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2 INTRODUCTION

Microsoft has a long history with offering optimization tools. Inside Ex&sliserwhich can solve linear
programming problems, mixeihteger programming problems and ndinear problemgFylstra, Lasdon, Watson,
& Warren, 1998) Arguably this makes Microsoft tmeost successful vendor of optimizah software with over
500 million copies distributed

The Excedolver is using cells and cedferences tdformulate andimplement optimization models. This has
obviousadvantage Excel users are directly familiar with this structure @ad build optimization models without a
steep learningurve. The direct implementation of a model in Excel has of course numerous benefits such as
availablity of data manipulationtools and report writing facilitiesncluding the availability of numerous buitt
functions,dynamicgraphs and pivot tables There are alsomne seriousdisadvantags: spreadsheet modeling is
error pronez, the model lacks structure and dimensionabtyd we are missing out on a short, compact
representation of the model that allows us to thiakd talkabout itand to share it with colleagues

Modeling is difficultPractical optimization models are often messy withtamtanddzy” & ( NHzO (i dzZNJBIRS &30 dza A y' S
(to use a buzzword)'his means that any help adding structure tahe model is very welcom&®pposed tausual
computerprogramming where we caoften break down a complicated part into smaller more manageable pieces
(Wirth, 1971)we dealessentialy with systens of simultaneous equationsn this situatiorstepwise refinemat

into smaller entities i®ften not a viablestrategy we need to look at the model as a whofehighlevel modeling
language can help here: it can provide a compact representation of the model that allows the modeler to view and
comprehend a complete model. This in turn will allow the modeler to adapt and maintain the model with much
more ease tha otherwise possible. Compared to using a modeling language, the use of a solver API (Application
Programming Interface) is really a step backward: it will create a more cluttered, wieldy expression of a model that
makes maintenance and experimentation reddifficult, timeconsuming and expensive. For very structured or

very small models this may be not prohibitive, but for large, complex models a good modeling language is an
invaluable tool that can make a modeler more efficient by orders of magnitude.

Thenew Microsoft Solver Foundation produstwhat we focus on in this document. M&#nsists of a number of
modules:

Solvers (LP, MIP, CSP)

OML: an equation based modeling language

't LQAY LINRPANFYYAY3I AyidSNFI OS aFoundafiod geviged LINE A NI YVY S NA
Solver plugin capabilities: external solvers can be hooked up. With version 1.1 the ctdle-art Gurobi

MIP solver has become the default MIP solver. It is accessed through this mechanism.

1 An Excel based framework to develop antl/edOML models

= =4 =4 =4



We will concentrate on the modeling langua@&IL and the Excel application framework.
2.1 MODELING LANGUAGE %8l

A model can be built using a modeling language or using a traditional programming language such as C. In the
latter case one canse a solver API (Application Programming Interface) to assemble the model. We see that
many beginners in modeling are attractedusingthe AP) especially if they hava background anéxperience in
computer programmingln myopinion thisAPtappetiteis oftenunwarranted if the model is notither very small

or large butvery structured, expressing the model in a specialized modeling language is by far preferable in terms
of productivity, performance, quality and maintainability of the model.

Devebping a model in a modeling language is often much more efficiEirst of all, a model expressed in a
modeling language is much more compact. The same model in a programming language will require many more
lines of code. Further we often see modeletrsiggling with low level issues like memory allocatipointer

problems and obscure linker messages that simplpatooccur when using a modeling language. The gain in
productivity can be usedpend morgime to improve the model formulation.

Large, dificult models require many revisions and experiments to achieve best perfornfapeed and reliability)
Different formulations can lead to large differences in performance, so it is beneficial if it is easy to try out
different formulations quickly. Hera modeling language shines compared to a traditional programming language.

The most wetknown modeling languages are GAMS and AMPL. They are both fairly complex systems, and there is
a learning curve before you are comfortable with these languages. B¢t you mastered them, you can build

large, complex, maintainable models in a controlled fashion. OML is a much simpler language. Much of the
complexity(such as any data manipulatiois)moved away from the modeling language to the environment where

OML s called from. This can be a C# program, or in the case of this paper ExagbpFbéchcomes withsome

advantages (a simpler, cleaner modeling language) and disadvantages (more complex and precise data preparation
is needed before we can pass data ortie OML model to form a complete model instance). In this paper we will
explore some of these issues.

We will focus on OML as used in the Excel{ud he tight integration between Excel and OyiNes a rich bt
unstructured environment for data harnidg and reporting, a small, limited modeling language, a Hniltripting
language (VBA) and enough widgets such as buttons to createapplications.

2.2 A TRANSPORTATIONDDEL

Thetransportation model is amonthe simplest Linear Programming moslele can present.

We want to minimize shipping cost while obeying demand and supply restrictions. The mathematical model can be
stated as:

min Bt
Beago Gl Q
Befan (o) Q

g O



Herex s the decision variable argid, andsare parameters. The difference between a parameter and a decision
variable is an important one. A parameter is a constant during the solution of the model: it will not be changed by
the solver. A variable will be changed by the solver: hopefully itetilrn the best possible values for the decision
variables.

In this section we will compare the OML representation of this model to two alternatives: a GAMS formulation and
an implementation in Excel Solver.

2.2.1 A GAMS RPRESENTATION

The first model in the Mdel Library from GAMS is a simple example of this problem, based on the faexbus
book (Dantzig, 196§) The complete model looks like:

$Title A Transportation Problem (TRNSPORT,SEQ=1)
$Ontext

This problem finds a least cost shipping schedule that meets
requirements at markets and supplies at factories.

Dantzig, G B, Chapter 3.3. In Linear Programming and Extensions.

Princeton University Press, Princeton, New Jersey, 1963.

This formulation is described in detail in:

Rosenthal, R E, Chapter 2: A GAMS Tutorial. In GAMS: A User's Guide.
The Scientific Press, Redwood City, California, 1988.

The line numbers will not match those in the book because of these

comments.
$Offtext
Sets
i ' canning plants / seattle, san - diego /
j " markets / new - york, chicago, topeka/ ;
Parameters
a(i) ' capacity of plant i in cases

| seattle 350
san- diego 600 /

b(j) ' demand at market j in cases '
/[ new -york 325
chicago 300
topeka 275 /;
Table d(i,j) ' distance in thousands of miles '
new york chicago topeka
seattle 25 1.7 1.8
san- diego 2.5 1.8 14 ;

Scalar f ' freight in dollars per case per thousand miles " /90/;




Parameter c(i,j) ' transport cost in thousands of dollars per case "
c(i,j) = f*d(i,j) / 1000 ;
Variables
x(i,)) ' shipment quantiti es in cases
z

' total transportation costs in thousands of dollars ;

Positive Variable x ;

Equations
cost ' define objective function '
supply(i) ' observe supply limit at plant i :
demand(j) ' satisfy demand  at marketj ' ;
cost .. z =e= sum((i,j), c(i,j)*x(i.j)) ;

supply(i) .. sum(j, x(i,))) =I= a(i);
demand(j) .. sum(i, x(i,j)) =g= b()) ;
Model transport /all/ ;

Solve transport using Ip minimizing z ;

Display x.I, x.m ;

The sets indicate collections of strings that we use for indexing. GAMS uses string as vehicle for indexing vectors
FYR YIFIGNROS&Ed® ¢KAA KFra a2YS FTRGLFydl3Say Al YI{1Sa GKS
plant 1), and it makes unattractive to use index arithmetic in cases where this may not be needed. The latter is

also a negative as the obvious disadvantage is that it makes index arithmetic more complicated where we can
legitimately use it.

Parameter, scalar and table statents are used to specify parameters. Parameters can be changed inside the
GAMS model (using assignment statements) but not by the solver. During the SOLVE statements parameters are
constants GAMS allows for convenient data entry: only the nonzero elements need to be provided in parameter
and table statements. Data manipulation is done by assignment statements(iljke= f * d(i,j) /

1000 which can be interpreted as an implicit loop.

The optimization model itself starts with variable and equation declarations. By default variables are free, i.e. they
are allowed to assume positive and negative values. Risitive Variable x we impose a lower bound of

zero. The equations are declaredhva somewhapeculiar syntaxequality is denoted bye=while=I= and=g=

are lessthan-or-equal and greatethan-or-equal constraints. Note that each constraint is actually a block of
constraints. E.g. constraidemand(j) implements three constraintdecause set j has three elements.

It is important to understand the difference between assignment statements and equafAssgnments are
executed by GAMiBselfin order as they appear, while equatioase passed on the solver and must hold
simultaneausly. In programming language parlor we say that data manipulation (i.e. assignments) is procedural
while model equations are declarative.



Finally we have a model and solve statement and the results are displ@yedS has the notion of an objective
variable opposed to an objective function. In practice this is not a problem: just place your objective in an equality
constraint, and optimize the corresponding variatlmte thatx.l, x.m indicates we want to see theptimal

level values and the optimal marginal values (or reduced cost) of x.

The results of a GAMS job are written to a listing filae listing file will contain:

1 A source listing of the model. This can be useful to find the location of syntax ernans-tme errors.

1 Alisting of individual rows and columns generated by the model, i.e. the expanded model. This is useful
for debugging.

1 A section with messages from the solver. Hopefully it will say OPTIMAL.

1 The solution: rows and columns. Both levelues and marginals are printed. Marginals are reduced costs
for variables and duals for equations.

1 The output of display statements.

GAMS has butih facilities for reportwriting: we can use datenanipulation on solution vectors, and display the
final results.

For large models, GAMS has a number of facilities:

9 tff RFEGE aGNHzZOGdzNBa FNB &LI NBESY y2 aiG2N)F3IS F2N T SNP
T b O2yRAGAZ2YAE Iff26 AYLESYSYyGAy3a wadzOK GKFGQ 2LISNI GA
1 Abort statement for error checking

1 Loop statement to handle multiple solve statents, e.g. to implement heuristics

1 GAMS comes with an IDE (under Windows)

The integration with Excel is limited. There is an external program (gdxxrw.exe) that allows for exchanging data
between GAMS and Excel, but to use this from an active Excel shesads difficult. It requires a fairly large
amount of VBA code to run GAMS from Excel.[8ge//www.amsterdamoptimization.com/packaging.html

72.2.2 AN EXCEL SOLVER APARGH

The traditional wayo model this problem in Excel is to use Solver. First we setup the data. This includes unit cost
coefficientsc, supply capacitgand demand datal. In our case we calculate the cost coefficients from unit
transportation cost and a distance table.
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a | B | ¢ D E F G H 1 J
=
2 trnsport
= ittt i
4]
5 distance new-york chicago topeka W
6 9%,
7]
8
9 cost new-york chicago topeka
10 supply
11 demand
1
1

Figure 1. Data for the TRNSPORT model
The cost data are calculated by the formula:
= 7600

E.g. cell E10 has formutE6*Freight/1000 . Now we setup a table where the shipments will be placed.

A | 8 | ¢ | o | e | ¢ | & | w | v | 3 | K
=

2 trnsport

re S—

4

5 distance new-york chicago topeka

6| 2.5 1.7 1.8 T

[7] 25 13 14

8

9 cost new-york chicago topeka

10 supply 0.225 0.153 0.162 350

11 demand 0.225 0.162 0.126 600

E 325 300 275

[13]

14

15 shipment new-york chicago topeka total total cost
‘16| 6.24E-14 300 0 300
? 325 0 275 600

13 325 300 275

19

20

Figure2. Derived data

The cells E16:G17 corresponditg, In addition we calculate the row and column sums. E.g. cell H16 has formula

=SUM(E16:G16) The total cost are calculated bySUMPRODUCT(E10:G11,E16:G1&hich represents the

expression

A complete view of the formulas is:

¥

\

Gt

X



A B G D E F G H ]
1
2 trnsport
3
a
5 distance new-york chicago topeka freight
6 seattle m
7 san-diego
8
9 cost new-york topeka supply
10 supply seattle =E6*Freight/1000 |=F6*Freight/1000 |=G6*Freight/1000 350
11 demand san-diego =E7*Freight/1000 |=F7*Freight/1000 |=G7*Freight/1000 |500
12 325 300 275
13
14
15 shipment new-york topeka _
16 6.23945339854092E-1300 0 =SUM(E16:G16) =SUMPRODUCT{E10:G11,E16:G17)
17 325 0 275 =SUM(E17:G17)
18 =SUM(E16:E17) =SUM(F16:F17) =SUM(G16:G17)
19
20
21
22

Figure3. Excel Solver model formulation

The model can now be specified in the solver

Solver Parameters X
Set Target Cell: ] Solve
Equal To: ©)Max @ Min () Value of: 1] Close
By Changing Cells:
| SES16:5G517 Guess
Subject to the Constraints:
$ES18:8GS18 »= SES12:5G512 - Add
SHE16:5HS17 <= SHS10:8HS11
!

Figure4. Setup Solver
Here we specify:

1 The objective is total cost at cell J16

f  The variablesasare located in the table E16:G17

1 The constraints are formed by calculating the sdihgbmand B-ggbgband comparing those quantities
with the available supply and requirettmand.

1 Theconditionsay, OF NB & LISOATASR AY
option.

T Ly

GKS 2LIA2yayRAIi2BSHEKSNS

FRRAGAZ2Y ¢S alLISOATe G(KS Y2RSt (G2 0SS fAySINIoe OK

The disadvantage of this approach is visible herediffcult to recognize the model
min Bfasntin
Bgao Q! Q
BT(% i'Q‘l "Q
Ggo O



in this spreadsheet. For a small or watuctured model this may not be a problem, but for more complex models,
the lack of structure will be a maj@bstacle to build and maintain models efficienfiydeed | have converted a
number of Excel Solver models, and the majority of them contained errors such that | could not reproduce the
results when using a GAMS model (in different words: the Excel@ovas wrong).

Solver Opticns ]
Max Time: seconds
Precision: 0.000001 Load Model...
Tolerance: 5 % Save Model...
Convergence: 0.0001
Assume Linear Model [ use Automatic Scaling
Assume Non-Negative [] Show Tteration Results
Estimates Derivatives Search

(@ Tangent (@ Forward (@ Newton
() Quadratic (7) Central (") Conjugate

Figureb. Excel Solver Options
The formulation can be improved by using hamed ranges.

The optimal valueare updated in the spreadsheet. In addition the solver can generate a solution report as
follows:



A B C D E F G H
1 Microsoft Excel 12.0 Answer Report
2 \Worksheet: [TrnsportSolver0.xIsx]Main
3 Report Created: 11/13/2008 12:55:28 AM

4
5

6 |Target Cell (Min)

7 Cell Name Original Value Final Value

8 8J516 seattle total cost 153.675 153.675

9

10

11 Adjustable Cells

12 Cell Name Original Value Final Value

13| SESI6 seattle new-york 5.12923E-14  6.23945E-14

14 | SF516 seattle chicago 300 300

15 SGS16 seattle topeka 0 0

16 | SES17 san-diego new-york 325 325

17 | S$F517 san-diego chicago 0 0

18 | $GS17 san-diego topeka 275 275

19

20

21 Constraints

22 Cell Mame Cell value Formula Status Slack
23| SES18 total new-york 325 SES18>=SES12 Binding 0
24 | SF518 total chicago 300 SFS18>=SF512 Binding 0
25 SGS18 total topeka 275 $6518>=56512 Binding 0
26 | SHS16 seattle total 300 $HS16<=3HS10 MotBinding 50
27 | $HS17 san-diego total 600 $HS17<=8HS11 Binding 0
28

29

Figure6. Excel SolveReport

2.2.3 THE OML IMPLEMENT@N

The OML model to represent this mathematical model could look like:

Model[

Parameters[Sets,Plants,Markets],
Parameters[Reals,Capacity[Plants],Demand[Markets],Cost[Plants,Markets]],

Decisions[Reals[0,Infinity],x[Plants,Markets], TotalCost],

Constraints|
TotalCost == Sum[{i,Plants},{j,Markets},Cost[i,j]*x[i,j]],
Foreach[{i,Plants}, Sum[{j,Markets},x]i,j]]<=Capacity[i]],
Foreach[{j,Markets}, Sum({i,Plants},x]i,j] 1>=Demand][j]]
1,

Goals[Minimize[TotalCost]]

Figure7. TRNSPORT model in OML

This model only has the declarative part of the corresponding GAMS mddelaration statements and equation
definitions



The sets are declareak part of parameter statement: they are parameter of a special type. The variables are
called Decisions, and we can specify bounds on them in the declaration. By default OML assumes variables are
free, just like GAMS (and unlike many other mathematicagmmming languages). Finally we specify the

equations.

The data and the data manipulation need to be handled somewhere else. In this case we choose the spreadsheet
interface.The screefrshot below shows how the data can be organized and entered in Excel:

| mg % i able Tooll
~ Home Insert Page Layout Formulas Data Review View Developer Solver Foundation Dresign @
|'_ 1 Impart @ =% Data Binding @ Pnext (;
[T+ Export ' Check W stop L .
New Model Solve Simulate || Summary
@) 2bout
Project Model Solve = || Simulate || Analysis
E13 - fu | =D13*Table3[freight] /1000 ¥
@] TrnsportSolver.xlsx Modeling Pane v x
A B c D E F . )
1 . VIICTOSOT
2 trnsport. Solver Foundation
3 BETA - Customer Technology Preview Edition
4 Plants Capacity Markets Demand Data Binding
& seattle 350 new-york 325 Cepacity[Plants]<=="InputDatalSBS4:3BS6, SC54:5CS6",
6 san-diego 600, chicago 300 Demand[Markets]<=="InputData!SES4:SEST, SFS4:SFST",
7 topeka 275 Cost[Plants, Markets]<=="InputData!5B512:5C518 5E512:5E518"
8
9 freight
0 _— Mol
11 1 Model[
12 Plants Markets  Distance  Cost 3 Parameters[Sets,Plants Markets],
13 seattle  |new-york 2.5 0.225] 4 Parameters[Reals, Capacity[Plants],Demand[Markets], Cost[Plants, Markets]],
14 seattle |chicago 1.7 0.153 5 B o
15 seattle |topeka 13 0162 g Decisions[Reals[0,Infinity], x[Plants,Markets], Total Cost],
16 san-diego|new-york 2.5 0.225 & Constraints]
17 san-diego|chicago 1.8 0.162, 9 TotalCost == Suml{i,Plants}{j Markets}, Cost[i, jI*{ijl.
. 10 Foreach[{i,Plants}, Sum[{j,Markets}«[i,j]]<=Capacity[i]],
e san-diegojtopeka 14 0.126 11 Foreach[{j,Markets}, Sum[{i,Plants}x[i,j]]> =Demand(j]]
19 12 ]
20 13
14 Goals[Minimize[TotalCost]]
21
151
22 16
23 17
18
24 1o
25 20
26 e —
27 Model Validation
28
29
30
31

Modeling pane open

[T oo,

Figure8. Data Binding for the TRNSPORT model

The data is organized in a table format in this example. The data binding is slightly different for table formatted

data or block formatted data.

The results are written ta separae sheet, formatted by Solver Foundation.



A B C D E

Solver Foundation Results

1

2 Name Value
3 Solution Type Optimal
4 #Goalo 153.675
5 x[seattle,new-york] 50

6 *[seattle,chicago | 300
7 x[seattle,topeka ] 1]

3 x[san-diego,new-york] 275
9 x[san-diego,chicago | 0

10 x[san-diego,topeka ] 275
11 TotalCost 153.675

a
AR

Figure9. Solver Foundation Solution Report

This modeling approach is a little bit between GAMS and the old Solver based structure: the model is specified in
an equationbased modeling laguage OML, while all data manipulation and reporting is done in Excel.

2.2.4 MICROSOFT SOLVER RDATION
The Solver Foundation comes standard with a number of solvers:

1 LP solvers: there aiseveral linear programming solvees interior point solver and a simplex based
primal and duakolvers

1 MIP solver: the Mixethteger solver allows discrete variablésom version 1.1 the default MIP solver is
Gurobi.

1 QP solver: the interior point solver can also solve QP problems,odelmwith a quadratic objective

1 CSP solver: a solver for constraint programming problems is available

Compared to GAMS and AMPL we miss a generalinear programming functionality MSF contains an
unconstrained NLP solver but this is not supportedddjL. On the fligside MSF offers a CSP solver. GAMS has no
facilities to support CSP models, and in the case of AddRie work has been done in this directi@fourer, 1998)

but to my knowledge this is not available in the official distribution. An exampa general purpose modeling
language with support for constraint programming is QRIn Hentenryck, 1999)

Now we have seen how thtensport model can be implemented in three different ways, we will continue with
the OML/Excel combination. We will@ain the language briefly, and then provide a number of annotated
examples.

3 OML THE LANGUAGE

OML (Optimization Modeling Language) is the modeling language of the Microsoft Solver Foundation.

The basic structure of an OML model is:

Note that OMLiscasd Sy 8 A G A @S (G KNRdzZAK2dziz APSd aaz2RSt¢ Aa yz2i

iKS



3.1 PARAMETERS

The Parameters section declares sets and paraméféeswill discuss here only the declarations. The
corresponding data tyipally is read from a spreadsheet, which we will discuss in section Data Binding.

3.1.1 SETS
Sets are declared in OML but they cannot be populated in OML: all content comes from data binding.
A set is declared as:

Parameters[Sets,Plants,Markets]

We now have canse two sets for indexing. The actual elements for these sets will need to come from Excel
through data binding (this is explained later).

We can split a declaration in pieces. the statements
Parameters[Sets,|],Parameters[Sets,J]

and
Parameters[Sets,,J]

are identical.

In some cases we want to be able to perform arithmetic on set elements. We can force set elements to be integers
using the syntax:

Parameters[Sets[Integers],|,J]

3.1.2 SCALARS
A scalar can be declared as follows:
Parameters[Reals,a=10]
It is possible to add bounds to the domain. E.qg.
Parameters[Reals[0,100],a=110] [/l illegal: domain violation
will give an error. The same is true for
Parameters[integer s,a=0.5] / illegal: domain violation
The following statemerst are identical:

Parameters[Real s,a=0.5] /I fraction



and

Parameters[Real s,a=1/2] /I alternative notation for fraction

53.1.2.1 RESTRICTIONS

Scalars cannot be read from a spreadshgsehg the syntax abovéf you need to read a scalar from a spreadsheet
you neal to declare

Parameters[integer , N[] ] /I read scalar from spreadsheet
Unfortunately, salars cannot be assigned a constant expression:

Parameters[integers,N=10],
Parameters[integers,N1=N+1] // lllegal, no expressions allowed
Parameters[integers[O,N],M ] // llegal, bounds need to be literal numbers

You will need to use (N+1) in the model or import N1[] from the spreadsheet.

73.1.3 INDEXEIPARAMETERS

Indexed parameters (e.g. vectors and matrices) need to be imported from the spreadsheetalues cannot be
specified directly in OML. For more information see the section on Data Binding.

Parameters[Sets,|,J],
Parameters[Reals,V[I],A[l,J]],

Thedomain can be tightened if needed:
Parameters[integers[1,5],w[l]]

This will check if the datior wli] is integer values and between 1 and 5. If the data violates this, an error will be
issued and the model will not be solved.

Note: we can usé@&Infinity  andInfinity  in the bound specification.

53.1.3.1 RESTRICTIONS
It is not possible to use a parametertasund on a domain:

Parameters[integers,N=10],
Parameters[Reals[0,N],V[I],A[l,J]], // lllegal use of N

3.2 DECISIONS

The Decisions sectiateclares the variables. It also specifies bounds on the variables and their type (continuous,
discrete).



Here are somexamples:

Decisions[Reals,x], // a free scalar variable
Decisions[Reals[0,Infinity],y[l,J]], // a non - negative set indexed variable
Decisions[Integers,Foreach[{i,N},d[i]]],
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modeling systems that have naregative variables as the default.

3.2.1 DOMAINS
There are the following types (domains):

1 Reals: for continuous variadg

1 Integers: for integer and binary variables. If ysedto use binary variablesr zeroone variablesise a
lower bound of zero and an upper bound of omEcisions[Integers[0,1],x[l,J]] 4

1 Boolean. These are variables indicating true or false. Nlo&t these are not the same as binary
variables. In many cases one would prefer to use a binary variable as they allow numerical expressions in
equations.

3.2.2 FOREACH
The Foreach construct has a numbefarims:

1 &1 OAAAE I D#Hobps ,14.H. Note that the loop is zerdased.
1 &1 OAAAEI DE Wwiich loaj#$ jAkk+1,.. 4. Note that the loop does not include N.
1 &I OAAAE I D#obps dierket!.

Note that& T OA A A E I DAstdentichl fo8T OAAAE I DEY dzt . dzt A *
The Foreach construct can be used to declarexed variables one by one:

Parameters[integers,N=10],
Decisions[Reals, Foreach[{i,N},x[i]]]

73.2.3 FILTEREDFOREACH

The FilteredForeach construct is an extension of the Foreach expression: it addstecawdir which the loop is
executed. |.e. FilteredForeach[E b Y AHI 0 S X8 f1221LJA ATnNIMIHINIpIXIDb

In somecases you may want to generate not a full x[i,j] but only a subset, e.g. only x[ij. fohis can be
specified as:

Parameters[integers,N= 3],
Decisions[Reals, Foreach[{i,N},{j,i},x[i,l] 1,
/] strictly lower - triangular matrix

If N=3, this will generate the variables x[1,0],x[2,0],x[2,1].



LT &2dz 62dzf R f A 1S G Zlowar&ign§ur idctding didgahal, ®ibasek hdeXingijdeddieb = 2 KA X
have

Decisions[Reals, Foreach[{i,1,N+1}{j,1,i+1},x[i,j]]
An alternative formulation would he

Decisions[Reals,Foreach[{i,1,N+1},FilteredForeach[{j,1,N+1},j< =i, X[,
/I does not work in 1.1 (worked in 1.0)

Note that you cannot write:
Decisions[Reals, Filtered Foreach[{i,1, N+1}{j,1,N+1},j< =i, X[, Il illegal
In general OML models look better and are simpler if Zzzased indexing is used.

TheFiltered Foreach[] constructdoes not allow a condition to depend on a variable. If a constraint is to be
activated depending on a variable, thaplies [] construct can be used.

3.3 CONSTRAINTS

Constraints are equations (equalities or inequalities) that put extra conditions on thewolutften will use the
terms constraintequation and row interchangeably, all indicating the same concept.

The tiansportation model from section 1 has the following constraint section:

Constraints|
TotalCost == Sum[{i,Plants},{j,Markets},Cost]i,j] *X[i,ll,
Foreach[{i,Plants}, Sum[{j,Markets},x[i,j]]<=Capacity[i]],
Foreach[{j,Markets}, Sum[{i,Plants},x[i,j]]>=Demand][j]]

Figurel0. Constraints from the TRNSPORT model

This example directly corresponds to taederlying mathematical model:
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For a linear programming or mixeéadteger programming model, all these constraints have to be linear.

3.3.1 SUIMMATIONS

The Sum expression is an important tool in modeling optimization mo8alamations over set indexed
expressions are very straightforwa@:0 | || DZE + .)A ddutilessummation in this context is also obvious:
Sum[{i,I},{ j,Jdzt A #



The summation over iegers is like the ForeacB.O1 | DE+ A @7 A dzY YAy 3 -2 B Ndrsiod withan = X = b
lower limit3 O1 | DE+ Eb A A A & dzY 2 @IS s BéapsIntBbm{{k, X3},b = 2

In addition there is &ilteredSum [] variant, which adds a condition to the summati@hg.
FilteredSum[{k,1,4},k'=2,k] =4 . TheFilteredSum [] construct does not allow that a condition

depends on a variable, even in case of a CSP model. Typically in that case one would use an ordin#maSum w
factor AsInt[condition]

3.3.2 ALLDIFFERENT CONSTRAINT
In some constraint programming problems, the following condition may appear:
X[i] = k wherek is different for each

This is difficult to model efficiently in a M{W/illiams & Yan, 200,lbut canbe easily expressed using thimequal
construct. The above condition can be stated as:

Unequal[Foreach [{i,N},x[i]]]

[3.3.3 IMPLIES

¢tKS 02yaidNUzOG aAF 002yRAGAZ2Yy OImpliegcSy O2yaiNIAyiGé OFy o8
Implies[x==1,y<=10]

This is only available for C8Bdels. Example:

Foreach[{i, Tiles},Implies[b][i],x][i] <=N Side[i] & y[i]<=N - Side][i]]]

3.3.4 AND, OR

InCSP modelswecanusé All APt A@P G A@D st ATheytcanilso be written using infix
operators:expl & exp2 andexpl | exp2 . The example in the preaus paragraph shows an application.
Another example is:

Foreach[{i, T}.{j,i+1,T},Implies[b[i]&b[j],
X[i]>=x[j]+Side[j] |
x[il+Side[il<=x[j] |
y[i]>=y[j]+Sidel[j] I
y[i]+Sidef[i]<=y[j]

3.4 DATA BNDING

The OML language requires that all data is specified outside the model (except for an occasional scalar constant).
The concept to move data from the spreadsheet to the model instance is called Data Binding.



3.4.1 SCALAR

To import a scalawe just need tdknow the address of the cell where it is located:

A B =

scalar 3.14

LD R |

Figurell. A scalar parameter

In this case this is Sheet1!C3.

In the OML model we specify:
Parameters[Reals,s([]],

where it is important to use [] in the declaration.ifidicates: the symbol has zero dimensions. Then in the Data
Binding dialog we can use:

G) Solver Foundation Data Binding [t

Select the cell range and define the attributes

Table/Range: | EioRlle]

Parameter: s

[ My data is a table

Select Value:

Select keys:

0K | [ Cancsl

Figurel2. Data binding for a scalar

Note: we did notchect a @ R (| Th test this vielcan use ¢he@minimal model:



Muodeling Pane v X

Data Binding
so=="Sheetl!1SC53"

Model
1 Modell

Parameters[Reals,s[]],

Decisions[Realsx],
Constraints|
x==5]

]

(=T RN I RV, RS VR N ]

101
11
12

Model Validation

Figurel3. A test model

Note that we have to usaconstraint.My first attempt wagto write this as a fixed variahle

Model[
Parameters[Reals,s[]],

Decisions[Reals][s[],s[]],x] // not allowed

]

This construct is not allowed:axcannotfix the variable by setting its lower and upper bound toss|].

We can dynamically size a variable based on a bound parameter:

Model[
Parameters[Integers,n[]], /I retrieve through data binding
Decisions[Reals,Foreach[{i,n[]},x[il]] /I OK since 1.1
]

[3.4.2 VECTORS

A vector can be imported as follows. The range will become not a single cell but a range indicating the complete
vector:



vector indexed by integers:

F I I = I I R TR R
W R

In this case that will be Sheet1!F4:F7. A minimal model to read this is:

Modeling Pane b

Microsaft®

® ¥ Solver Foundation

Data Binding
we<=="Sheetl ISFS4:5FST"

Maodel
1 Modell

Parameters[5ets,[],
Parameters[Reals, v[1]],

Decisions[Reals,x[I]],
Censtraints[Fareach[{i I} x[i]==v{i]]]

=T - B I R R SR PR (51

10

Model Validation

The set | will automatically be populatedth the index positions 0,1,2,3. This can be seen in the solution report:

Solver Foundation Results

Name Value
Solution Type Optimal
x[0] 1
X[1] 2
X[2] 3
X[3] 4

| 3.4.3 EMPTY CELLS



In Excel we often can work with empty cells. E.g. the =8igMula will not be bothered by empty cells, they will
just be skipped. In OML, empty cells cause an error.

E.g. in Excel we can do:

A B -
1
2
3 0.435088930411634
4 0.405924545361098
5 0.048297281644788
5] 0.502386070716913
7
8 0.999120769600926
9 0.347015425607172
10
11
12 sum: =SUM(C3:C9)
13

Excel is fine with the empty cell at C7 but if we try to emulate this in OML we see:

Modeling Pane v X

Microsaft ®

® ¥ Solver Foundation

Data Binding
we=="SheetlSC55C5I"

Model

1 Model

2

3| Parameters[Sets,I],
4 Parameters[Reals,v[I]],

Decisions[Reals,x],
Constraints[x==5um[{i,[},v[i]]]

oa -l Onoun

9]
10
11
12

Model Validabon

Error:
Input data error: Unexpected term: '(v)<=="5Sheetl!SC53:5C59"™, 'There is an empty
cell (SC57) in the range.’

As we will see in the examplesghs can cause some headaches when dealing with larger models.



3.4.4 MATRICES

This approach egnds to matrices. For the data:

A B = D E F G H

I

Matrix indexed by integers:
0.661085 0.712828 0.719862
0.09298 0.332065 0.793925

N = T R - TSR S I ]

we can use the range Sheetl!F5:ABe model needs to be changed to:

Model[

Parameters|[Sets,|,J],
Parameters[Reals,V[l,J] 1s

Decisions[Reals,x[l,J]],
Constraints[Foreach[{i,1}.{j,J}.[i,j]==VIi,illl

Ly GKS RFEGF 0AYRAY3I RAITf 23 02E 3 Ay Th¥ solut®n wvilldzdwSooki K G & a
like:

Solver Foundation Results

Name Value
Solution Type Optimal

x[0,0] 0.661085096
x[0,1] 0.712827648
x[0,2] 0.719861886
x[1,0] 0.092979643
x[1,1] 0.332064994
X[1,2] 0.793925364

b2GS F3IFAY GKIG SywLiie OStta INB y2i( ltt268es. Ay ha[Y &2

3.4.5 DATA TABLES

5FdF F2NXYIFGGSR +ta | RIFEGrolasS GrotS OFry 6S NBFR dzaAy3a Gl
keys (they will beconeindex sets in OML) and values. For an example we go back to our transportation model
from secton 2.2.3 We see there:



A B C D E F G
1
2 trnsport |
3
4 Plants  Capacity Markets Demand
5 seattle 350 new-york 325
B san-diego 600, chicago 300
7 topeka 275,
B8
9 freight
10 %
11
12 Plants Markets Distance Cost
13 seattle  |new-york 2.5 0.225
14 seattle |chicago 1.7 0.153
15 seattle |topeka 1.8 0.162
16 san-diego| new-york 2.5 0.225
17 san-diego|chicago 1.8 0.162
18 san-diego/topeka 1.4 0.126
19
'ttt RIFEGF A& 2NBFYAT SR Ay GlFofS
this case the Data Bindjndialog will look like:
Q Solver Foundation Data Binding i
Select the cell range and define the attributes
Table/Range: |InputDatalsEsd:sFs7 5]
Parameter: Demand
My data is a table
Select Value: ’ Demand b
Selectkeys: |[7] Markets
[[] Demand
[ ok | [ Caneal |

SIFOK 0O2f dzvy 02 NNJ

l.e. in the Demand table, the values are in column Demand (that will also become the name of the parameter) and
the keys (set elements) are in column Markets.

From a larger table we can select a Value column. E.g. in the tahl®istance and Cost data we want to extract
the parameter Cost[Plants,Markets]. This can be achieved by:



Note that in the dialog we specified the whole range B12:E18. The system will ignore unused parts (like the column
Distance), and it will show thactual used range as:

Indeed column D is not used in the data binding for Cost[Plants,Markets].

From this example you can also see that we used the sets Plants and Markets several times. So who determines
what these sets will contain. The answer is that they will contain the union of all elements used.

Note that sets imported this way need to beistys. If the cell has a number OML will complain about a conversion
error.

73.4.6 SPARSE TABLES

OML does not support sparse table. That means that records with a zero value need to be explicitly part of the
table.

‘ 3.4.7 DATA LAYOUT

It is important to think carefully adut the layout of your data. Below is an example:

Sparse table































































































































































































































