper Censor
can be any positive or negative value, and they specify the number of standard deviations away from
the mean for each uncertain variable.

When you use Censor bounds, random samples from the distribution that lie above the upper bound are
set equal to the upper bound, and samples that lie below the lower bound are set equal to the lower
bound,; this causes a “buildup of probability mass” at the bounds — which is appropriate in some
situations, but not in others.

Lower Cutoff

Name LowerCutoff
Default -1e+30

Min -1e+30

Max 1e+30

Type Double

Use this parameter to set a lower cutoff for values sampled from the probability for a specific
Uncertain Variable. A lower cutoff has the effect of re-scaling the distribution so that random samples
drawn from the distribution will never be less than the value you enter here. Because the distribution is
re-scaled, there is no “buildup of probability mass” at the lower cutoff, as there is for the Lower Censor
option.

Upper Cutoff

Name UpperCutoff
Default 1e+30

Min -1e+30

Max 1e+30

Type Double

Use this parameter to set an upper cutoff for values sampled from the probability for a specific
Uncertain Variable. An upper cutoff has the effect of re-scaling the distribution so that random samples
drawn from the distribution will never be greater than the value you enter here. Because the
distribution is re-scaled, there is no “buildup of probability mass” at the upper cutoff, as there is for the
Upper Censor option.
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Cutoff Type

Name CutoffType
Default 0

Min 0

Max 2

Type Integer

Use this parameter only if you want to set global default bounds on the probability distributions of all
uncertain variables. This option specifies the “units of measure” for the values you enter for the Lower
Cutoff and Upper Cutoff parameters. Set this parameter to O( None - the default) if you do not want to
set these global bounds.

If you set this parameter to 1 (Percentile), then the Lower Cutoff and Upper Cutoff values must be
between 0.01 and 0.99, and they specify percentiles of each uncertain variable’s probability
distribution. If you set this parameter to 2 (Std Deviation), then the Lower Cutoff and Upper Cutoff
can be any positive or negative value, and they specify the number of standard deviations away from
the mean for each uncertain variable.

When you use Cutoff bounds, random samples from the distribution are effectively rescaled to lie
within the lower and upper bounds.

Run Specific Simulation

Name RunSpecificSim
Default -1 - Off

Min -1

Max 2,147,483,647
Type Integer

When performing multiple simulations, use this parameter to run an individual simulation (i.e. 3rd
simulation of 10). A value of "-1" turns this parameter off.
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Using SolverServer Service

Introduction

Our SolverServer service allows any client machine (which can be a PC, phone, tablet, etc) to run
either a simulation or optimization model with the Solver SDK Platform (installed onto a machine
operating as the Server) without having the SDK installed on the client machine.

Installation and Startup

Please see the Installation chapter for instructions on how to install the Solver SDK Platform on the
machine that will be acting as the server. To start the SolverServer service automatically, click the
“Start the SolverService now” checkbox on the last installation dialog. It is also recommended that
you click the “Read me...” checkbox to open ReadMe.doc. This file includes important installation
information. Then click Finish.

1. Click Start/Programs/Accessories. Right click Command Prompt and choose Run as
Administrator from the menu.

2. Type the following at the prompt to change the directory to C:\Program Files\Frontline
Systems\Solver SDK Platform\SolverServer\Server\Bin, then press the Enter key.

cd C:\Program Files\Frontline Systems\Solver SDK Platform\SolverServer\Server\Bin

BN Administrator: Command Prompt E@éj

c:x>cd C:nProgram Files“Frontline Systems“Solver SDK Platform*SolverServer-Serve )i
~Bin

C:~Program Files“Frontline Systemz“Solver SDK Platform~SolverServer-Server-Binl>

3. To register and start SolverServer, type: SolverSetup.exe —i —r

Then press the Enter key.
& Administrator: Command Prompt Elglﬂ—hj

C:x2>cd C:xProgram Filesz“Frontline Systems:Solver SDK Platform:SolverServer:Serve|l
=~ Bin

C:“Program Files“Frontline Systems“Solver SDHK Platform~SolverServer-Server-Bin>§
olverServer.exe —i —r

Success: Service SolverServer installed

Buccess: Service SolverServer started

C:“FProgram Files“Frontline Systems“S8olver SDK Platform-~SoluerServer Server:Bin> [

This command installs and starts the Solver Server service. By default, the service opens ports
2052 and 2050 where port 2050 is the Administrative Port. (The Windows Firewall may ask to
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open port 2052. Please allow for local addresses.) Please see below for instructions on how to
change port settings in the section below, “Managing Solver Server”.

Commands

-i : Installs Solver Server as a service

-r : Starts Solver Server service

-k : stops Solver Server service

-u : uninstalls Solver Server from Windows Service Manager

To restart service, SolverServer must be uninstalled first (SolverServer.exe —u)

For a complete list of command line arguments, please type SolverServer.exe at the command
prompt, without any arguments.

SolverServer service can also be managed through Windows Service Manager. The SolverServer
service will be listed as “Frontline Solver SDK Server”. (Windows Service Manager can be found
on the Control Panel under Administrative Tools >> Services.)

r

Sh Services (=] i
File Action View Help
e EEc=Hm »onw®
£ Services (Local) . Services (Local)
Frontline Solver SDK Server Name B Description Status Startup Type logC =
. G Fax Enables you... Manual Netwn
Stop the senvice *1Frontline Solver SDK Server  Frontline Sy...  Started Autematic Local
Restart the service
% Function Discovery Provi..  The FDPHO.. Started Manual Local
% Function Discovery Resou... Publishesth... Started Autematic Local
EESU;_PUUS”: Solver SDK S % Group Policy Client Theservice .. Started Autornatic Local
rontline System's Solver Erver # - . i
for SOAP and Intranet (, Health Key and Certificate... Provrl:es X5 Manual Loc:l

\ Extended /(Standard /

—_————————

4. SolverServer is now running, click the “X” in the upper left hand corner of the DOS prompt to
close.

Managing SolverServer

The program SAdmin.exe allows Users to easily change settings, manage multiple servers, organize
the queue of client requests and solutions, etc. for the SolverServer service. This executable is
installed into C:\Program Files\Frontline Systems\Solver SDK Platform\SolverServer\Server\Bin.
Click Start >> Programs >> SolverSDK >> Solver Server Admin. If this is the first time that
SAdmin.exe has been run, the following blank dialog will appear.
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i ™
Solver Server Login et &._J.

Server: -
UID:

[
PWD:

||

|| [ Login ] l Cancel ]

| —

1. Server

e |f the local machine is the server, then enter: localhost:2050.

e If'the server is on a separate machine, then enter the name of the server or the server’s
IP address. For example: 10.1.1.1:2050 where “10.1.1.1” is the IP address of the server
or Frontline:2050 where “Frontline” is the name of the server.

e |f the server is on a website, such as www.solver.com, then enter www.solver.com:2050.

e ltis also possible to build SolverServer into your web server, please contact our product
support department at support@solver.com for more details.

2. UID

e By default, enter “sa” (without the quotes) for your User ID. This can be changed to a
more meaningful 1D within SAdmin.exe.

3. PWD

e By default, enter “sa” (without the quotes) for your password. This can be changed to a
more meaningful password within SAdmin.exe.

4. Click Login. The following dialog will open.

SAdmin

=
hy w8 S - S e

Settings Servers Jobs Users Certificates || Refresh New Open  Save Delete | Sever Client
9

Configuration Adtion Logs

5. Settings Click Settings on the Ribbon to open the Globals and Queue dialog.
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Home

(Y )
oy

Settings Servers Jobs  Users

o, 82 2 H | ] ﬂ’“ E ;‘

Certificates || Refresh New Open Save Delete | Sever Client Client
Sessions Tasks

Configuration

Globalsand Queue

Debug Info
[Flpebug sessions

Server Name:
My Solver Server

Debug Folder

{ Show Log Info I Ishnw Debug Sessions Info ‘

(Lomesotnn, | [pscou semme i |

Temp

Queve
Data Folder.

Data

Temp Folder:

Time solved task ive (days):

Time to deanup daly (hrimin): 13 »

Delete Temporary Data

1

Show Client Tasks

On this dialog, you can see/change the global and queue settings.

Server

Name: This is the name of your SolverServer. By default, the server name is

“My Solver Server”. This can be changed to something more meaningful to the user.

Debug

o

Info:

When Debug Sessions is checked, SolverServer will write out all
communications (all calls from clients and all responses from server) to your
hard disk in the Sessions folder located at C:\Program Files\Frontline
Systems\Solver SDK Platform\SolverServer\Server\Bin. Selecting this option
will reduce the performance of SolverServer considerably and will consume
considerable disk space. As a result, this option should only be checked when it
is required that the Administrator examine user communications. To display the
contents of the Sessions folder, click Show Debug Sessions Info.
(Alternatively, the Debug log may also be displayed by clicking the Client
Sessions icon on the Ribbon.) To change the name of the Sessions folder,
simply type the new name under Debug Folder.

Click Show Log Info to see a “short form™ history of all actions performed by
SolverServer. To delete the log history, click Delete Log Data. The log may
also be displayed by clicking the Server Log icon in the Logs group on the
Ribbon.

Temporary Data:

O
Queue:

o

This folder is not used in the Solver SDK Platform 2020.

The Data Folder (located at C:\Program Files\Frontline Systems\Solver SDK
Platform\SolverServer\Server\Bin\Data) holds input/output files from the queue.
The order of processing is First in — First out.

The settings for the Time solved task live (days) and the Time to cleanup daily
(hr:min) options determine the amount of time (in days) the solution files will
remain “live” on SolverServer. The default setting of -1 and 13:30 for Time
solved task live and Time to cleanup daily, respectively, indicates that the
solution files will be deleted from the Data folder the following day at 1:30 pm
(-1=1day & 13:30 = 1:30 pm).
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6.

To save any changed options, click Save in the Action group on the Ribbon. To set an option
back to its default (before the option has been saved), click Refresh. All options set through this
dialog can be viewed in the SolverServer.ini file located at C:\Program Files\Frontline
Systems\Solver SDK Platform\SolverServer\Server\Bin. If desired this file can be manually

edited through by opening the file in a text editor.

wooes, ™

File Edit Format Wiew Help

[GLOBAL]

Name=My Solver Server
DebugSessions=0
DebugFolder=5Sessions
TempFolder=Temp

[AdminServeri]
Name=>5olver Server Admin

Desc=Solver Server Admin on port 2050

Protocol=SOAP
Port=2050

[SolverServeri]
Name=My Solver Server
Protocol=S0OAP
Port=2052
NumClients=>5

Desc=Solver Server on port 2052, SOAP proto

[Queue]

DataFolder=Data
MaxTimeTaskLive=-1:13:30
CleanupTime=13:30
MaxWaitTimeInQueuesAfterRestart=1:0:0

L3

m

Click the Servers icon on the Ribbon to open the Servers dialog. This dialog displays all servers,

both active and inactive, in SolverServer.

Home

& QTR ERRREACE

Settings Servers Jobs  Users Certificates | Refresh New Open Save Delete || Server Client  Client

Log Sessions Tasks

Configuration Action Logs
Globals and Queue Servers -
Name Type Prote Port Active Description
o Solver Server Admin Admin SOAP 2050 Y Solver Server Admin on port 2050
L My Solver Server Client SOAP 2052 Y Solver Server on port 2052, SOAP proto

< [

The dialog above shows both the Server machine (Solver Server Admin) and the Client machine
(My Solver Server), their ports and whether they are active or not.

If you double click either machine (or click Open in the Action group on the Ribbon), the
following dialog will appear. Here you can change the Name of the machine, change the status of
the machine to active or inactive (by checking and unchecking the Active checkbox) and change

the Description.
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7.

s Bl
Edit Solver Server o— ﬂ

Name:

Solver Server Admin

Active

Description:

Salver Server Admin on port 2050

To add a new Server, click the New icon in the Action group on the Ribbon to display the
following dialog.

e v S e |

ke

Name:
§| Port: a
Proto: SOAP -
I .ﬁ.cﬁve
Description:

| = =] |
_

e Name: Enter the server name here.

e Port: Enterthe port number where the server will run here.

e Type: Select either Client (for a client machine) or Admin (for a server) from the menu.

e Proto: SDK supports only the SOAP protocol.
e Active: Uncheck the Active checkbox to deactivate the machine.

e Description: Enter a meaningful description here.

Click Create to create a new Server or Cancel to close the dialog without adding a new server.
To delete a server, simply select server to be deleted and click the Delete icon in the Action Group

on the Ribbon.

Click the Jobs icon on the Ribbon to open the Server Jobs dialog, as shown below.
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Home

YD BOoRE B

= =

Settings Servers Jobs Users Certificates | Refresh MNew Open Save Delete Server Client  Client
I Log Sessions Tasks
Configuration Action Logs
Globals and Queue Servers Server Jobs -
MName Type Active Priority Eval Time  Cache Description
S Jobl Local Y 0 20000ms. 200
i Job2 Local Y 0 20000ms. 200
S Job3 Local ¥ 0 20000ms, 200
i Jobd Local Y 0 20000ms. 200
'l T +

This dialog displays each Job and it’s properties in the queue. Double clicking Job1 will open the
following dialog. (Alternatively, select Jobl and click the Open icon within the Action group on
the Ribbon.) Here you can change the Name of the job, the Priority, the Eval Time, the number of
Cache Points, change the status to Inactive and give the Job a description.

"Edit Job |

Type: Local
Priority: 2
Eval Time: 20000 ms.
Cache Points: 200
I Acti\-'e
I Descripion:
I Ok | ’ Cancel I

e Name: Enter a more meaningful name for the job here.

e Type: In Version 2020 of the Solver SDK Platform, the default type of Local is the only
type permitted. This is subject to change in subsequent releases.

e Priority: Enter a value from 0-10 to designate the amount of “focus” time allotted to the
Job by the operating system. The operating system will assign more time to a Job when a
higher priority value is entered. Keep in mind, however, that when one Job is given a
higher priority, the waiting time in the queue could increase dramatically as all of the
“focus” will be given to the Job with the higher priority. Entering a value of O for this
option is the same as entering a priority level of 4.

o Eval Time: This option is only utilized when an evaluator is present, such as
eval_type_function, eval_type_iteration, eval_type_simulation, etc. (For a complete list
of evaluators, please see the chapter “Solver SDK Evaluators”.) When an evaluator is
present, SolverServer will perturb the variable values and then ask the client machine to
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calculate the constraints and objective. This option controls the amount of time that a
client machine must respond to the server. If this amount of time is exceeded, the server
will return with a “user stopped” status. The minimum value for this option is 0 ms, the
maximum value is 4,294,967,296 ms, and the default is 20,000 ms.

e Cache Points: This option is only utilized when an evaluator is present, such as
eval_type_function, eval_type _iteration, eval_type simulation etc. (For a complete list
of evaluators, please see the chapter “Solver SDK Evaluators™.) This option controls the
number of points in the cache allotted to the calculation of the evaluator. The more
number of points allotted, the less calls to the client machine will be required. However,
the more Cache points allotted for a specific job, the less cache will be available for the
remaining jobs. The minimum value for this option is 0, the maximum value is
4,294,967,296, and the default is 20,000.

e Active: A job setto “inactive” (by unchecking the Active checkbox) will remain in the
queue but will not be run.

e Description: Enter the job description here, if desired.

To create a new Job, click the New icon in the Action group on the Ribbon, change the desired
option settings, if any, then click Create to create the Job or Cancel to close the dialog without
creating a new Job.

To delete a job, simply select the job to be deleted and click the Delete icon in the Action Group
on the Ribbon.

8. Click the Users icon on the Ribbon to open the Users dialog, pictured below.

P

Home

L - =B j 2 5] G H a ‘
AT =, 5 | g =|

é@ gt ee. S E ~ 7 Y f’@ S| =

||| Settings Servers Jobs Users Certificates || Refresh Mew Open Save Delefe Server Client Client

Log Sessions Tasks
| Configuration Action Logs

Globals and Queue Servers Server Jobs Users

y s 3 Jsers - SAdmin EE

8

]

Double click the “sa” user to open the following dialog. Here you can change the User Name,
Password, and change the user to “inactive” by unchecking the Active checkbox.

-
Change User “ @

User Name:

sa

Password:

Confirm Password:

I Active |

o) [ |
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To create a new User, click the New icon in the Action group on the Ribbon, enter a User Name
and password, then click OK to create the User or Cancel to close the dialog without creating a
new User.

To delete a User, simply select the User to be deleted and click the Delete icon in the Action
Group on the Ribbon.

Click the Certificates icon on the Ribbon to open the Certificates dialog, as shown below.

~ Home
N IR I =

Settings Servers Jobs Users Certificates Refresh New Open Save Delete Server Client  Client
Log Sessions Tasks

| Configuration Action Logs

Globals and Queue Servers Server Jobs Users. Certificates

Name Type Active Crested Days Certificate

< [

A certificate is a license to call SolverServer from a client machine. In 2020, only Application
Certificates are supported. An application based certificate gives permission to the client machine
to run a specific application. 10 Application Certificates allowing an application to be accessed
for 60 days are available with a trial license for the Solver SDK Platform. For details on
purchasing a SolverServer license or additional certificates, please contact our Sales Department at
Sales@solver.com. You must use SolverServer to create the certificate, then include this
certificate in your application. Please see the example below.

First click the New icon in the Action Group on the Ribbon to open the following dialog.

,

Certification Type

I () Machine I

Certificate is Active

< Back [ Mext = ][ Cancel ]

(C

Certification Type: Only Application certificates are available for the Solver SDK Platform.
Please select, then click Next to display the following dialog.
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Application Name:

Frontline Systems SDK Examples

Days permitted:

&0

| <Back || Mext> | | canca |

Enter an Application Name, such as “Frontline Systems SDK Examples”. The Days Permitted
field allows the SolverServer Administrator to enforce a time limit on the certificate, if desired.
Enter “0” for a certificate that never expires. Click Next to display the following dialog.

Copy this certificate into your program:

QEVhaT 5hs0lhZExxR. 1R. 181 5PWm S

Copy to Clipboard

<Back || Finish | [ cancel

Click Copy to Clipboard to copy the applicaton certificate to the clipboard. Then click Finish.
The Applicatoin Certificate will appear on the Certificates dialog.

To open the certificate, simply highlight and click the Open icon on the Ribbon. To delete the
certificate, simply highlight and click the Delete icon on the Ribbon.

The certification key string created above must be included in your application. Without this
certification key string, the SolverServer will not function — all Solver SDK routines will return
without performing any actions. It is important that you keep your certification key string
confidential, and use it only within one specific application. Frontline Systems will hold users
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responsible for the use of any additional applications of the Solver SDK that recognize your
specific certification key string.

Example Code

See example code below for creating a new environment object and passing the license string.
Example code is provided for COM, Visual Basic, VB.NET, C/C++/C#, Java, and Matlab.

COM, Visual Basic, VBA and VB.NET Example Code

Dim env as New Environment ‘creates new environment

‘Adds new server, passing port settings and the certificate key string
env.Servers.Add(New SolverServer(“localhost”,2052,”insert certificate string here”))

env = nothing ‘destroys environment

Procedural C Example Code

HEnv* env;

SolverEnvInit(& env, L""); //creates new environment

//Adds new server, passing port settings and certificate key string
SolverEnvSolverServerAdd (env, L"localhost”, 2052, L”insert certificate string here”);

C++ Example Code

SolverPlatform.Environment env; //creates new environment

//Adds new server, passing port settings and certificate key string
env.Servers.Add(CSolverServer(L"localhost",2052,L"insert certificate string here”));

C# Example Code

//creates new environment

SolverPlatform.Environment env = new SolverPlatform.environment();

//Adds new server, passing port settings and certificate key string
env.Servers.Add(new SolverServer(“localhost”, 2052, “insert certificate string here”));

Java Example Code

//creates new Environment

SolverPlatform.Environment env = new SolverPlatform.Environment();

//Adds new server, passing port settings and certificate key string
env.Servers().Add(new SolverServer(“localhost,2052,”insert certificate string here”));

Matlab Object Oriented Example Code

env = Environment(); //creates new environment
//Adds new server, passing port settings and certificate key string
Add(env.Servers, SolverServer(“localhost”, 2052, “insert certificate string here"));

Destroy(env); destroys environment
y v

Matlab Procedural Example Code

env = SolverSDK("EnvInit"); //creates new Environment
//Adds new server, passing port settings and certificate key string
SolverSDK("SolverServerAdd", "localhost”, 2052, "certificate");
env = SolverSDK(‘EnvFree’); //destroys Environment

If integrating SolverServer into a Web server such as Microsoft 11S or Apache, please replace the
port setting of “localhost, 2052 with “Proxy http://localhost:80/MySoapService/SolverSoap.exe.
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For example:

C# Example Code

//Adds new server, passing port settings and certificate key string
env.Servers.Add(new SolverServer(Proxy
“http://localhost:80/MySOAPService/SolverSOAP.exe”,“insert certificate string here”));

More Information

SolverServer examples can be found at C:\Program Files\Frontline Systems\Solver SDK
Platform\SolverServer\Client\Examples in several different languages. See the section below for
information on calling Solver through PHP. If you continue to have any type of question or problem
with the SolverServer service or the Solver SDK Platform, please contact product support at
products@support.com.

Solving a Linear Model Using PHP

Users of Solver SDK Platform can communicate with Solver Server using SOAP in PHP. The PHP
programming language contains a utility (class) which allows users to connect to a SOAP server and
execute remote procedures on it. The name of this class is SoapClient. For more information on this
class, see: http://php.net/manual/en/class.soapclient.php.

If using 64 bit SDK, browse to C:\Program Files\Frontline Systens\Solver SDK
Platform\SolverServer\Client\Examples\php\Soap to open sixteen example files. (If using 32 bit SDK,
browse to C:\Program Files (x86)\Frontline Systems...) See below for a walk through of example 1.

1. To start, each of Frontline's PHP examples include Utils.php which is a PHP class containing a
few general procedures. This file was created exclusively for Frontline's PHP SDK examples.

<?php
Include 'Utils.php';

2. Next, we connect to SolverSDK.wsdl which is an XML file containing descriptions of all
methods executed by Solver Server.

try |
Sa = new SoapClient ("http://localhost:2052/SolverSDK.wsdl") ;

3. Afterwards, call the remote procedure, doSolve(), to pass your Solver Certificate, initiate a new
Problem, pass the complete model, and finally submit the model into the SolverServer queue to be
solved. Once solving is completed, the final result maybe displayed by calling the WriteFinal
function.

4. This example solves a linear programming model with two variables (x1 and x2) and three
constraints. Both final variable values must be 0 or larger. The example model being solved can
be found below.

Maximize 2 x1 + 3 x2

Subject To:

9x1l+ 6x2<=54
6x1l+ 7x2<=42
5x1+10x2<=50
x1, X2 non-negative

$s = $a->doSolve (array (

e 323


mailto:products@support.com
http://php.net/manual/en/class.soapclient.php

"Desc" =>
array (

"Certificate" =>

"aW9gfT1lEdlxiezY5aFIzeD15aV10XEIwMkMwNTZiN]jc7YSZjOUI0QS10cTYvQGxMaUF
PeXIyWURtNkAhRItRRERBUKNhSkAhd2JRR1V1cl1ZJOFxpYz9kWFNUSkBDSX11",

"Problem" => array(

"Solver" => array("SolverType" => 2), // Maximize
"Variables" => array/(
array (
"Name" => "Vars",

)y

"Functions"

)y

"Type" => 4, // Decision

"Size" => 2,

"NonNegative" => true
)

=> array (

array (

"Name" => "Constrs",

"Type" => 8, // Function Type Constraint
"Size" => 3,

"UpperBound" => array (54, 42, 50),

),

array (

"Name" => "Obj",

"Type" => 4, // Function Type Objective
"Size" => 1,

)

"Model" => array (

"AllLinear" => array (

array (

"FunctionType" => 8,

"VariableType" => 4,

"Matrix" => array(

"ArrayOrder" => 1, // Array Order ByRow
"Values" => array(9, 6, 6, 7, 5, 10)

)
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array (
"FunctionType" => 4,
"VariableType" => 4,

"Matrix" => array(

"ArrayOrder" => 1, // Array Order ByRow

"Values" => array (2, 3)

))

$s = WaitSolve($Sa, $s);

WriteFinal ("Example 1", $a, $s);
} catch (Exception $e) {

echo $e->getMessage () ;

?>

Let's go through the call to doSolve() section by section. In the first section, the call to doSolve is
initiated and the Solver Certificate is passed. For more information on obtaining a Solver Certificate,
please see the Introduction to the chapter above.

$s = $a->doSolve (array (
"Desc" =>
array(

"Certificate" =>
"aW9gfT1lEdlxiezY¥5aFIzeD15aV10XEIwMkMwNTZiNjc7YSZjOUI0QS10cTYvQGxMaUF
peXIyWURtNkAhR)tRRERBUKNhSkAhd2JRR1V1c1ZJOFxpYz9kWFNUSkBDSX11",

Next, a new Problem is created of type Maximize. Use SolverType = 1 for a minimization.
"Problem" => array (
"Solver" => array("SolverType" => 2), // Maximize

Next, we specify the variables in the model. A variable block named "Vars" is added to Problem. This
variable block contains 2 variables of type 4 (Variable_Type_Decision). Use Type = 2 for uncertain
variables and Type = 8 for recourse variables. To pass a lower bound of 0 on any variable that does
not currently have a lower bound, use the "NonNegative" array as shown below.

"Variables" => array(
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array (
"Name" => "Vars",
"Type" => 4, // Decision
"Size" => 2,
"NonNegative" => true
)

)

Next we add four Functions to Problem. The first three functions are constraints. Notice that we name
this function block "Constraints", the size of the block is equal to 3 (for 3 constraints) and the upper
bounds of the three constraints are given in the "UpperBound" argument. To pass a lower bound for a
constraint, use "LowerBound". Constraints may have both upper and lower bounds.

The 2" function block, "Obj" has a size equal to 1 and a Type equal to 4 (Function_Type_Objective).
Currently, the SDK only supports one objective function per Problem.

"Functions" => array(
array (
"Name" => "Constraints",
"Type" => 8, // Function Type Constraint
"Size" => 3,
"UpperBound" => array (54, 42, 50),
),
array (
"Name" => "Obj",
"Type" => 4, // Function Type Objective
"Size" => 1,
)
),

The example code below calls AllLinear to pass the constraint and objective coefficient matrices.
Note that the first call to AllLinear passes the coefficient matrix for FunctionType = 8
(Function_Type_Constraint) and VariableType = 4 (Variable_Type_Decision), or all three
constraints. The second call to AllLinear passes the coefficient matrix for FunctionType = 4
(Function_Type_Obijective) and VariableType = 4 (Variable_Type_Decision), or the objective
function. The values are passed "ByRow" meaning that the coefficients are passed row by row.
The first constraint has coefficieints of 9 and 6; the coefficients for the 2" constraint are 6 and 7;
and the coefficients for the 3 constraint are 5 and 10. It's also possible to pass coefficients by
column. If we were passing coefficients "ByCol", "-1" must be passed to the ArrayOrder array.
The Values array would change to:

"Matrix" => array(
"ArrayOrder" => -1, // Array Order ByCol
"Values" => array(9, 6, 5, 6, 7, 10)

Note: This example is passing the coefficient matrix in "dense" mode, meaning that all
coefficients, even 0's, must be included in the Values array. It is also possible to pass the
coefficient matrix in "sparse™ model. See below for information on passing a sparse coefficient
matrix.
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Calling AllLinear sets the problem type to "linear” (Problem_Type_OptLP). Consequently, the
SDK will automatically choose the best linear engine available to solve the problem. If no

additional "plug in™ engines have been added, then the LP/Quadratic engine will be selected in the

Solver SDK Platform and the LP Simplex engine will be selected in the Solver Platform Pro.

"Model" => array (
"AllLinear" => array/(
array (
"FunctionType" => 8,
"VariableType" => 4,
"Matrix" => array(
"ArrayOrder" => 1, // Array Order ByRow
"Values" => array(9, 6, 6, 7, 5, 10)
)
)y
array (
"FunctionType" => 4,
"VariableType" => 4,

"Matrix" => array(
"ArrayOrder" => 1, // Array Order ByRow

"Values" => array(2, 3)

5. WaitSolve() calls the remote Solver Server SOAP procedure getSolveStatus() and waits till the
server has finished solving. During the solution process, WaitSolve provides SolverServer with
intermediate data, such as function values at a given point.

Once the Problem has been solved, the final result is printed using the WriteFinal function.
$s = WaitSolve ($a, $s);

WriteFinal ("Example 1", $a, $s);

}

Finally, we call our "catch" to catch and return any errors.
catch (Exception S$e) {

echo $e->getMessage();
>

Passing a Sparse Coefficient Matrix

When passing in sparse mode, you are not required to pass the 0 coefficients. For example, let's
assume that our three constraints were:

9x1+ 0x2 <=54
6x1+ 7x2 <=42
0x1+10x2<=50
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Notice the 0 coefficients for x2 in the first constraint and x1 in the third constraint. By using the
MajorStarts and Minorindices arrays, you'll only need to supply the non-zero coefficient values in the
Values array.

The MajorStarts array holds the index values for the nonzero coefficient that comes first in each
constraint. First, you'll need to assign an index to each coefficient starting with "0" for the coefficient
for x1 in the first row, 9. Moving row-wise, the next coefficient is 0. Since this coefficient is not
nonzero, we will skip this one and move to the next, which is the first coefficieint for the 2" constraint,
6. We will assign an index = 1 for this coefficient. Moving row-wise again, the next nonzero
coefficient is 7. We will assign an index = 2 for this coefficient. Moving to our third constraint, the
next coefficient is 0, which we will skip, and move on to 10, assigning an index of 3. Our MajorStarts
array will contain the indices 0 (for coefficient x1 in constraint 1), 1 (for coefficient x1 in constraint 2),
and 3 (for coefficient x2 in constraint 3). Since we are passing the coefficient matrix, "ByRow", the
number of entries in the MajorStarts array will be equal to the number of constraints. (If we were
passing "ByCol", the number of entries in the MajorStarts array would be equal to the number of
variables.)

The MinorStarts array holds the index values for the nonzero coefficients that come first in each
column. Using the indices from the paragraph above, our MinorStarts array would equal: 0 and 2.
These are the indices of the coefficients that appear first in each column. Since we are passing the
coefficient matrix, "ByRow", the number of entries in the MinorIndices array will be equal to the
number of Variables. (If we were passing "ByCol", the number of entries in the this array would equal
the number of constraints.)

Finally, we pass the actual coefficient values in the Values array.

"Matrix" => array(
"ArrayOrder" => 1, // Array Order ByRow
"MajorStarts" => array (0, 1, 3)
"MinorIndices" => array (0, 2)
"Values" => array(9, 6, 7, 10)
)
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Appendix

Setting the Problem Type

C#

problem.ProblemType = Problem Type.OptNLP;

Procedural APl in C

In the Procedural API, SolverProbTypeSet also sets the Solver Type (minimize or maximize) as well as
the problem type.

SolverProbTypeSet (prob, Solver Type Minimize,Problem Type OptNLP);

COMin VB

problem.ProblemType = Problem Type OptNLP;
Back to Setting the Problem Type

Selecting the Engine

C#

prob.Engine = prob.Engines[Engine.LPName];

prob.Engine prob.Engines[Engine.GRGName] ;

prob.Engine = prob.Engines[Engine.LPQPName];

prob.Engine prob.Engines[Engine.EVOName] ;

prob.Engine prob.Engines[Engine.SOCPName] ;

Procedural APl in C

SolverProbEngineSet (prob, L"LP Simplex");

SolverProbEngineSet (prob, L"GRG Nonlinear");
SolverProbEngineSet (prob, L"LP/Quadratic");
SolverProbEngineSet (prob, L"Evolutionary");

SolverProbEngineSet (prob, L"SOCP Barrier");
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COMin VB

prob.Engine = prob.Engines.Item("LP Simplex")

prob.Engine = prob.Engines.Item ("GRG Nonlinear")

prob.Engine = prob.Engines.Item("LP/Quadratic")

prob.Engine = prob.Engines.Item("Evolutionary")

prob.Engine = prob.Engines.Item("SOCP Barrier)

Back to Selecting an Engine.

Selecting a Large Scale Engine

C#

Engine engGurobi = new Engine ("Gurobi","C:\\Program Files\\Frontline

Systems\\Engines\\gurobieng.dll");

problem.Engine = problem.Engines [problem.Engines.Add (engGurobi)];

See the chart below to select any of the remaining seven Large Scale engines.

KNITRO | Engine engKnitro = new Engine ("KNITRO","C:\\Program Files\\Frontline
Systems\\Engines\\knitroeng.dll");
problem.Engine = problem.Engines|[problem.Engines.Add (engGurobi)];
LSGRG Engine engLSGRG = new Engine ("LSGRG","C:\\Program Files\\Frontline
Systems\\Engines\\lsgrgeng.dll");
problem.Engine = problem.Engines[problem.Engines.Add (engLSGRG)];
LSLP Engine engLSLP = new Engine ("KNITRO","C:\\Program Files\\Frontline
Systems\\Engines\\lslpeng.dll");
problem.Engine = problem.Engines[problem.Engines.Add (engLSLP)];
LSSQP Engine engLSSQP = new Engine ("LSSQP","C:\\Program Files\\Frontline
Systems\\Engines\\lssgpeng.dll") ;
problem.Engine = problem.Engines[problem.Engines.Add (engLSSQP)];
MOSEK | Engine engMosek = new Engine ("MOSEK","C:\\Program Files\\Frontline
Systems\\Engines\\mosekeng.dll") ;
problem.Engine = problem.Engines[problem.Engines.Add (engMosek)];
OptQuest | Engine engOptQuest = new Engine ("OptQuest","C:\\Program

Files\Frontline Systems\\Engines\\optquesteng.dll");
problem.Engine = problem.Engines[problem.Engines.Add (engOptQuest)];
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Xpress Engine engXpress = new Engine ("Xpress","C:\\Program
Files\\Frontline Systems\\Engines\\xpresseng.dll");

problem.Engine = problem.Engines[problem.Engines.Add (engXpress)];

Procedural APl in C

ret = SolverEngineAdd (prob, L"Gurobi", L"C:\\Program
Files\\Frontline Systems\\Engines\\gurobieng.dll");

ret= SolverProbEngineSet (prob, L"Gurobi");

See the chart below to select any of the remaining seven Large Scale engines.

ret = SolverEngineAdd (prob, L"KNITRO", L"C:\\Program

Files\\Frontline Systems\\Engines\\knitroeng.dll");
KNITRO ret= SolverProbEngineSet (prob, L"KNITRO") ;

ret = SolverEngineAdd (prob, L"LSGRG", L"C:\\Program

Files\\Frontline Systems\\Engines\\LSGRGeng.dll");
LSGRG

ret= SolverProbEngineSet (prob, L"LSGRG") ;

ret = SolverEngineAdd (prob, L"LSLP", L"C:\\Program

Files\\Frontline Systems\\Engines\\lslpeng.dll");
LSLP ret= SolverProbEngineSet (prob, L"LSLP");

ret = SolverEngineAdd (prob, L"LSSQP", L"C:\\Program

Files\\Frontline Systems\\Engines\\lssgpeng.dll");
LSSQP ret= SolverProbEngineSet (prob, L"LSSQP");

ret = SolverEngineAdd (prob, L"MOSEK", L"C:\\Program

Files\\Frontline Systems\\Engines\\mosekeng.dll");
MOSEK ret= SolverProbEngineSet (prob, L"MOSEK");

ret = SolverEngineAdd (prob, L"OptQuest", L"C:\\Program

Files\\Frontline Systems\\Engines\\optquesteng.dll");
OptQuest ret= SolverProbEngineSet (prob, L"OptQuest"):;

ret = SolverEngineAdd (prob, L"Xpress", L"C:\\Program

Files\\Frontline Systems\\Engines\\xpresseng.dll");
Xpress ret= SolverProbEngineSet (prob, L"Xpress");
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COMin VB

Since Visual Basic does not support constructors, we use the .Init property to initialize engGurobi to
the Gurobi engine located at the path C:\Program Files\Frontline Systems\Solver Platform
SDK\Bin\gurobieng.dll.  The third and fourth lines of code add the Gurobi engine to the collection

and then select the engine to solve the problem, respectively.
Dim engGurobi As New Engine

engGurobi.Init "Gurobi", "C:\Program Files\Frontline
Systems\Engines\gurobieng.dl1l"

prob.Engines.Add engGurobi
prob.Engine = prob.Engines ("Gurobi")

See the chart below to select any of the remaining seven Large Scale engines.

KNITRO Dim engKnitro As New Engine

Systems\Engines\knitroeng.dl1l"
prob.Engines.Add engKnitro
prob.Engine = prob.Engines ("KNITRO")

engKnitroInit "KNITRO", "C:\Program Files\Frontline

LSGRG Dim engLSGRG As New Engine

Systems\Engines\lsgrgeng.dl1l"
prob.Engines.Add engLSGRG
prob.Engine = prob.Engines ("LSGRG")

engLSGRG.Init "LSGRG", "C:\Program Files\Frontline

LSLP Dim engLSLP As New Engine

Systems\Engines\lslpeng.dll"
prob.Engines.Add engLSLP
prob.Engine = prob.Engines ("LSLP")

engLSLP.Init "LSLP", "C:\Program Files\Frontline

LSSQP Dim engLSSQP As New Engine

Systems\Engines\lssgpeng.dll"
prob.Engines.Add engLSSQP

prob.Engine = prob.Engines ("LSSQP")

engLSSQP.Init "LSSQP", "C:\Program Files\Frontline

MOSEK Dim engMOSEK As New Engine

Systems\Engines\mosekeng.dl1l"
prob.Engines.Add engMOSEK

prob.Engine = prob.Engines ("MOSEK")

engMOSEK.Init "MOSEK", "C:\Program Files\Frontline

OptQuest | Dim engOptQuest As New Engine

Systems\Engines\optquesteng.dll"
prob.Engines.Add engGurobi

prob.Engine = prob.Engines ("OptQuest")

engOptQuest.Init "OptQuest", "C:\Program Files\Frontline
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Xpress Dim engXpress As New Engine

engXpress.Init "Xpress", "C:\Program Files\Frontline
Systems\Engines\Xpresseng.dll"

prob.Engines.Add engXpress

prob.Engine = prob.Engines ("Xpress")

Back to Selecting a Large Scale Engine.

Using Discovery Method

C#

ret = prob.Engines.Discover ("c:\\program files\\frontline
systems\\Engines”) ;

//Replace “Gurobi Solver” in the line of code below with the desired
engine name: “KNITRO Solver”, “Large Scale GRG Solver”, “Large
Scale LP Solver”, “Large Scale SQP Solver”, “Mosek Solver”,
“OptQuest Solver”, or “Xpress Solver”

prob.Engine = prob.Engines ("Gurobi Solver");

Procedural APl in C

ret = SolverEngineDiscover (prob, L"C:\\Program Files\\Frontline
Systems\\Engines") ;

//Replace “Gurobi Solver” in the line of code below with the desired
engine name: “KNITRO Solver”, “Large Scale GRG Solver”, “Large
Scale LP Solver”, “Large Scale SQP Solver”, “Mosek Solver”,
“OptQuest Solver”, or “Xpress Solver”

SolverProbEngineSet (prob, L"Gurobi Solver");

COMin VB

ret = prob.Engines.Discover ("C:\Program Files\Frontline
Systems\Engines")

‘Replace “Gurobi Solver” in the line of code below with the desired
engine name: “KNITRO Solver”, “Large Scale GRG Solver”, “Large
Scale LP Solver”, “Large Scale SQP Solver”, “Mosek Solver”,
“OptQuest Solver”, or “Xpress Solver”

prob.Engine = prob.Engines ("Gurobi Solver")

Back to Using Discovery Method.
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Using an Evaluator to Check the Progress of an
Optimization

C#

problem.Evaluators[Eval Type.Iteration].OnEvaluate += new
EvaluateEventHandler (Evallteration Evaluate);

private Engine Action Evallteration OnEvaluate (Evaluator evaluator)
{

MessageBox.Show ("Callback Evaluator Called. Iteration = " +
evaluator.Problem.Engine.Stat.Iterations + ", Objective = " +
evaluator.Problem.FcnObjective.Value[0]) ;

MessageBox.Show ("varvalue " +
evaluator.Problem.VarDecision.Value[0]);

return Engine Action.Continue;
}

Back to Using an Evaluator to Check the Progress of an Optimization

Procedural APl in C

SolverEvaluatorAdd (prob, EvallIteration, NULL, Eval Type Iteration);

_Engine Action Evallteration (HProblem prob, void* refuser,
_Eval Type evaltype )

{
double obj[1l];
double x[2];

ret = SolverEngStat (prob, L"LP/Quadratic", NULL, &piterations,
NULL, NULL, NULL, NULL, NULL);

printf ("Iterations = %g\n", piterations);
SolverFcnValueGet (prob, L"Objective", obj);
SolverVarValue (prob, L"Vars", x);

cout << "CallBack: Obj[0]

" << 0obj[0] << endl;

cout << "X[0] = " << x[0]

" << x[0] << endl;
cout << "X[1l] = " << x[1l] = " << x[1l]<< endl;
return Engine Action Continue;

}

SolverEngsStat() "gets" several types of engine statistics.

SolverEngStat (HProblem prob, LPCWSTR enginename, /*[out]*/
int*pmilliseconds, /*[out]*/ int* piterations, /*[out]*/ int*
psubproblems, /*[out]*/ int* plocalsols, /*[out]*/ int*
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pfuncevals, /*[out]*/ int* pjacevals, /*[out]*/ int*
phessevals) ;

pmilliseconds ~ Time in milliseconds.

piterations Number of iterations in an optimization problem and number of trials in a simulation

problem.

psubproblems  Number of subproblems in an optimization problem.

plocalsols Number of local solutions in a nonlinear optimizatio problem.
pfuncevals Number of calls to the evaluator of type Eval_Type_Function.
pjacevals Number of calls to the evaluator of type Eval_Type_Gradient.
phessevals Number of calls to the evaluator of type Eval_Type_Hessian.

Back to Using an Evaluator to Check the Progress of an Optimization

COMin VB

Set Evallteration = New SolverPlatform.evaluator

prob.Evaluators.Item(Eval Type Iteration) = Evallteration

Private Function Evallteration Evaluate (ByVal evaluator As
SolverPlatform.IEvaluator) As SolverPlatform.Engine Action
Msgbox ("Callback Evaluator Called. Iteration = " & _

evaluator.Problem.Engine.Stat.Iterations)

Msgbox ("Objective = " &
evaluator.Problem.FcnObjective.Value (0))

Evallteration Evaluate = Engine Action Continue

End Function

Back to Using an Evaluator to Check the Progress of an Optimization

Using a Function Evaluator to Compute the Objective
and Constraints

C#

problem.Evaluators[Eval Type.Function].OnEvaluate += new
EvaluateEventHandler (evalNLP Evaluate);

Engine Action evalNLP OnEvaluate (Evaluator evaluator)
{

Problem p = evaluator.Problem;

double[] pVar = p.VarDecision.Value.Array;

double[] pFcn = p.FcnConstraint.Value.Array;

pFcn([0] = pVar[0] + pVar[l];
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pFcn[l] = pVar[0] * pVar[l];
p.FcnObjective.Value[0] = pVar[0] * pVar[0] + pVar[l] * pVar[l];
p.FcnConstraint.Value.Array = pFcn;
return Engine Action.Continue;
}
Back to Using an Function Evaluator to Compute the Objective and Constraints

Procedural APl in C

SolverEvaluatorAdd (prob, evalNLP, NULL, Eval Type Function);

_Engine Action evalNLP (HProblem prob, void* refuser, Eval Type
evaltype )

double var([2];
double fcn[2];
double obj[1l];

SolverVarValue (prob, L"Vars", wvar);

fen[0] = var[0] + var([l];
fen[l] = var([0] * var[l];
obj[0] = var[0]*var[0] + var[l]*var[l];

SolverFcnValueSet (prob, L"Constraints", fcn);
SolverFcnValueSet (prob, L"Objective", obj);
return Engine Action Continue;

}

Back to Using an Function Evaluator to Compute the Objective and Constraints

COMin VB
Set evalNLP = New SolverPlatform.evaluator

prob.Evaluators.Item(Eval Type Function) = evalNLP

Private Function evalNLP Evaluate (ByVal Evaluator As
SolverPlatform.IEvaluator) As Engine Action

Dim p As Problem

p = Evaluator.Problem

Dim pVar () As Double

pVar = p.VarDecision.Value.Array
Dim Fcn(l) As Double

pFcn (0) = Vvar(0) + Var(l)
pFcn(l) = Vvar(0) * Var(l)
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Dim obj As Double
p.FcnObjective.Value (0) = pVar(0) * pVar(0) + pVar(l) * pVar(l)
p.FcnConstraint.Value.Array = pFcn
NLPEvaluator Evaluate = Engine Action Continue
End Function

Back to Using an Function Evaluator to Compute the Objective and Constraints

Using a Gradient Evaluator to Provide First Order Partial
Derivatives

C#

problem.Evaluators[Eval Type.Gradient].OnEvaluate += new
EvaluateEventHandler (evalJac Evaluate);

Engine Action evalJac OnEvaluate (Evaluator evaluator)

{

DoubleMatrix objGrad =
evaluator.Problem.Model.AllGradValue [Function Type.Objective];

objGrad[0, 0] = 2.0 * evaluator.Problem.VarDecision.Value[O0];
objGrad[0, 1] = 2.0 * evaluator.Problem.VarDecision.Value[l];

DoubleMatrix matGrad =
evaluator.Problem.Model.AllGradValue[Function Type.Constraint]

matGrad[0, 0] = 1.0;
matGrad[0, 1] = 1.0;
matGrad[l, 0] = evaluator.Problem.VarDecision.Value[l];
matGrad[l, 1] = evaluator.Problem.VarDecision.Value[O0];

return Engine Action.Continue;

}
Back to Using a Gradient Evaluator to Provide First Order Partial Derivatives.

Procedural APl in C

SolverEvaluatorAdd (prob, evalJac, NULL, Eval Type Gradient);

_Engine Action evalJac (HProblem prob, void* refuser, Eval Type
evaltype )

double Var[2];
double objgradl[2];
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double matval([4];

SolverVarValue (prob, L"Vars", Var);
objgradl[0] 2.0 * var[0];
objgradl[1l]

2.0 * Var[1l];
//notice that the matval array is passed "column-wise"

//matval[0] and matval]

2] are the partial derivatives for the
//first constraint, x + y
3]

//matval[l] and matval]
//second constraint, x * y

are the partial derivatives for the

matval[0] = 1.0;
matval([l] = Var[l];
matval([2] = 1.0;
matval[3] = Var[0];

SolverModAllGradientSet (prob, Function Type Objective,
Variable Type Decision, objgrad);

SolverModAllGradientSet (prob, Function Type Constraint,
Variable Type Decision, matval);

return Engine Action Continue;
}
Back to Using a Gradient Evaluator to Provide First Order Partial Derivatives

COMin VB

Set evalJdac = New SolverPlatform.evaluator

prob.Evaluators.Item(Eval Type Gradient) = evalJac

Private Function evalJac Evaluate (ByVal Evaluator As
SolverPlatform.IEvaluator) As Engine Action

Dim Var () As Double
Var = evaluator.Problem.VarDecision.Value.Array

With evaluator.Problem.Model.AllGradValue (Function Type Objective,
Variable Type Decision)

.Value (0, 0) = 2# * Var (0)
.Value (0, 1) = 2# * Var (1)
End With

With evaluator.Problem.Model.AllGradValue (Function Type Constraint,
Variable Type Decision)

.Value (0, 0) = 1#
.Value (0, 1) = 1#
.Value(l, 0) = Var(l)
.Value(l, 1) = Var(0)
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End With

evalJac_ Evaluate = Engine Action Continue
End Function

Back to Using a Gradient Evaluator to Provide First Order Partial Derivatives.

Using a Hessian Evaluator to Provide Second Order
Partial Derivatives

Solving a Quadratic Problem with a Hessian Evaluator

C#

int nvars = 5, ncons = 2;

double[] objcoeff = { 0.0, 0.0, 0.0, 0.0, 0.0 };

double[] ub_constraints = { 1.0, Constants.PINF };

double[] 1lb_ constraints = { 1.0, 0.085 };

double[] concoeff = {( 1.0, 1.0, 1.0, 1.0, 1.0,0.086, 0.071, 0.095,

0.107, 0.069 };
double[] 1b { 0.0, 0.0, 0.0, 0.0, 0.0 };
double[] ub = { 1.0, 1.0, 1.0, 1.0, 1.0 };

try
{

using (Problem problem = new Problem(Solver Type.Minimize, nvars,
ncons))

problem.FcnConstraint.UpperBound.Array = ub constraints;
problem.FcnConstraint.LowerBound.Array = lb constraints;
problem.VarDecision.UpperBound.Array = ub;

1b;

problem.VarDecision.LowerBound.Array

problem.Model.AllLinear [Function Type.Objective] = new
DoubleMatrix (Array Order.ByCol, 1, nvars, objcoeff);

problem.Model.AllLinear [Function Type.Constraint] = new
DoubleMatrix (Array Order.ByRow, ncons, nvars, concoeff);

problem.ProblemType = Problem Type.OptQP;

problem.Evaluators[Eval Type.Hessian].OnEvaluate += new
EvaluateEventHandler (HessEvaluator Evaluate);

problem.Solver.Optimize () ;

//See the chapter, Calling the Solver SDK through C# for example
code //obtaining the optimization status and results.
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Engine Action evalHess OnEvaluate (Evaluator evaluator)
{

Problem prob = evaluator.Problem;

double[] gmatval =

{

0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,

-0.000014, -0.000539, -0.000075, 0.000237, 0.000509
}i
if (prob.Solver.FunctionType == Function Type.Objective)
prob.Model.FcnHessValue [Function Type.Objective, 0] =
new DoubleMatrix (Array Order.ByCol, 5, 5, gmatval); ;
return Engine Action.Continue;
}

Back to Solving a Quadratic Problem with a Hessian Evaluator.

Procedural APl in C

_Optimize Status status;
double x[5];
HProblem prob;

int nvars = 5, ncons = 2;

double objcoeffl] = { 0.0, 0.0, 0.0, 0.0, 0.0 };

double ub_ constraints[] = { 1.0, 1E+30 };

double 1lb constraints[] = {1.0, 0.085};

double concoeff[] = { 1.0, 1.0, 1.0, 1.0, 1.0, 0.086, 0.071, 0.095,
0.107, 0.069 1};

double ub[] = { 1.0, 1.0, 1.0, 1.0, 1.0 };

double 1b ][]

{ 0.0, 0.0, 1.0, 1.0, 1.0 };

SolverProblem (&prob) ;

SolverProbTypeSet (prob, Solver Type Minimize, Problem Type OptQP);
SolverVariableAdd (prob, L"Vars", Variable Type Decision, nvars);
SolverVarUpperBoundSet (prob, L"Vars", ub);
SolverVarLowerBoundSet (prob, L"Vars", 1b);

SolverFunctionAdd (prob, L"Objective", Function Type Objective, 1);
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SolverFunctionAdd (prob, L"Constraints", Function Type Constraint,
ncons) ;

SolverFcnLowerBoundSet (prob, L"Constraints", lb constraints);
SolverFcnUpperBoundSet (prob, L"Constraints", ub constraints);
SolverModArrayOrder (prob, Array Order ByRow);

SolverModAllLinearSet (prob, Function Type Constraint,
Variable Type Decision, concoeff);

SolverEvaluatorAdd (prob, evalHess, NULL, Eval Type Hessian);
SolverOptimize (prob, &status, &objval);

//See the chapter, Calling the Solver SDK through the //Procedural
API to see example code obtaining the optimization //status and
results.

}

Engine Action evalHess (HProblem prob, void* refuser, Eval Type
evaltype )

_Function Type fcnType;
double gmatvall[] =

{ 0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,

-0.000014, -0.000539, -0.000075, 0.000237, 0.000509 };

SolverFunctionType (prob, &fcnType);
if ( fcnType == Function Type Objective)

SolverModFcnHessianSet (prob, fcnType, Variable Type Decision,
0, gmatval);

return Engine Action Continue;
}

Back to Solving a Quadratic Problem with a Hessian Evaluator.

COMin VB

Dim objcoeff As SolverPlatform.DoubleMatrix
Set objcoeff = New SolverPlatform.DoubleMatrix
concoeff.Create Rows:=1, Columns:=5
objcoeff.value (0, 0) =
objcoeff.value (0, 1) =
objcoeff.value (0, 2) =

o O o O

objcoeff.value (0, 3) =
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objcoeff.vValue (0, 4) =0

Dim concoeff As SolverPlatform.DoubleMatrix

Set concoeff = New SolverPlatform.DoubleMatrix

concoeff.Create Rows:=2, Columns:=5

concoeff.vValue (0, 0) = 1#
concoeff.vValue (0, 1) = 1#
concoeff.vValue (0, 2) = 1#
concoeff.Value (0, 3) = 1#
concoeff.vValue (0, 4) = 1#
concoeff.Value(l, 0) = 0.0806
concoeff.Value(l, 1) = 0.071
concoeff.Value(l, 2) = 0.095
concoeff.vValue(l, 3) = 0.107
concoeff.vValue(l, 4) = 0.069

Dim ub constraints(l) As Double
ub constraints (0) = 1#

ub constraints(l) = 1E+30

Dim lb constraints(l) As Double
lb constraints(0) = 1#

lb constraints(l) = 0.085

Dim ub(4) As Double

ub (0) = 1#
ub (1) = 1#
ub (2) = 1#
ub (3) = 1#
ub (4) = 1#
Dim 1lb(4) As Double
1b(0) = 0
1b(l) =0
1b(2) =0
1b(3) =0
1b(4) =0

Dim prob As SolverPlatform.Problem
Set prob = New SolverPlatform.Problem
prob.FcnConstraint.Size = 2

prob.VarDecision.Size = 5

prob.FcnConstraint.UpperBound.Array

prob.FcnConstraint.LowerBound.Array =

ub constraints

1b constraints
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prob.VarDecision.UpperBound.Array = ub
prob.VarDecision.LowerBound.Array = 1lb

prob.Model.AllLinear (Function Type Objective,
Variable Type Decision) = objcoeff

prob.Model.AllLinear (Function Type Constraint,
Variable Type Decision) = concoeff

Set HessEvaluator = New SolverPlatform.evaluator
prob.Evaluators.Item(Eval Type Hessian) = evalHess
prob.ProblemType = Problem Type OptQP
prob.Solver.SolverType = Solver Type Minimize
prob.Solver.Optimize

'See the chapter, Calling the Solver SDK through COM to see example
'code obtaining the optimization status and results.

End Sub

Private Function evalHess Evaluate (ByVal evaluator As
SolverPlatform.IEvaluator) As Engine Action

Dim QMatVal As SolverPlatform.DoubleMatrix
Set QMatVal = New SolverPlatform.DoubleMatrix
OMatVal.Create Rows:=5, Columns:=5

QMatVal.Value (0, 0) = 0.000204
QMatVal.Value (1, 0) = 0.000424
QOMatVal.Value (2, 0) = 0.00017
QMatVal.Value (3, 0) = 0.000448
QMatVal.Value (4, 0) = -0.000014
QMatVal.Value (0, 1) = 0.000424
QMatVal.Value (1, 1) = 0.012329
QMatVval.Value (2, 1) = 0.001785
QMatVal.Value (3, 1) = 0.001633
QOMatVal.Value (4, 1) = -0.000539
QMatVval.Value (0, 2) = 0.00017
OMatVval.Value(l, 2) = 0.001785
OMatVal.Value (2, 2) = 0.000365
QMatVal.Value (3, 2) = 0.000425
QOMatVal.Value (4, 2) = -0.000075
QMatVal.Value (0, 3) = 0.000448
OMatVal.vValue(l, 3) = 0.001633
OMatVal.vValue(2, 3) = 0.000425
OMatVal.value (3, 3) = 0.005141
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OMatVal.Value (4,
QMatval.Vvalue (0,
OMatVal.Value (1,
OMatVal.Value (2,
QMatVval.Value (3,
OMatVal.Value (4,

3) = 0.000237

4) = -0.000014
4) = -0.000539
4) = -0.000075
4) = 0.000237
4) = 0.000509

evaluator.Problem.Model.FcnHessValue (Function Type Objective, 0) =

OMatVal
evalHess Evaluate

End Function

= Engine Action Continue

Back to Solving a Quadratic Problem with a Hessian Evaluator.

Solving a Quadratically Constrained Problem with a Hessian

Evaluator

C#

int nvars = 5, nc
double[] objcoeff
double[] ub const
double[] 1b_ const

double[] concoeff
0.0 };

double[] 1b = { 0

double[] ub = { 1

Depend Type[] con
{

Depend Type.
Depend Type.
Depend Type.
Depend Type.
Depend Type.

}i
try
{

ons = 2;

= { 0.086, 0.0714, 0.095, 0.107, 0.069
raints = { 1.0, 0.01 };

raints = { 1.0, Constants.MINF };
={(1.0, 1.0, 1.0, 1.0, 1.0, 0.0, 0.0,

.0, 0.0, 0.0, 0.0, 0.0 };
.0, 1.0, 1.0, 1.0, 1.0 };
coefftype =

Linear, Depend Type.Linear,
Linear, Depend Type.Linear,
Linear, Depend Type.Quadratic,
Quadratic, Depend Type.Quadratic,
Quadratic, Depend Type.Quadratic

}i

0.0, 0.0,

using (Problem problem = new Problem(Solver Type.Minimize, nvars,

ncons) )

problem.FcnCo

problem.FcnCo

nstraint.UpperBound.Array = ub_ constraints;

nstraint.LowerBound.Array = lb constraints;
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problem.VarDecision.UpperBound.Array = ub;
problem.VarDecision.LowerBound.Array = 1b;

problem.Model.AllLinear[Function Type.Objective] = new
DoubleMatrix (Array Order.ByCol, 1, nvars, objcoeff);

problem.Model.AllLinear [Function Type.Constraint] = new
DoubleMatrix (Array Order.ByRow, ncons, nvars, concoeff);

problem.Model.AllGradDepend[Function Type.Constraint] = new

DependMatrix (Array Order.ByRow, ncons, nvars, concoefftype);

problem.ProblemType = Problem Type.OptQCP;

problem.Evaluators[Eval Type.Hessian].OnEvaluate += new
EvaluateEventHandler (evalHess Evaluate);

problem.Solver.Optimize () ;

//See the chapter, Calling the Solver SDK through C# for example
code //obtaining the optimization status and results.

}

Engine Action evalHess OnEvaluate (Evaluator evaluator)
{

Problem prob = evaluator.Problem;

double[] gmatval =

{

0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,

-0.000014, -0.000539, -0.000075, 0.000237, 0.000509
}i
if (prob.Solver.FunctionType == Function Type.Constraint)
prob.Model.FcnHessValue [Function Type.Constraint,0] =
new DoubleMatrix (Array Order.ByCol, 5, 5, gmatval); ;
return Engine Action.Continue;
}
Back to Solving a Quadratically Constrained Problem with a Hessian Evaluator.

Procedural APlin C
_Optimize Status status;
double x[5];

HProblem prob;

int nvars = 5, ncons = 2;

double objcoeff[] = { 0.086, 0.0714, 0.095, 0.107, 0.069 };
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double ub constraints[] = { 1.0, 0.01 };
double 1lb constraints(] {1.0, -1E+30};

double concoeff(] = { 1.0, 1.0, 1.0, 1.0, 1.0, 0.0, 0.0, 0.0, 0.0,
0.0 };

double ub[] = { 1.0, 1.0, 1.0, 1.0, 1.0 };
double 1b[] { 0.0, 0.0, 1.0, 1.0, 1.0 };

In the Procedural API, we must pass two additional arrays in order
to call AllGradDependSet to pass the diagnostic information for the
constraints (i.e. whether the variables appear linearly or
quadratically), the matbeg array and the matind array. We are
passing the concoefftype array inside AllGradDependSet method "row-
wise". The matbeg array contains the indices for the elements in
the concoefftype array that begin each column. For example the
first element in the matbeg array (0) is the index of the first
element in the concoefftype array that begins the x1 column. The
second element in the matbeg array (1) is the index of the second
element in the concoefftype array that begins the x2 column. The
size of the matbeg array will always be nvars (number of variables).
The matind array holds the the row number of the corresponding
coefficient in the concoefftype array. For example, the first five
elements in the matind array belong to the first constraint (x1 + x2
+ x3 + x4 + x5) and the last five elements belong to the 2nd
constraint (portfolio return).

int matbeg([] = { 0, 1, 2, 3, 4 };
int matind[] = { O, O, O, O, O, 1, 1, 1, 1, 1 };

_Depend Type concoefftypel[] =

{

Depend Type Linear, Depend Type Linear, Depend Type Linear,
Depend Type Linear, Depend Type Linear, Depend Type Quadratic,
Depend Type Quadratic, Depend Type Quadratic,
Depend Type Quadratic, Depend Type Quadratic

}i

SolverProblem (&prob) ;

SolverProbTypeSet (prob, Solver Type Minimize, Problem Type OptQCP);
SolverVariableAdd (prob, L"Vars", Variable Type Decision, nvars);
SolverFcnLowerBoundSet (prob, L"Constraints", lb constraints);
SolverFcnUpperBoundSet (prob, L"Constraints", ub_ constraints);
SolverVarUpperBoundSet (prob, L"Vars", ub);
SolverVarLowerBoundSet (prob, L"Vars", 1b);

SolverFunctionAdd (prob, L"Objective", Function Type Objective, 1);

SolverFunctionAdd (prob, L"Constraints", Function Type Constraint,
ncons) ;

SolverModArrayOrder (prob, Array Order ByRow) ;

SolverModAllLinearSet (prob, Function Type Objective,
Variable Type Decision, objcoeff);
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SolverModAllLinearSet (prob, Function Type Constraint,
Variable Type Decision, concoeff);

SolverModAllGradDependSet (prob, Function Type Constraint,
Variable Type Decision, 10, matbeg, matind, concoefftype);

SolverEvaluatorAdd (prob, evalHess, NULL, Eval Type Hessian);
SolverOptimize (prob, é&status, &objval);

//See the chapter, Calling the Solver SDK through the Procedural API
//to see example code obtaining the optimization //status and
results.

}

Engine Action evalHess (HProblem prob, void* refuser, Eval Type
evaltype )

_Function Type fcnType;

//gmatval for the first constraint is all zeros since there are no

//quadratric terms.

double gmatvalO[] =
{o0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0}

//gmatval for the 2nd constraint holds the gmatrix for the 2nd

//constraint

double gmatvall[] =

{ 0.000204, 0.000424, 0.000170, 0.000448, -0.000014,
0.000424, 0.012329, 0.001785, 0.001633, -0.000539,
0.000170, 0.001785, 0.000365, 0.000425, -0.000075,
0.000448, 0.001633, 0.000425, 0.005141, 0.000237,

-0.000014, -0.000539, -0.000075, 0.000237, 0.000509 };

SolverFunctionType (prob, &fcnType);
if (fcnType == Function Type Constraint)
{
//passes gmatvalQ for the first constraint

SolverModFcnHessianSet (prob, fcnType,Variable Type Decision,0,
gmatvall) ;

//passes gmatvall for the second constaint

SolverModFcnHessianSet (prob, fcnType, Variable Type Decision,
1, gmatvall);

return Engine Action Continue;
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Back to Solving a Quadratically Constrained Problem with a Hessian Evaluator.

COMin VB

Dim objcoeff As SolverPlatform.DoubleMatrix
Set objcoeff = New SolverPlatform.DoubleMatrix

objcoeff.Create Rows:=1, Columns:=5

objcoeff.vValue (0, 0) = 0.086
objcoeff.value(0, 1) = 0.0714
objcoeff.vValue (0, 2) = 0.095
objcoeff.vValue (0, 3) = 0.107
objcoeff.vValue (0, 4) = 0.069

Dim concoeff As SolverPlatform.DoubleMatrix
Set concoeff = New SolverPlatform.DoubleMatrix

concoeff.Create Rows:=2, Columns:=5

concoeff.vValue (0, 0) = 1#
concoeff.vValue (0, 1) = 1#
concoeff.vValue (0, 2) = 1#
concoeff.vValue (0, 3) = 1#
concoeff.vValue (0, 4) = 1#
concoeff.vValue(l, 0) = 0.0
concoeff.vValue(l, 1) = 0.0
concoeff.vValue(l, 2) = 0.0
concoeff.vValue(l, 3) = 0.0
concoeff.vValue(l, 4) = 0.0

Dim ub constraints(l) As Double
ub constraints (0) = 1#

ub constraints(l) = 0.01

Dim lb constraints(l) As Double
1b constraints(0) = 1#

1b constraints(l) = -1E+30

Dim ub(4) As Double

ub (0) = 1#

ub (1) = 1#

ub(2) = 1#

ub (3) = 1#

ub (4) = 1#

Dim 1b(4) As Double
1b(0) = 0
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1b (1) =
1b(2) =
1b(3) =

o o o O

1b(4) =
Dim prob As SolverPlatform.Problem
Set prob = New SolverPlatform.Problem
prob.FcnConstraint.Size = 2

prob.VarDecision.Size = 5

prob.FcnConstraint.UpperBound.Array ub constraints

prob.FcnConstraint.LowerBound.Array 1b constraints
prob.VarDecision.UpperBound.Array = ub
prob.VarDecision.LowerBound.Array = 1b

prob.Model.AllLinear (Function Type Objective,
Variable Type Decision) = objcoeff

prob.Model.AllLinear (Function Type Constraint,
Variable Type Decision) = concoeff

Set HessEvaluator = New SolverPlatform.evaluator
prob.Evaluators.Item(Eval Type Hessian) = evalHess
prob.ProblemType = Problem Type OptQCP
prob.Solver.SolverType = Solver Type Minimize
prob.Solver.Optimize

'See the chapter, Calling the Solver SDK through COM to see example
'code obtaining the optimization status and results.

End Sub

Private Function evalHess Evaluate (ByVal evaluator As
SolverPlatform.IEvaluator) As Engine Action

Dim i as Integer

‘create an empty array to hold the quadratic terms of the first
‘constraint, which are none

Dim QMatVal0 As SolverPlatform.DoubleMatrix
Set QMatVal0 = New SolverPlatform.DoubleMatrix
QMatVallO.Create Rows:=5, Columns:=5

‘create a 2nd QmatVal array to hold the gmatrix for the 2nd
‘constraint.

Dim QMatVall As SolverPlatform.DoubleMatrix
Set QMatvVall = New SolverPlatform.DoubleMatrix
OMatVall.Create Rows:=5, Columns:=5

0.000204

0.000424

OMatVall.Value (0, 0)

OMatVall.Value (1, 0)
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OMatVvall.Value (2, 0) = 0.00017

OMatVall.Value (3, 0) = 0.000448
OMatVall.Value (4, 0) = -0.000014
OMatVall.Value (0, 1) = 0.000424
OMatVall.Value (1, 1) = 0.012329
OMatVall.Value (2, 1) = 0.001785
QOMatVall.Value (3, 1) = 0.001633
OMatVall.Value (4, 1) = -0.000539
OMatVall.Value (0, 2) = 0.00017
QOMatVall.Value(l, 2) = 0.001785
QOMatVall.Value (2, 2) = 0.000365
OMatVall.Value (3, 2) = 0.000425
QMatVall.Value (4, 2) = -0.000075
QMatVall.Value (0, 3) = 0.000448
QMatVall.Value(l, 3) = 0.001633
QMatVall.Value (2, 3) = 0.000425
QMatVall.Value (3, 3) = 0.005141
QMatVall.Value (4, 3) = 0.000237
QOMatVall.Value (0, 4) = -0.000014
QMatVall.Value(l, 4) = -0.000539
QMatVall.Value (2, 4) = -0.000075
QMatVall.Value (3, 4) = 0.000237
QOMatVall.Value (4, 4) = 0.000509

'pass the hessian matrix for the first constraint (x1+x2+x3+x4+x5)

evaluator.Problem.Model.FcnHessValue (Function Type Constraint, O0)
OMatVvalO

'pass the hessian matrix for the second constraint (Portfolio
Return)

evaluator.Problem.Model.FcnHessValue (Function Type Constraint, 1)
OMatVall

evalHess Evaluate = Engine Action Continue
End Function

Back to Solving a Quadratically Constrained Problem with a Hessian Evaluator.
Solving a Nonlinear Problem with a Hessian Evaluator

C#

problem.Evaluators[Eval Type.Hessian].OnEvaluate += new
EvaluateEventHandler (evalHess Evaluate);
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Engine Action evalHess OnEvaluate (Evaluator evaluator)

{

Problem prob = evaluator.Problem;

double [] objHess = { 2, 0, 0, 2}; //elements passed ByRow
double [] matHess = { 0, 1, 1, 0}; //elements passed ByRow

if (prob.Solver.FunctionType == Function Type.Objective)
prob.Model.FcnHessValue [Function Type.Objective, 0] = new
DoubleMatrix (Array Order.ByRow, 2, 2, objHess);

if (prob.Solver.FunctionType == Function Type.Constraint)

prob.Model.FcnHessValue [Function Type.Constraint, 0] = new
DoubleMatrix (2, 2, (double)O);

prob.Model.FcnHessValue [Function Type.Constraint, 1] = new
DoubleMatrix (Array Order.ByRow, 2, 2, matHess);

}

return Engine Action.Continue;

}

Back to Solving a Nonlinear Problem with a Hessian Evalutor

Procedural APl in C

SolverEvaluatorAdd (prob, evalHess, NULL, Eval Type Hessian);

_Engine Action evalHess (HProblem prob, void* refuser, Eval Type
evaltype )

{
_Function Type fcnType;

double objHess[] = { 2, 0, 0, 2 };
double matHessO[] = { 0, 0, 0, 0};
double matHessl[] = {0, 1, 1, 0};

SolverFunctionType (prob, &fcnType);
if ( fcnType == Function Type Objective)

SolverModFcnHessianSet (prob, fcnType,Variable Type Decision,0,
objHess) ;

If ( fcnType == Function Type Constraint)
{

//passes matHess0 for the first constraint that has 0 quadratic
terms

SolverModFcnHessianSet (prob, fcnType,Variable Type Decision,O,
matHessO0) ;

//passes matHessl for the second constaint

e 351



SolverModFcnHessianSet (prob, fcnType,Variable Type Decision,l,
matHessl) ;

}

return Engine Action Continue;

}

Back to Solving a Nonlinear Problem with a Hessian Evalutor

COMin VB

Set evalJac = New SolverPlatform.evaluator

prob.Evaluators.Item(Eval Type Hessian) = evalJac

Private Function evalJac Evaluate (ByVal Evaluator As
SolverPlatform.IEvaluator) As Engine Action

Dim objHess As SolverPlatform.DoubleMatrix
Set objHess = New SolverPlatform.DoubleMatrix

objHess.Create Rows:=2, Columns:=2

objHess.Value (0, 0) = 2
objHess.Value (0, 1) = 0
objHess.Value(l, 0) = 0
objHess.Value(l, 1) = 2

Dim QMatValO As SolverPlatform.DoubleMatrix
Set QMatValO = New SolverPlatform.DoubleMatrix
QOMatValO.Create Rows:=2, Columns:=2

Dim QMatVall As SolverPlatform.DoubleMatrix
Set QMatVall = New SolverPlatform.DoubleMatrix
QOMatVall.Create Rows:=2, Columns:=2
OMatvall.Value (0, 0) =0

OMatvall.Value (0, 1) =1

QOMatvall.Value(l, 0) =1

OMatvall.Value(l, 1) =0

evaluator.Problem.Model.FcnHessValue (Function Type Objective,0)
objHess

evaluator.Problem.Model.FcnHessValue (Function Type Constraint, 0) =
matHessO

evaluator.Problem.Model.FcnHessValue (Function Type Constraint, 1) =
matHessl

evalJac Evaluate = Engine Action Continue
End Function

Back to Solving a Nonlinear Problem with a Hessian Evalutor
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Using an Evaluator to Check the Progress of a
Simulation Run

C#

problem.Evaluators[Eval Type.Simulation].OnEvaluate += new
EvaluateEventHandler (EvalSimulation Evaluate);

private Engine Action EvalSimulation OnEvaluate (Evaluator evaluator)

{

MessageBox.Show ("Simulation Index = " +
evaluator.Problem.Solver.SimulationIndex) ;

return Engine Action.Continue;
}
Back to Using an Evaluator to Check the Progess of a Simulation Run.

Procedural APl in C

SolverEvaluatorAdd (prob, EvalSimulation, NULL,
Eval Type Simulation);

_Engine Action EvalSimulation (HProblem prob, void* refuser,
_Eval Type evaltype )

int simindex = 0;
SolverSimIndexGet (prob, &simindex) ;
printf ("Simulation # %d", simindex);
return Engine Action Continue;

}

Back to Using an Evaluator to Check the Progess of a Simulation Run.

COMin VB

Set EvalSimulation = New SolverPlatform.evaluator

prob.Evaluators.Item(Eval Type Simulation) = EvalSimulation

Private Function EvalSimulation Evaluate (ByVal evaluator As
SolverPlatform.IEvaluator) As SolverPlatform.Engine Action
Msgbox ("Simulation Index = " &
evaluator.Problem.Solver.SimulationIndex)
EvalTrial Evaluate = Engine Action Continue

End Function
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Back to Using an Evaluator to Check the Progess of a Simulation Run.

Using an Evaluator to Compute Uncertain Functions in a
Simulation Problem

C#

problem.Evaluators[Eval Type.Sample].OnEvaluate += new
EvaluateEventHandler (evalSim Evaluate);

Engine Action evalSim OnEvaluate (Evaluator evaluator)
{
Problem p = evaluator.Problem;
double[] pVar = p.VarUncertain.Value.Array;
double[] pFcn = p.FcnUncertain.Value.Array;
pFcn[0] = pVar[0] + pVar[l];
pFcn[1l] = pVar[0] * pVar[l];
p.FcnConstraint.Value.Array = pfFcn;
return Engine Action.Continue;

}
Back to Using an Evaluator to Compute Uncertain Functions in a Simulation Problem.

Procedural APl in C

SolverEvaluatorAdd (prob, evalSim, NULL, Eval Type Sample);

_Engine Action evalSim(HProblem prob, void* refuser, Eval Type
evaltype )

double var[2];
double fcn[2];
SolverVarValue (prob, L"Vars", var);
fcn[0] = var[0] + var[l];
fen[l] = var[0] * var[l];
SolverFcnValueSet (prob, L"Functions", fcn);
return Engine Action Continue;
}
Back to Using an Evaluator to Compute Uncertain Functions in a Simulation Problem.
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COMin VB

Set evalSim = New SolverPlatform.evaluator

prob.Evaluators.Item(Eval Type Sample) = evalSim

Private Function evalSim Evaluate (ByVal Evaluator As
SolverPlatform.IEvaluator) As Engine Action

Dim p As Problem

p = Evaluator.Problem

Dim pVar () As Double

pVar = p.VarUncertain.Value.Array

Dim Fcn(l) As Double

pFcn (0) = Var (0) + Var(1l)

pFcn(l) = Var (0) * Var (1)

p.FcnUncertain.Value.Array = pFcn

evalSim Evaluate = Engine Action Continue
End Function

Back to Using an Evaluator to Compute Uncertain Functions in a Simulation Problem

Stochastic Information Packets
C# - Creating a SIP from a Data Source

using (Problem prob = new Problem(Solver Type.Simulate, 4, 1))
{
DoubleMatrix mySipValues = new DoubleMatrix (4, 1000);
mySipValues.NZBgn () ;

mySipValues[0,0] = 9;
mySipValues[0,1] = 10;
mySipValues[0,2] = 6;
mySipValues[0,3] = 8;
mySipValues[0,4] = 11;

mySipValues[1l,0] =

~.

mySipValues[1l,1] =
mySipValues[1l,2] =

~.

mySipValues[1l,3] =

~.

mySipValues[1l,4] =

~.

~e

mySipValues[2,0] =
mySipValues[2,1] =

~e
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~e

mySipValues[2,2] =
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mySipValues[2,3] =
mySipValues[2,4] =

~e

mySipValues[3,0] =

~e

mySipValues[3,1] =

~.

mySipValues[3,2] =
mySipValues[3,3] =

~.

A O O O [©) NN OS] ~J
~.

mySipValues[3,4] =
mySipValues.NZEnd () ;

prob.Variables[0] .Al1Trials = mySipValues;

Alternatively, you could also use the PsiSip Distribution object to pass these same values as in the
example below.

prob.Model.VarDistribution[0]=CDistribution("PsiSip(9,10,6,8,11)");
prob.Model.VarDistribution[1]

CDistribution ("PsiSip(1,2,1,1,1)");
prob.Model.VarDistribution[2] = CDistribution("PsiSip(3,2,5,7,3)");
prob.Model.VarDistribution[3] = CDistribution("PsiSip(6,6,6,6,6)");

One more way to create and pass a SIP is by creating a new Distribution. In the example code below,
we first create four double arrays (SipValuesl, SipValues2, SipValues3, SipValues4) of size 5, create 4
distributions (dist1, dist2, dist3, dist4) of type Distribution_Type_Sip, set the number of parameters
(sampled values) to 5, and then pass the sampled values to the four arrays, SipValuesl, SipValues2,
SipValues3, and SipValues4.

double SipValuesl[5] = { 9, 10, 6, 8, 11 };
double SipValues2[5] = { 1, 2, 1, 1, 1 };
double SipValues3I[5] = { 3, 2, 5, 7, 3 };
double SipValues4[5] = { 6, 6, 6, 6, 6 };

CDistribution distl;

distl.DistType = Distribution Type Sip;
distl.NumParams = 5;

distl.Params = SipValuesl;
CDistribution dist2;

dist2.DistType = Distribution Type Sip;
dist2.NumParams = 5;

dist2.Params = SipValues2;
CDistribution dist3;

dist3.DistType = Distribution Type Sip;
dist3.NumParams = 5;

dist3.Params = SipValues3;
CDistribution dist4;

dist4.DistType = Distribution Type Sip;

dist4.NumParams = 5;
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dist4.Params = SipValues4;

prob.Evaluators[Eval Type.Sample].OnEvaluate += new
EvaluateEventHandler (Simulation OnEvaluate);

prob.Solver.Simulate () ;

//See the chapter, Calling the Solver SDK through C# to see example

//code obtaining the simulation status and results.

}

private Engine Action Simulation OnEvaluate (Evaluator evaluator)

{
Problem p = evaluator.Problem;

double[] pVar = p.VarUncertain.Value.Array;

double[] pFcn p.FcnUncertain.Value.Array;
double bars, beans, nuggets, eclairs
pFcn[0]= pVar[0] + pVar[l];

pFcn[1l] = pVar[0] * pVar[l];
p.FcnUncertain.Value.Array = pFcn;

return Engine Action.Continue;

}
C# - Creating a SIP inside the Evaluator

using (Problem prob = new Problem(Solver Type.Simulate,
{
prob.Solver.NumTrials = 5;

prob.Evaluators[Eval Type.Sample].OnEvaluate += new
EvaluateEventHandler (SipSimulation OnEvaluate);

prob.Solver.Simulate() ;

0, 1))

//See the chapter, Calling the Solver SDK through C# to see
//example code obtaining the simulation status and results.

}

//Global Variables

int 1i;

double[] barsData = new double [5] {9,10,6,8,11};
double[] beansData = new double [5]{1,2,1,1,1};
new double [5]1{3,2,5,1,3};
new double [5]1{6,6,6,6,6};

double[] nuggetsData

double[] eclairsData

Engine Action SipSimulation OnEvaluate (Evaluator evaluator)

{
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Problem p = evaluator.Problem;

double[] pFcn = p.FcnUncertain.Value.Array;
double bars, beans, nuggets, eclairs;

bars = barsDhata[i] * (2.5 - 1.5);

beans = beansData[i] * (1.75 - 1.05);

nuggets = nuggetsData[i] * (3.5 - 2.25);

eclairs = eclairsbDatal[i] * (4 - 2.95);
pFcn[0] = bars + beans + nuggets + eclairs;
i++;

return Engine Action.Continue;

C# - Creating a SIP from a PsiDistribution

using (Problem prob = new Problem(Solver Type.Simulate, 4, 1))

{

prob.Model.VarDistribution[0] = new
Distribution ("PsiNormal (0,2)");
prob.Model.VarDistribution[l] = new

Distribution ("PsiBeta(1.5,3)");

prob.Model.VarDistribution[2] new Distribution ("PsiGamma (4,1)");

prob.Model.VarDistribution[3] = new
Distribution ("PsiTriangGen(1,2,4,0.1,0.9)");

prob.Model.VarDistribution[0].ControlParams[l] = 0;
prob.Model.VarDistribution[0].ControlParams[2] = 20;
prob.Model.VarDistribution[0].ControlParams[l] = 0;
prob.Model.VarDistribution[0].ControlParams[2] = 20;
prob.Model.VarDistribution[0].ControlParams[l] = 0;
prob.Model.VarDistribution[0].ControlParams[2] = 20;
prob.Model.VarDistribution[0].ControlParams[l] = 0;
prob.Model.VarDistribution[0].ControlParams[2] = 20;

double[] SipValuesl

new double[5];

double[] SipValues?2 new double[5];

double[] SipValues3 = new double[5];
new double[5];

double[] SipValues4
Distribution distl = new Distribution{();
distl.DistType = Distribution Type.Sip;

distl.NumParams = 5;

distl.Params.Array SipValuesl;

Distribution dist2 = new Distribution{();
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dist2.DistType = Distribution Type.Sip;

dist2.NumParams = 5;
dist2.Params.Array = SipValues2;
Distribution dist3 = new Distribution();

dist3.DistType = Distribution Type.Sip;

dist3.NumParams = 5;
dist3.Params.Array = SipValues3;
Distribution dist4 = new Distribution();

dist4.DistType = Distribution Type.Sip;
dist4.NumParams = 5;

dist4.Params.Array = SipValues4;
prob.Solver.NumTrials = 5;

prob.Evaluators[Eval Type.Sample].OnEvaluate +=new
EvaluateEventHandler (SipSimulation OnEvaluate);

prob.Solver.Simulate() ;

//See the chapter, Calling the Solver SDK through C# to see example
//code obtaining the simulation status and results.

}

Engine Action SipSimulation OnEvaluate (Evaluator evaluator)
{

Problem p = evaluator.Problem;

double[] pFcn = p.FcnUncertain.Value.Array;

double bars, beans, nuggets, eclairs;

bars = barsbhata[i] * (2.5 - 1.5);

beans = beansData[i] * (1.75 - 1.05);

nuggets = nuggetsDatal[i] * (3.5 - 2.25);

eclairs eclairsDatal[i] * (4 - 2.95);

pFcn 0] bars + beans + nuggets + eclairs;
return Engine Action Continue;

}
Procedural APl - Creating a SIP from a Data Source

void sipexamplel ()
{
_Simulate Status status;
HProblem prob;
double alltrials[] = {9,10,6,8,11,1,2,1,1,1,3,2,5,7,3,6,6,6,6,6};
SolverProblem (&prob) ;
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SolverNumTrialsSet (prob,5);
SolverProbTypeSet (prob, Solver Type Simulate, Problem Type NA);
SolverVariableAdd (prob, L"Vars", Variable Type Uncertain, 4);

SolverFunctionAdd (prob, L"GrossProfit", Function Type Uncertain,
1);

SolverVarAllTrialsSet (prob, L"AllTrials", Array Order ByRow,
alltrials);

SolverEvaluatorAdd (prob, EvalSip, NULL, Eval Type Sample);
SolverSimulate (prob, & status);
//See the chapter, Calling the Solver SDK through the

//Procedural API to see example code obtaining the simulation status
//and results.

}

Alternatively, you could also use the PsiSip Distribution object to pass these same values as in the
example above.

void sipexamplel ()

{

_Simulate Status status;

HProblem prob;

SolverProblem (&prob) ;

SolverNumTrialsSet (prob,5);

SolverProbTypeSet (prob, Solver Type Simulate, Problem Type NA);
SolverVariableAdd (prob, L"Vars", Variable Type Uncertain, 4);

SolverFunctionAdd (prob, L"GrossProfit", Function Type Uncertain, 1);

prob.Model.VarDistribution[0]
CDistribution ("PsiSip(9,10,6,8,11)");

prob.Model.VarDistribution[1]

CDistribution ("PsiSip(1,2,1,1,1)");
prob.Model.VarDistribution[2] = CDistribution ("PsiSip(3,2,5,7,3)");
prob.Model.VarDistribution[3] = CDistribution ("PsiSip(6,6,6,6,6)");
SolverEvaluatorAdd (prob, EvalSip, NULL, Eval Type Sample);

SolverSimulate (prob, & status);

Engine Action EvalSip (HProblem prob, void* refuser, Eval Type
evaltype )

{
double pVarl[4];
double pFcn[l];

double bars, beans, nuggets, eclairs;

360 o SDK User's Guide



SolverVarValue (prob, L"Vars", pVar);
bars = pvar[0] * (2.5 - 1.5);
beans = pvar[l] * (1.75 - 1.05);

nuggets pvVar([2] * (3.5 - 2.25);

eclairs = pVar[3] * (4 - 2.95);

pFcn[0] bars + beans + nuggets + eclairs;
SolverFcnValueSet (prob, L"Funcs", pFfcn);

return Engine Action Continue;

Procedural APl — Creating a Sip inside the Evaluator

void sipexample ()

{

_Simulate Status status;

HProblem prob;

SolverProblem (&prob) ;

SolverNumTrialsSet (prob,5);

SolverProbTypeSet (prob, Solver Type Simulate, Problem Type NA);

SolverFunctionAdd (prob, L"GrossProfit", Function Type Uncertain,
1)

SolverEvaluatorAdd (prob, EvalSip, NULL, Eval Type Sample);

SolverSimulate (prob, &status);

//See the chapter, Calling the Solver SDK through the Procedural API
//to see example code obtaining the simulation status //and results.

}

Engine Action EvalSip (HProblem prob, void* refuser, Eval Type

gvaltype )

{

double pFcnll];
double bars, beans, nuggets, eclairs;

bars = barsbDatali] * (2.5 - 1.5);

beans = beansData[i] * (1.75 - 1.05);
nuggets = nuggetsDatali] * (3.5 - 2.25);
eclairs = eclairsDatali] * (4 - 2.95);
pFcn[0] = bars + beans + nuggets + eclairs;

SolverFcnValueSet (prob, L"Funcs", pFcn);
i++;

return Engine Action Continue;
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Procedural API - Creating a SIP from a PsiDistribution

//In the Procedural API,
//PsiDistribution,

in order to create a SIP from a

you must create two problems and call

//prob.Solver.Simulate twice. Once to run a simulation to sample
the //distributions and secondly to call the evaluator.

void sipexample ()

{

_Simulate Status statusl, status2;

HProblem probl;

HProblem prob2;
double alltrials[4000];

double cparam[7];

double varBarsTrials([5];

double varBeansTrials([5];

double varNuggetsTrials[5];

double varEclairsTrials([5];

0; //shift

cparam[0]
cparam/[1]
cparam[2]
cparam[3]
cparaml[4]
cparam[5]

cparam][6]

0; // lower cut;

20; // upper cut

0;
-1e+30;
+1e+30;
0;

// optional seed
// lower censor value
// upper censor value

// basecase

//create the first problem, probl, with 4 uncertain variables

SolverProblem (&probl) ;

SolverNumTrialsSet (probl,5);

SolverProbTypeSet (probl, Solver Type Simulate, Problem Type NA);

SolverVariableAdd (probl, L"Vars", Variable Type Uncertain, 4);

//set the distributions for the four uncertain variables

SolverModDistInit (probl, Dist Var, 0, L"PsiNormal(0,1)" );

SolverModDistInit (probl, Dist Var,

, L"PsiBeta(1.5,3)" );

1
SolverModDistInit (probl, Dist Var, 2, L"PsiGamma(4,1)");
3

SolverModDistInit (probl, Dist Var,

4

L"PsiTriangGen(1,2,4,0.1,0.9)");

//set the upper and lower bounds for each distribution

SolverModDistControlParamsSet (probl, Dist Var, 0, cparam);

SolverModDistControlParamsSet (probl, Dist Var, 1, cparam );
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SolverModDistControlParamsSet (probl, Dist Var, 2, cparam);
SolverModDistControlParamsSet (probl, Dist Var, 3, cparam);

//run the first simulation to sample the values from the
//distributions

SolverSimulate (probl, é&statusl);

//creat the 2nd problem, prob2, with four uncertain variables and on
//uncertain function

SolverProblem (&prob?2) ;
SolverProbTypeSet (prob2, Solver Type Simulate, Problem Type NA);
SolverVariableAdd (prob2, L"VarBars", Variable Type Uncertain, 1);

SolverVariableAdd (prob2, L"VarBeanss", Variable Type Uncertain,
1);

SolverVariableAdd (prob2, L"VarNuggets", Variable Type Uncertain,
1)

SolverVariableAdd (prob2, L"VarEclairs", Variable Type Uncertain,
1)

SolverFunctionAdd (prob2, L"GrossProfit", Function Type Uncertain,
1);

SolverNumTrialsSet (prob2,5);
//creat the evaluator to compute the uncertain functions
SolverEvaluatorAdd (prob2, EvalSip, NULL, Eval Type Sample);

//assign the sample trials from the uncertain variables to the
//alltrials array.

SolverVarAllTrialsGet (probl, L"Vars",
Array Order ByRow,alltrials);

varBarsTrials[0] = alltrials([0];
varBarsTrials[0] = alltrials([1l];
varBarsTrials[0] = alltrials([2];

varBarsTrials[0] alltrials([3];

varBarsTrials[0] alltrials(4];

varBeansTrials[1l] = alltrials[5];
varBeansTrials[1l] = alltrials[6];
varBeansTrials[1l] = alltrials[7];
varBeansTrials[1l] = alltrials([8];
varBeansTrials[1l] = alltrials[9];
varNuggetsTrials[2] = alltrials[10];
varNuggetsTrials[2] = alltrials[1l1l];
varNuggetsTrials[2] = alltrials[12];

varNuggetsTrials[2] alltrials[13];

varNuggetsTrials[2] alltrials([14];
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varEclairsTrials[3] = alltrials([15];

varEclairsTrials[3] = alltrials[16];
varEclairsTrials[3] = alltrials[17];
varEclairsTrials[3] = alltrials[18];
varEclairsTrials[3] = alltrials[19];

//Use SolverVarAllTrialsSet to pass the sample trial values to the
//SDK

SolverVarAllTrialsSet (probZ2, L"VarBars",Array Order ByRow ,
varBarsTrials);

SolverVarAllTrialsSet (prob2, L"VarBeans",Array Order ByRow ,
varBeansTrials) ;

SolverVarAllTrialsSet (prob2, L"VarNuggets",Array Order ByRow ,
varNuggetsTrials) ;

SolverVarAllTrialsSet (prob2, L"VarEclairs",Array Order ByRow ,
varEclairsTrials) ;

//Run the 27 simulation. This time the sampled values from the
//uncertain variables in probl will be passed to the evaluator in
//prob2.

SolverSimulate (prob2, &status?) ;

//See the chapter, Calling the Solver SDK through the Procedural API
//to see example code obtaining the simulation status and results.

}

_Engine Action EvalSip (HProblem prob, void* refuser, Eval Type
evaltype )

{
double pVar[4];
double pFcnll];
double bars, beans, nuggets, eclairs;
SolverVarValue (prob, L"Vars", pVar);

bars = pvVar[0] * (2.5 - 1.5);

beans = pVar[l] * (1.75 - 1.05);

nuggets = pVar[2] * (3.5 - 2.25);

eclairs = pVar[3] * (4 - 2.95);

pFcn[0] = bars + beans + nuggets + eclairs;

SolverFcnValueSet (prob, L"Funcs", pfFcn);
return Engine Action Continue;

}
COM - Creating a SIP from a Data Source

Private Sub btnSimulation Click()

Dim prob As New SolverPlatform.Problem
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prob.Solver.SolverType = Solver Type Simulate

prob.VarUncertain.Size = 4
prob.FcnUncertain.Size = 1
prob.Solver.NumTrials = 5

Dim mySipValues As New DoubleMatrix
With mySipValues

.Create Rows:=4, Columns:=prob.Solver.NumTrials
.Value (0, 0) =

.Value (0, 1) =

(@)

.Value (0, 2) =
.Value (0, 3) =
.Value(l, 0) =
.Value(l, 1) =
.Value (1, 2) =
.Value (1, 3) =
.Value (2, 0) =
.Value (2, 1) =
.Value (2, 2) =
.Value (2, 3) =
.Value (3, 0) =
.Value (3, 1) =
.Value (3, 2) =

A OO0 OO0 o N o N W Rk PN P o o P

.Value (3, 3) =
End With

prob.Variables (0) .Al11Trials = mySipValues

Alternatively, you could use the PsiSIP Distribution object to pass these same values as in the example
below.

Dim Sipl As New Distribution
Sipl.Init "PsiSip(9,10,6,8,11)"

prob.Model.VarDistribution (4) Sipl
Dim Sip2 As New Distribution
Sip2.Init "PsiSip(1,2,1,1,1)"
prob.Model.VarDistribution (4) = Sip2
Dim Sip3 As New Distribution
Sip3.Init "PsiSip(3,2,5,7,3)"
prob.Model.VarDistribution (4) = Sip3
Dim Sip4 As New Distribution

Sip4.Init "PsiSip(6,6,6,6,6)"
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prob.Model.VarDistribution (4) = Sip4

Set SIPEvaluator = New Evaluator
prob.Evaluators (Eval Type Sample) = SIPEvaluator
prob.Solver.Simulate

'See the chapter, Calling the Solver SDK through COM to see example
'code obtaining the simulation status and results.

End Sub

Private Function SIPEvaluator Evaluate (ByVal Evaluator As
SolverPlatform.IEvaluator) As SolverPlatform.Engine Action

Dim pVar () As Double

pVar = Evaluator.Problem.VarUncertain.Value.Array
Dim pFcn () As Double

pFcn = Evaluator.Problem.VarUncertain.Value.Array
Dim bars As Double

Dim beans As Double

Dim nuggets As Double

Dim eclairs As Double

bars = pvVar(0) * (2.5 - 1.5)

beans = pVar(l) * (1.75 - 1.05)

nuggets = pVar(2) * (3.5 - 2.25)

pvar(3) * (4 - 2.95)

eclairs
pFcn (0) = bars + beans + nuggets + eclairs
SIPEvaluator Evaluate = Engine Action Continue

End Function

COM - Creating a SIP from a PsiDistribution

Private Sub btnSimulation Click()
Dim prob As New SolverPlatform.Problem
prob.Solver.SolverType = Solver Type Simulate
prob.VarUncertain.Size = 4
prob.FcnUncertain.Size = 1
prob.Solver.NumTrials = 5
Dim distNormal As New Distribution
distNormal.Init "PsiNormal (0,1)"
prob.Model.VarDistribution(0) = distNormal
Dim distBeta As New Distribution
distBeta.Init "PsiBeta(1l,1)"
prob.Model.VarDistribution(l) = distBeta
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Dim distGamma As New Distribution

distGamma.Init "PsiGamma (4,1)"
prob.Model.VarDistribution (2) = distGamma

Dim distTriangGen As New Distribution
distTriangGen.Init "PsiTriangGen(1,2,4,0.1,0.9)"

prob.Model.VarDistribution(3) = distTriangGen

prob.Model.VarDistribution (0) .ControlParams (0)
prob.Model.VarDistribution (0) .ControlParams (1) =
prob.Model.VarDistribution (1) .ControlParams (0) =
prob.Model.VarDistribution (1) .ControlParams(l) =
prob.Model.VarDistribution (2) .ControlParams (0) =
prob.Model.VarDistribution (2) .ControlParams (1) =
prob.Model.VarDistribution (3) .ControlParams (0) =
prob.Model.VarDistribution (3) .ControlParams (1) =
Dim SipValuesl (4) As Double

Dim SipValues2(4) As Double

Dim SipValues3(4) As Double

Dim SipValues4 (4) As Double

Dim distl As New Distribution

distl.DistType = Distribution Type Sip
distl.NumParams = 5

distl.Params.Array = SipValuesl

Dim dist2 As New Distribution

dist2.DistType = Distribution Type Sip
dist2.NumParams = 5

dist2.Params.Array = SipValues?2

Dim dist3 As New Distribution

dist3.DistType = Distribution Type Sip
dist3.NumParams = 5

dist3.Params.Array = SipValues3

Dim dist4 As New Distribution

dist4.DistType = Distribution Type Sip
dist4.NumParams = 5

dist4.Params.Array = SipValues4

Set SIPEvaluator = New Evaluator
prob.Evaluators (Eval Type Sample) = SIPEvaluator

prob.Solver.Simulate

20

20

20

20




'See the chapter, Calling the Solver SDK through COM to see example
'code obtaining the simulation status and results.

End Sub

Private Function SIPEvaluator Evaluate (ByVal Evaluator As
SolverPlatform.IEvaluator) As SolverPlatform.Engine Action

Dim pVar () As Double

pVar = Evaluator.Problem.VarUncertain.Value.Array
Dim pFcn () As Double

pFcn = Evaluator.Problem.VarUncertain.Value.Array
Dim bars As Double

Dim beans As Double

Dim nuggets As Double

Dim eclairs As Double

bars = pvVar(0) * (2.5 - 1.5)

beans = pvVar(l) * (1.75 - 1.05)

nuggets = pVar(2) * (3.5 - 2.25)

pVar(3) * (4 - 2.95)

eclairs

pFcn (0) = bars + beans + nuggets + eclairs

SIPEvaluator Evaluate = Engine Action Continue
End Function

Back to Stochastic Information Packets

GetCorrelation

C#

//Create an array for correlation coefficients for the first
variable //and function blocks. Each block contains 3 elements.

double[] coeff = new double[3];

coeff prob.Variables[0] .GetCorrelation (0);

coeff = prob.Functions[0].GetCorrelation(0);

Back to GetCorrelation

Procedural API

//Create an array for correlation coefficients of variable block
//"Vars" and function block "Funcs" which contain 3 vars and 3
functions, respectively.

int index = 0; //first variable
SolverVarGetCorrelation (prob, L"Vars", varindex, coeff);

SolverFcnGetCorrelation (prob, L"Funcs",fcnindex, coeff);
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Back to GetCorrelation

COMin VB

‘Create an array for correlation coefficients
Dim coeff

coeff = prob.Variables(0).GetCorrelation (0)
coeff = prob.Functions(0) .GetCorrelation (0)

Back to GetCorrelation

GetFrequency

150} ;

C#

double[] binbounds = new double[]{ -150, -100, -50, 0, 50, 100,

DoubleMatrix vargetfreqg =
prob.VarUncertain.GetFrequency (Frequency Type.Cumulative, binbounds)

DoubleMatrix funcgetfreq =
prob.FcnUncertain.GetFrequency (Frequency Type.Cumulative,
binbounds) ;

Procedural API
double binbounds[] = { -150, -100, -50, 0, 50, 100, 150 };
double binfrequency([8];

SolverVarGetFrequency (prob, L"Vars[0]", Frequency Type Cumulative,
7, binbounds, binfrequency);

SolverFcnGetFrequency (prob, L"Funcs[0]", Frequency Type Cumulative,
7, binbounds, binFrequency);

COMin VB

Dim binbounds (7) As Double

binbounds (0) = -150
binbounds (1) = -100
binbounds (2) = -50
binbounds (3) = 0
binbounds (4) = 50
binbounds (5) = 100

binbounds (6) = 150
Dim vargetfreq As New DoubleMatrix

Dim funcgetfreqg as New DoubleMatrix
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vargetfreq =
prob.VarUncertain.GetFrequency (Frequency Type.Cumulative, binbounds)

fcngetfreqg =
prob.FcnUncertain.GetFrequency (Frequency Type.Cumulative, binbounds)

Back to GetFrequency

Calling lIISFind

C#

if (status == Optimize Status.Unfeasible)

{

problem.Solver.IISFind();

for (int i = 0; i1 < problem.Solver.OptIIS.NumBounds; i++)

MessageBox.Show ("Bound[" + problem.Solver.OptIIS.BoundIndex[i] + "],
status is "+ problem.Solver.OptIIS.BoundStatus([i] + "\r\n");

for (int 1 = 0; 1 < problem.Solver.OptIIS.NumConstraints; i++)

MessageBox.Show ("Constraint [" +
problem.Solver.OptIIS.ConstraintIndex[i] + "], status is " +
problem.Solver.OptIIS.ConstraintStatus[i] + "\r\n");

}

Back to Optimization Result Codes

Procedural API
int *iisconindex = NULL;
int *iisbndindex = NULL;

int iisnumcons, iisnumbnds;

_IIs Status *iisconstatus = NULL;

_IIs Status *iisbndstatus = NULL;

int i;

if (status == Optimize Status Unfeasible)

{

SolverOptIISFind (prob, &iisnumcons, &iisnumbnds) ;

iisconindex = (int*)malloc (iisnumcons*sizeof (int));
iisbndindex = (int*)malloc (iisnumbnds*sizeof (int)) ;
iisconstatus =

(_ IIS Status*)malloc(iisnumcons*sizeof( IIS Status));

iisbndstatus =
(_ IISs Status*)malloc(iisnumbnds*sizeof( IIS Status));
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SolverOptIIS (prob, iisconindex, iisconstatus, iisbndindex,
iisbndstatus) ;

for(i = 0; i <iisnumbnds; i ++)

printf ("Bound[%d] status is %d\n", iisbndindex[i],
iisbndstatus[i]);

for(i = 0; i < iisnumcons; i ++)

printf ("Constraint [%$d] status is %d\n", iisconindex[i],
iisconstatus[i]);

free (iisconindex) ;

free (iisbndindex) ;
free(iisconstatus);

free (iisbndstatus);

}

Back to Optimization Result Codes

COM
If status = Optimize Status Unfeasible Then
prob.Solver.IISFind
For i = 0 To prob.Solver.OptIIS.NumBounds - 1
Msgbox ("Bound[" & prob.Solver.OptIIS.BoundIndex (i) &
"], status is " & prob.Solver.OptIIS.BoundStatus(i))
Next
For i = 0 To prob.Solver.OptIIS.NumConstraints - 1

Msgbox ("Bound[" & prob.Solver.OptIIS.ConstraintIndex (i)

"], status is " &
prob.Solver.OptIIS.ConstraintStatus(i))
Next
End If

Back to Optimization Result Codes
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