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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].
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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
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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
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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
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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:



() Solver Foundation Data Binding ||

Select the cell range and define the attributes

n

Table/Range: |InputDatal3B512:5E518 =7

Parameter: Cost

My data is = table

Select Value: ’D::st -

Select keys: Plants
Markets
[ Distance
[F] Cost

[0k [ Comeet ]

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:

Capacity[Plants]==="InputData!5B54:5B%6,5C%4:5C5%6",
Demand[Markets]<=="InputData!SE54:5E57 SF54:5F57",
Cost[Plants, Markets]<=="InputData!53B512:5C518,5E512: SE518"

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




We try to read here a sparse graph

This version does not work very well. We cannot This version is better. We now have a way to
infer easily which arcs are to be used. form parameter From[Arc], To[Arc] and

So parameter Capacity[From,To] would not be Capacity[Arc]

useful because of missing combinations

From To  Capacity Arc From To Capacity
1 2 15 1 1 2 15
1 3 10 2 1 3 10
1 4 12 3 1 4 12
2 5 5 4 2 5 5
2 6 5 5 2 6 5
2 7 5 6 2 7 5
3 5 6 7 3 5 6
3 6 6 8 3 6 6
3 7 6 9 3 7 6
4 5 12 10 4 5 12
5 8 10 11 5 8 10
6 8 15 12 6 8 15
7 8 15 13 7 8 15

The left table describes a sparse network. Only some arcs (i,j) exist and have a capacity. OML cannot handle this
data. If we would declarBarameters[Reals, Capacity[From,To]] then OML assumes all combinations
(From,To) exist.

In GAMS we could form thees from the sparse capacity table as follows:

set arcs(i,));
arcs(i,j)$capacity(i,j) = yes;

i.e. an arc exists where we have a capacity.

In OML we cannot build any sets or parameters from other sets and parameters. One way to organize the data so
an OMLmodel can work with it is to have a complete matrix Capacity[From,To] for all combinations (From.To) with
explicitly Capacity[From,To]=0 when the arc does not exist. For larger instances this may become tedious,
especially when the graph is very sparse.

Another approach is shown in the right table. Explicitly introduce arc numbers so we can form the parameter
Capacity[Arc]. The nodarc incidence can then be formed by parameters From[Arc] and To[Arc].

The exact form of the input data is important notdmall part because OML has no data manipulation facilities
allowing the modeler to repair or massagefitiling data.

73.4.8 RANGE NAMES



Excel data binding does support range nanathough the feedback from the GUI does imply otherwise. Excel
range names can hgdobal for the whole workbook or workheet specific. Even for global names we need to
specify the sheet name. E.g. if a range N is used to indicate a scalar parameter, we need to specify: Sheetl!N. If we

try to specify only N we see:

r@ Solver Foundation Data Binding |£|
Select the cell range and define the attributes
Table/Range: N
Parameter: M
0 Microsoft Solver Foundation ﬁ

Invalid Syntax - unable to parse binding.

) (o)

If we specify She@!N it works. However when we open the binding dialog again, we see:

[ G) Salver Foundation Data Binding ﬁw
Select the cell range and define the attributes
Tahble/Range: @
Parameter: N

[] My data is a table

Select Value:

Select keys:

[ ok [ camesl |

This is misleading howevehe actual underlying range is not Sheetl!$F$5 but rather Sheefl&\tan see this if
we change the definitionf the range NIf we change the range N to sagheetl!$E$then (only after pressing
the Solve button) we see the data binding info is changed:

Data Binding
N<=="Sheetl!SES5"




| have not been able to use dynamic ranges with data bindingexample of such a dynamic range is
=OFFSET($A%$1,0,0,COUNT$A:$A),1) . These constructs are used to make ranges automatically expand or
contract depending on the size of a table. This is convenient if you want to allow a user to add or delete rows, such
that the rest of the spreadsheet is updated accordingly. Vifited ranges, adding a row may not change the actual
calculations as the new row is outside the range that is being operated éplowing dynamic ranges makes it
possible to create better scalable spreadsheet applications. Of course it is always posk@dte some VBA code

that manipulates a named range.

3.4.9 DEBUGGING

There is no good facility to debualgita binding: there is no display statement and no equation listing or expand
command to look at equationddowever the followingvorks: introduce extra v@ables ancextra onstraints so
the variables are equal to the imported data

Foreach[{i,I},xdbugli]==testpar]i]]

Then in the solution report you can inspect the variable.

73.4.10 PERFORMANCE

It looks like the MS Solver Foundation Excel#iug somewhat slovior importing larger data sets (we observed
this in thisnote). Here are a few timings that confirm this:

Cells |MSF Excel Plugin GAMS gdxxrw

n=100 0.7 1.2

n=1000 2.7 1.3

n=1000(|23.0 1.4

OML Model Binding: P<=="Sheet1!$B$2:$CW$101"
Model[

Parameters[Sets,|,J],
Parameters[Reals,P[l,J]],
Decisions[Reals,d],
Constraints[d==0]

]

GAMS Model $call gdxxrw i=data.xlsx par=p rng=A1:CW101
parameter  p(*,*);

$gdxin data

$load p

scalar n;
n=card(p);
display n;



http://yetanothermathprogrammingconsultant.blogspot.com/2008/12/mona-lisa-assignment-in-gams.html

The MSF code contains a large parameter that is read through data binding, together with a minimal (one variable,
one constraint) model. The GAMS code calls GDXXRW to read the spreadshienaheé intermediate GDX file
is read again by GAMS. We display the cardinality of p as a check we read all numbers.

4 SOME APl NOTES

L R2y Qi syl G2 RSt@S @GSNE RSSLI Ayid2 GKS '1tLQ&a 2FFSNBR
languagés often to be preferred to writing & Y (i NA E  Fr&djfiéhalpragamidging lanyuabe. However

it is useful to discuss some practical cases where we blur the difference a bit: OML can be used from within C# to

handle cases where the Excel pindhas limitations.

4.1 RUNNING OML FROM C#

A simple way to run a scalar OML model enidbed in a C# file is as follows.

We consider again the simple transportation model from secfidh In OML the model looks like:

This can be used from C#falows:

/Il <summary>

/Il Holds the OML model

/Il </summary>

string  strModel = @"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,i]l,
Foreach[{i,Plants}, Sum[{j,Markets},x[i,j]]<=Capacity[i]],
Foreach[{j,Markets}, Sum[{i,Plants},x[i,j]]>=Demand[j]]
1,

Goals[Minimize[TotalCost]]




SolverContext context;

context.LoadModel( FileFormat .OML, new StringReader (strModel));
Solution  solution = context.Solve();

Console .Write( "{0}" , solution.GetReport());

The real issue is how to handle the data. For this example we stored the data in an Access database as follows:

Capacity
Plant
Capacity

Demand
Market
Demand
Markets
% 1D Distance Cost
Plant Plant
Market Market
Distance Cost

We will use the tables Capacity and Demand andQhery Cost. The data looks like:

= Cost
Plant = Market - Cost -
Seattle New-York 0.225
Seattle Chicago 0.153
Seattle Topeka 0.162
San-Diego New-York 0.225
San-Diego Chicago 0.162
San-Diego Topeka 0.126
| capacity ] Demand
Plant - Capacity -~ Market - Demand -~
Seattle 350 MNew-York 325
San-Diego 600 | | Chicago 300
* E Topeka 275

The reason to choose Access is that Access is simple database. Once we have our code working with Access, we
can be reasonable sure that handling other database systems is easy. Essentially we are aiming to handle the least
common denominatorThe code tdandle this can be as follows:

/Il <summary>
/Il Solve the problem
/Il </[summary>
public void Solve()

{
context.LoadModel( FileFormat .OML, new StringReader (strModel));

conn = new OleDbConnection (connection);
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foreach (Parameter p in context.CurrentModel.Parameters)

{
switch  (p.Name)
{
case "Capacity"
setBinding(p, "select plant,capacity from capacity"”
"capacity" , new string [[{ "plant" });
break ;
case "Demand":
setBinding(p, "select market,demand from demand"
"demand”, new string [{ "market" });
break ;
case "Cost" :
setBinding(p, "select plant,market,cost from cost"
"cost" , new string [{ "plant” , "market" });
break ;
}
}

Solution  solution = context.Solve();
Console .Write( "{0}" , solution.GetReport());

In each binding operation we specify:

The SFBarameter, which we retrieve from the CurrentModel

The query to be used against the database

The name of the data column

The names of the index columns (passed on as an array of strings)

powbdpE

The complete model looks like:

using System;

using System.Collections .Generic;
using System.Ling;

using System.Data;

using System.Data.OleDb;

using System.Data.Ling;

using System.Text;

using Microsoft.SolverFoundation.Services;
using System.lO;

namespace OML1

{

class Trnsport

{
/Il <summary>
/Il Called by the OS
/Il </[summary>
/Il <param name="args"></param>
static  void Main(string [] args)
{

Trnsport  t= new Trnsport ();




t.Solve();
}

/Il <summary>

/Il Holds the OML model

/Il </summary>

string strModel = @"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]]>=Demandl[j]]
1,

Goals[Minimize[TotalCost]]

"

/Il <summary>

/Il Connection string for MS Access

/Il Use x86 architecture!

/Il </summary>

string  connection =  @"Provider=Microsoft. ACE.OLEDB.12.0;Data
Source=C:\ projects \ m3 OMLLOMLtrnsport.accdb;Persist Security Info=False;"

/Il <summary>

I SFS

/Il </[summary>
SolverContext  context;

/Il <summary>

/Il One db connection
/Il </[summary>
OleDbConnection conn;

/Il <summary>
1" Constructor
/Il </summary>
public  Trnsport()
{

}

/Il <summary>

/Il get query result as DataSet

/Il </summary>

/Il <param name="connection"> connection string </param>

/Il <param name="query"> query as string  </param>

/Il <returns>< /returns>

private DataSet SelectOleDbSrvRows( string connection, string query)

{

context=  SolverContext .GetContext();

DataSet ds = new DataSet ();

OleDbDataAdapter adapter = new OleDbDataAdapter ();
adapter.SelectCommand = new OleDbCommar(dquery, conn);
adapter.Fill(ds);

return ds;




/Il <summary>

/Il Perform some magic to make sure the query output arrives in OML model.

/Il </summary>

/Il <param name="p">OML/SFS parameter </param>

/Il <param name="query"> database query </param>

/Il <param name="valueColumn"> column with values  </param>

/Il <param name="IndexColumns"> columns with indices  </param>

private void setBinding( Parameter p, string query, string valueColumn, string []
IndexColumns)

{
DataSet ds = SelectOleDbSrvRows(connection, query);
DataTable dt=ds.Tables[0];
p.SetBinding(dt.AsEnumerable(), valueColumn, IndexColumns);
}

/Il <summary>
/Il Solve the problem
/Il </summary>
public void Solve()

{
context.LoadModel( FileFormat .OML, new StringReader (strModel));
conn = new OleDbConnection (connection);
foreach (Parameter p in context.CurrentModel.Parameters)
{
switch  (p.Name)
case "Capacity”
setBinding(p, "select plant,capacity from capacity" ,
"c apacity" , new string [[{ "plant" });
break ;
case "Demand"
setBinding(p, "select market,demand from demand" ,
"demand”, new string [{ "market" });
break ;
case "Cost" :
setBinding(p, "select plant,market,cost from cost" ,
"cost" , new string [{ "plant” , “"market" });
break ;
}
}
Solution  solution = context.Solve();
Console .Write( "{0}" , solution.GetReport());
}

4.2 CALLING C# FROM EKCE

Sometimes models are not suited to be expressed in OML only. An example wdddarese we need to solve
different models or need to implement an algorithm. In this case we really need to use the Solver Foundation
ltLQad /Iy 6S &endtd iost dtmiuSenteEatel The andwerfisNERyeie are basically two ways



to call .Net in general or C# specifically from Excel. The first one is to erddt DLL with appropriate COM
interfaces. Then this DLL can be called from VBA. This approach is illustrated inESeotibReference source not
found.. Another approach is to use VSTO: a framework to call .Net from Office applicatiims demonstrated

in section5.13

5 EXAMPLES

In this section we will implement a feexamples The firstexample was aimplelinear programming problem
based on a transportation probleandwas discussed in the introducti@ection Here we discuss a few other

models.

The example modeksre not reallife models. We use here smaller artificial models, as they can be explained easier

while they can illustrate a certain modeling issue in a more succinct waylifReabdels tend to be large,
complicated, and messy and they have lots of @xtetails that just obscure the issues we want to demonstrate.

5.1 A DIET PROBLEM

The diet problem goes back to work by the economist George Stigfigter, 1945)although earlier formulations

have been mentioned@Murphy, 1996) It is one of the firstoptith T | G A2y LINRO6f SYa

FYR nnQado Li
minimizing the cost.

Below we show a part of the table that gives nutrient contents okdéfiit commodities per dollar spent.

id description units
flour Wheat Flour (Enriched) 10 Ib.
macaroni  Macaroni 11lb.
cereal Wheat Cereal (Enriched 28 oz.
cornflakes Corn Flakes 8 oz.
cornmeal  Corn Meal 1lb.
grits Hominy Grits 24 oz.
rice Rice 11b.

gl a

FTANRG Y2GAQFGSR o8

weight calories protein  calcium
aug 15 1939 edible per $1

(cents) (grams) (1000) (grams) (grams)
36 12600 44.7 1411 2

14.1 3217 11.6 418 0.7

24.2 3280 11.8 377 144

7.1 3194 11.4 252 0.1

4.6 9861 36 897 1.7

8.5 8005 28.6 680 0.8

75 6048 21.2 460 0.6

In addition we have a table of minimum requirements per day:

recommended daily allowances fongoderately active man

calories
protein
calcium
iron
vitaminA
thiamine

riboflavin

70
0.8
12

18
2.7

iKS

iron

(mg.)
365
54
175
56
99
80
41

I Nye Qa

vitamin A

(1000 1U)

30.9



niacin 18

ascorbicAcid 75

Together we can compute the leastpensive diet, to keep the poor soul subject to this glilein alive. The linear
programming model is fairly straightforward:

min 604y,
(4l
OEE B8R 606y, OAEOCECQ V EN O
6

This is very simple:

The objective is very simple as the variaBley is expressed in dollars. If the unit was related to volume we would
KIS aSSy | 02ali O2STTAOASYU RAFTFSNBYyUG FTNRY it 2ySQao
also possible to write:

Here we have a @& objective functiorBum([{c,C},Buy[c]]  with a labelTotalCost .

This compares directly to the original GAMS model:

positive variable x(c) ‘dollars of food to be purchased daily (dollars)'

free variable cost 'total food bill (dollars)'
equations
nb(n) 'nutrient balance (units)'

cb 'cost balance  (dollars)'




nb(n).. sum(c, data(c,n)*x(c)) =g= allowance(n);
cb.. cost=e= sum(c, x(c));

model diet 'stiglers diet problem' / nb,cb/ ;
solve diet minimizing cost using Ip;

The problem is however with the data. A missing entry f@oatent[c,n] means it has zero content for that
particular nutrient.In GAMS this is handled automatically as its sparse matrix storage implies thakistentand
zero is the same thing.

To be able to import the datin OMLand sets we need to reorganize the data substantially. | use the table format:

C N Content

Hour Calories 44.7
Hour Protein 1411
Hour Calcium 2
Hour Iron 365
Hour vitaminA 0
Hour Thiamine 55.4
Hour Riboflavin 33.3
Hour Niacin 441
Hour ascorbicAcid 0
Macaroni  Calories 11.6
Macaroni Protein 418
Macaroni  Calcium 0.7
Macaroni Iron 54
Macaroni  vitaminA 0
Macaroni  Thiamine 3.2
Macaroni  Riboflavin 1.9
Macaroni Niacin 68
Macaroni  ascorbicAcid 0

Here we introducednanyzercs where neededsOML does not handle sparse tahl&ome of the inserted

records are highlighted in the above tablee\soremoved some records (price, weiglitat were not required

For larger dataets adding the zero records explicitly may be a lot of work and it may use up a lot of space in the
spreadsheet.

In general we need to be very precise with the data to match exactly the parameters and sets in the model. We
cannot repair anyproblems withthe data in the OML model. This is very different from GAMS where one often
takes the data as is, and then manipulate the data until suitable for use in the model equations.

5.2 MAX FLOW, A NETWORIODEL

The max flow problercan be stated as:



max"Q
"Qif i is a source

10 W0 W= 'Qifiis asink
G TR mw(m o ~0 otherwise
0 oo wi(QP

The model is not too difficult to state in OML. An issue is that nmatyorks are sparsea concept not really
supported by OML. The G¥ formulation can look like:

$ontext
max flow network example

Data from example in
Mitsuo Gen, Runwei Cheng, Lin Lin
Network Models and Optimization: Multiobjective Genetic Algorithm Approach
Springer, 2008

Erwin Kalvelagen, Amsterdam Optimization, May 2008
$offtext
sets
i 'nodes' /nodel*nodell/
source(i) /nodel/
sink(i) /nodell/
alias (i,));
parameter  capacity(i,j) /

nodel.node2 60
nodel.node3 60
nodel.node4 60
node2.node3 30
node2.n ode5 40
node2.node6 30
node3.node4 30
node3.node6 50
node3.node7 30
node4.node7 40
node5.node8 60
node6.node5 20
node6.node8 30
node6.node9 40
node6.nodel0 30
node7.node6 20
node7.nodel0 40
node8.node9 30
node8.nodell 60
node9.nodel0 30
node9.nodell 50
nodel0.nodell 50

set arcs(i,));
arcs(i,j)$capacity(i,j) = yes;
display  arcs;




parameter  rhs(i);

rhs(source) = -1,
rhs(sink) = 1;
variables
x(i,]) 'flow along arcs'
f ‘total flow'

)

positive variables X;
x.up(i.,j) = capacity(i,j);

equations
flowbal(i) ‘flow balance'
flowbal(i).. sum(arcs(j,i), x(,i)) - sum(arcs(i,j), x(i,j)) =e= f*rhs(i);

model mflowbal/ ;

solve  m maximizing f using Ip;

We discussed this already in secti®d.7. The sparse network cannot be handled directly by OML. Of course we
could generate a dense graph by introducing capaciie all arcs between any two nodd%or larger networks

this is not a reasonable approacdhks a workaround, we number the arasd have as data From[.] and To[.]. This
looks like:

Max Flow Network

ArcNum  From To Capacity Node NodeNum Rhs

1 1 2 60 nodel 1 -1
2 1 3 60 node2 2 1]
3 1 4 60 node3 3 1]
a4 2 3 30 noded a4 i}
5 2 5 40 nodes 5 0
6 2 6 30 node6 6 0
7 3 4 30 node?7 7 0
8 3 6 50 noded 8 1]
9 3 7 30 node9 9 ]

10 4 7 40 nodel0 10 0

11 5 a8 60 nodell 11 1

12 6 5 20

13 6 8 30

14 6 9 40

15 6 10 30

16 7 ] 20

17 7 10 40

18 a8 9 30

19 8 11 60

20 9 10 30

21 9 11 50

22 10 11 50

The complete model can look like:






Maodeling Pane v X

Microsoft ®

® ¥ Solver Foundation

Data Binding

ArcMurmn[Arcs]<=="5heet]|5B59:5B531, 5C89:5C531",
From[Arcs]<=="5heetl!5B53:5B531,5059:50531",
To[Arcs]<=="5heetl!SB59:5B531,SE59:5E531",
Capacity[Arcs]<=="5heet1!5B53:5B531, 5F59:5F531",
ModeMum[Mode]<=="Sheetl |SH53:SH520, 5159:51520",
Rhs[Mode]<=="5heetl |5H39:5H520, 5J89:5)520"

Madel
1 Modell
Parameters[Sets, Arcs, Modes],
Parameters[Reals, Capacity[Arcs]],
Parameters[Integers, Rhs[Modes], From[Arcs], To[Arcs] ArcNum[Arcs], NodeMum[Nodes]],
Decisions[Reals[0 Infinity], maxflow, flow[Arcs]],
Constraints[
11 Foreach[{j,Modes],
12 FilteredSum[{a,Arcs}, To[a]==NodeMNum][j],flow[a]] -
13 FilteredSum[{a,Arcs),From[a]==MNodeMumlj] flow[a]] == maxflow*Rhs[j]],

15 Foreach[{a Arcs) flow[a]<=Capacity[a]]

The node balance equation becomes a litileunwieldy and less readable with this approach. This is a small,
artificial example but note that quite a few models have some network component. It illustrates that leaving out
sparse data handling and multidimensional sets to simplify a modelingdaegalthough not a show stopper,
comes with a cost in the form of additional complexity for the modeler. Note that in this model we still have a
possibly large node table to maintain (the GAMS model handles this sparse).

5.3 THE SOCIAL GOLFERPIEREM

| am reently involved in a practical application of a scheduling problem related t&twéal Golfer ProblenThe
particular application is somewhat more complicated, but we could use the GAMS/Cplexdesdebedhere as
a starting point.

The problem is to find a good schedule for a number (N) of golf players. They play Tirogralgs okizeGS. |.e.
we have T&S=N. The schedule has to be designed that each golfer meets another golfer at most one time.

For smaller instances of the pure Social Golfer Problem, dinigamient to use a CSP approach:


http://www.cs.brown.edu/~sello/golf.html
http://yetanothermathprogrammingconsultant.blogspot.com/2008/06/variant-of-social-golfer-problem.html

variable oo, M {0,1} Binary variake indicating if playeris playing in groug in roundt.

A player has to play each round in exactly one group.

o = 11D
o
G = "OY! QO Each group consist @Splayers
Q
Gt 1) TQ Restrict the number of times playerandj meet. This is a nolinear constraint,
. but that is no problem in a CSP setting. The equation is specified here for each

combination i and j. Note however that if we compatiexhdj we no longer have to
inspectj andi, so we can restrict the number of equations by exploiting symmet
here.

Without loss of generality we can fix the first round and fix the first playere is a formulation in KL




The resulting scheduling looks like:

Schedule

round 1 round 2 round 3 round 4 round 5
Golfer 0 Golfer 0 Golfer 0 Golfer 0 Golfer 0
Golfer 1 Golfer 6 Golfer 4 Golfer 5 Golfer 7
Golfer 2 Golfer 9 Golfer 8 Golfer 11 Golfer 10
Golfer 3 Golfer 13 Golfer 12 Golfer 14 Golfer 15
Golfer 4 Golfer 3 Golfer 3 Golfer 2 Golfer 2
Golfer 5 Golfer 7 Golfer 5 Golfer 6 Golfer 4
group 2
Golfer 6 Golfer 8 Golfer 9 Golfer 8 Golfer 9
Golfer 7 Golfer 14 Golfer 15 Golfer 15 Golfer 14
Golfer 8 Golfer 2 Golfer 2 Golfer 3 Golfer 3
Golfer 9 Golfer 5 Golfer 7 Golfer 4 Golfer 6
group 3
Golfer 10 Golfer 10 Golfer 11 Golfer 10 Golfer1l
Golfer 11 Golfer 12 Golfer 13 Golfer 13 Golfer 12
Golfer 12 Golfer 1 Golfer 1 Golfer 1 Golfer 1
Golfer 13 Golfer 4 Golfer 6 Golfer 7 Golfer 5
group 4
Golfer 14 Golfer 11 Golfer 10 Golfer 9 Golfer 8
Golfer 15 Golfer 15 Golfer 14 Golfer 12 Golfer 13

Indeed the meet counts are what we want:

Meet count

=

golfer 0 golfer1  golfer2  golfer3  golfer4  golfer5  golfer 6  golfer 7 golfer8  golfer 9  golfer 10  golfer 1 golfer 12 golfer 13 golfer 14 golfer 15

golfer 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 3 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 4 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 5 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 6 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 7 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 8 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 9 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 10 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 12 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 13 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 14 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
golfer 15 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

A differentformulation would be to use an integer variable x][i,t]=g whichresponds to x[i,g,t]=1 in the above
model.

variable g, ¥ {1,8 ,0°Q Integer variable indicating in which group golf@tays in round.



1="0Y! 60 The number of golfers in a group must be NG
gm0

1 1170 The number of times golférandj meet. Again we can exploit symmetry her:
0| = W

The OML representation can look like:

This formulation would not be possible with a MIP solvédre performance of the first formulation seems a little
bit better.

In a MIP formulation we can go back to our binary variables x][i,g,t]biFfaey multiplication in the met count
equation can be linearizeas:

Ao Gogo
Ao oo
O Gogp+ @ge 1
d-gm@ 1

o



where0 G -gq lis a new variable; this variable can be continuous. The firstihequalities can actually be
droppedc | & ¢S INB 2yfté& AYyiSNBaGdSR Ay {SSLAYy3 GKS ydzYo SN 2
formulation needs many more equations and variables than a corresponding CSP model.

5.4 JOB SHOP SCHEDULING

Scheduling modelsra sometimes very difficult to solve as a mathematical programming problems. A good
example of this is the standard Job Shop Scheduling problem.

Probably the best way to explain the problem is looking at a data set:

task3 task4 task5 task6
machine | time machine time Machine time machine time machine time machine time
jobl m2 1 mO 3 m1l 6 m3 7 m5 3 m4 6
job2 ml 8 m2 5 m4 10 m5 10 mO0 10 m3 4
job3 m2 5 m3 4 m5 8 mO 9 m1l 1 m4 7
job4 ml 5 mO 5 m2 5 m3 3 m4 8 m5 9
job5 m2 9 m1l 3 m4 5 m5 4 mO0 3 m3 1
job6 ml 3 m3 3 m5 9 mO 10 m4 4 m2 1

Each job has to go through a number of stages (called tasks here) on different machines. The times a task occupies
a machine is listed in the table. Each machine can only work on one task at the time. The goal is to design a
schedule that minimizes the tal make span, i.e. the time that the last task is finished.

The basic model looks like:

variabley, 0 Start time oftask of running jolh on machinem
variable tgos N {0,1} A binary variable indicating whether jplsbomes after jotk on machinem
Qo @1t Gy Precedence equation&or certain combination§,m1,m2)we need to

prescribe a sequencing: first execute task on machiriefore we can
execute on machinen2. The sequencing data is taken from the table abo\
E.0GQep1 s asoen  Wed1aasoese T 1. We only need to do this for tasks
that immediately follow each otheiThis is not very easy to do in OML as v
R2y Qi KI @ Sdiriehdiontbs8ts. Y dzf { A

@y g + 0gq 0 Gy No overlap equations. These equations make sure a machine is occupie

Gog  @p t0 0(1 Qi) 2yfe dzld G2 2yS 220 Fd GKS GAYS§i
executed on machine before or after jobk. This is a big/ formulation: we
need tofind an appropriate value for it. In the model we just use the sum
all processing times for this: job will be scheduled later than thathis
type of constraint is typical in scheduling applications.



minirpize f.x‘ The objective iso minimize the total make span. This is modeled by
o Gyt Oy minimizing the finishing timef the last task.

This formulation is fronfManne, 1960) The OML representation looks like:

The precedence equations are somewhat complicated as we need to simulate a sparse set here:

Qro Gxit 0! (BLE2)NTY

The data as presented in the table is not suited to be imported directly into the model. In a different sheet we
prepare the dataeady for consumption by the model:



Processing times

lob Machine Time
jobl m2
job2 mi
joh3 m2
jobd ml
jobs m2
johe ml
jobl m0
jobZ m2
job3 m3
joha mo
jobs mil
johe m3
jobl mil
job2 md
job3 ms
joba m2
johs md
jobe m5
jobl m3
job2 ms
joh3 mo
jobd m3
johs m5
jobe mo
job1 m5
job2 m0
joh3 ml
jobd md
jobs mo
jobB md
jobl md
jobZ m3
job3 m4
jobd m5
johs m3
johe m2
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Machine numbers

md
ml
m2
m3
mid
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Job numbers

jobl
job2
job3
joba
job5s
jobB
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Precedence

Task

taskl
task2
task3
taskd
tasks
taskl
task2
task3
task4
tasks
taskl
task2
task3
taskd
tasks
taskl
task2
task3
taskd
tasks
taskl
task2
task3
task4
tasks
taskl
task2
task3
task4
tasks

lob

jobl
jobl
jobl
jobl
jobl
job2
job2
job2
job2
job2
job3
job3
job3
job3
job3
joba
job4
jobd
jobd
job4
jobs
job5
jobs
jobs
johs
jobb
jobt
job6
joh6
jobb
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This problem with six jobs and six machines solves quickly with the Gurobi mip $blwenodel can be simplified
gKSyYy dzaiy13

a2YSeKI 0

With some VBA code it is easy to create a GANTT chart of the solution:

I {t

Y2RSt Ay3ay
However the CSP model did not soasequickly as the MIP model.
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GANTT Chart for Jobs

jobs
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job4

job2
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This shows how jobs are scheduled. A different view would be:

GANTT Chart for Machines

machineb

machined

L

machine3

machine2

machinel

machined
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Larger instances can be difficult to solve. A famous benchmark model callgéigh@r & Thompson, 196@jth

10 jobs and 10 machin&gas only solved to optimality ifCarlier & Pinson, 1988@jfter 25 years being unsolved

(Jain & Meeran, 1998Nowadays wean solve this problem using a MIP solver like Gurobi in less than five minutes
on a standard PC.

The data for ft10 looks like:

taskl ~ task2 | task3  task4 | tasks = taské = task7 | task8 | task9 | taskl0
inetime machinetime machinetime machinetime machinetime machingtime machinetime machinetime machinétime machinetime
m0O 29 ml 78 m2 9 m3 36 m4d 49 m5 11 m6 62 m7 56 m8 44 m9 21
m0O 43 m2 9 m4 75 m9 11 m3 69 ml 28 m6 46 m5 46 m7 72 m8 30
mlL 91 mO 8 m3 39 m2 74 m8 90 m5 10 m7 12 m6 89 m9 45 m4 33
mlL 8 m2 95 mO0 71 m4 99 mé6 9 m8 52 m7 8 m3 98 m9 22 m5 43
m2 14 mo 6 mlL 22 m5 61 m3 26 m4 69 m8 21 m7 49 m9 72 m6 53
m2 84 ml 2 m5 52 m3 95 m8 48 m9 72 mO0 47 m6 65 m4 6 m7 25
mlL 46 mO0O 37 m3 61 m2 13 m6 32 m5 21 m9 32 m8 89 m7 30 m4 55
m2 31 mO0O 8 ml 46 m5 74 m4 32 m6 8 m8 19 m9 48 m7 36 m3 79
mo 76 ml1 69 m3 76 m5 51 m2 8 m9 11 m6 40 m7 8 m4 26 m8 74
mlL 8 m0 13 m2 61 mé6 7 m8 64 m9 76 m5 47 m3 52 m4 90 m7 45

The results:



GANTT Chart for Jobs
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5.5 MAGIC SQUARES

A magic square issquare(n x n)matrix of unique integers 1,.2rsuch that the row sums, column sums and sums
over the two diagonals all yield the same numbldeor a detagd explanation see
http://en.wikipedia.org/wiki/Magic_square

The actual value of the sum over the rows, columns and diagonals can be easily derived. The sum over all cells is

§;2
‘82
T (82+ 1)
2
‘1
Each row sum is equal, so a row sum is this number divided Ay a result the row, column and diagonal sums
are equal to

1‘s(‘82+ 1)
2


http://en.wikipedia.org/wiki/Magic_square

Finding a magic square of sizés a feasibility problem (there is no objective: just find a feasible solution). The

problem is quite suited for the CSP solver, as we can use td#fatient constraint to create a more efficient
model than is possible with a MIP formulation. The basic model can look like:

Model[

Parameters|[integers,N[]],
Decisions[Integers[1,Infinit y],Foreach[{i,1,N[]+1},{j,1,N[]+1}.x[i,jIIl,

Constraints|

/I bounds on variables:
Foreach[{i,1,N[]+1},{j,1,N[]+1},1 <= x[i,j]<= N[]*2],

/I row and column sums:
Foreach[{i,1,N[]+1}, Sum[{j,1,N[]+1},X[i,j]] == N[J*(N[]*2+1)/2],
Foreach[{j,1,N[]+1}, Sum[{i,1,N[]+1},X[i,j]l == N[J*(N[]*2+1)/2],

/l diagonals:
Sum[{i,1,N[]+1},x[i,i]] == N[J*(N[[*2+1)/2,
Suml[{i,1,N[]+1},x[i,N[] - i+1]] == N[I*(N[]*2+1)/2,

/I additional constraint: sum of all cells
Sum([{i,1,N[]  +1},{j,1,N[+1}x[i,jl] == N[J*2*(N[]"2+1)/2,

/I symmetry breaking constraints

X[1,1] <= X[1,N[]] -1,
x[1,1] <= x[N[,N[]] -1,
X[1,1] <= X[N[,1] -1,

X[L,N[]] <= x[N[]1] -1,

/I all different
Unequal[Foreach({i,1,N[]+1},{j,1,N[]+1},x [i,j11]

There are a number of points we can make about this model.

a.

We repeat the expressioN[J*(N[]*2+1)/2 several times. That is really considered bad modeling.
Unfortunately OML does not allow to s&grameters[integers,M=N[]*(N[]*2+1)/2 1. We could have
calculated this number in Excel and import that, but that violamesther rule: keep interfaces as small as
possible.

We use here indexing 1..N. Although most modelers would prefer tX{ken,1..n] , OML models
are often better readablevhen usingX[0..n -1,0..n -1].The reason is thaum[{i,N},..] and

&1 OA A A E I DEActuallgihelrss loop over i=0-N A loop i=1..N can be written as
Sum[{i,1,N+1},..] and& T OAAAE I DE} tshhe vistmddutiertis exerbated by using theN[]
notation. My guess is that this zedmased indexing is chosexsMSF is really programmeentric: it
primarilytargets and is developed by software developers as opposed to modelers
Theall-different constraint is very useful for models like this. This construct cannot be translated
efficiently to a MIP based mod@WNilliams & Yan, 2001)

In MSFversion 1.0a bug did not allow us to declare a variable sized using N[]. | had to intraduce
constant MaxN and size x accordingly. This resulted in unused variables.



In MSF version 1.0, the unused variables were printed in the solution sheet, in version 1.1, they are not

e.
This caused problems with some of the spreadsheet applications | dewelbjemore important to
make new versions backward compatible if users build bigger application around a framework.

f.  We use a few simple constraints to reduce some symmetry. For more examples of symmetry breaking

constraints seesection5.9.
TM & FLILX AOFGAR2Y KFa | fAGGES D!/'Ld ¢KS O2RS T2NJ 0KAa KI;

Magic Squares

This spreads

with the following |

N=
N¥N=
11/7

Total=
Sums= 65 Row, column, diagonal sum=N{N*+1}/2

Board

After setting N, the boards is resized to NxN, and the solution is resetzerali. After pressing the Solve button,

MSF will solve the model:



Solver Foundation Results

MName Value
Solution Type Feasible
x[1, 1] 12
x[1, 2] 24
x[1, 3] 1
%[1, 4] )
x[1, 5] 20
x[2,1] 7
x[2, 2] 10
x[2, 3] 25
x[2, 4] 6
x[2, 5] 17
x[3, 1] 3
x[3, 2] 18
x[3, 3] 16
x[3, 4] 23
x[3, 5] 5
x[4, 1] 22
x[4, 2] 2
x[4, 3] 19
x[4, 4] 13
x[4, 5] 9
x[3, 1] 21
x[5, 2] 11
x[35, 3] 4
x[3, 4] 15
%[5, 5] 14

Solution #1

Finally when you go back to the main page, the result is displayed on the board:

Board

The performance of this model depends on the algorithm settings. From the Summary we see that we used
TreeSearch/DomainOverWeightedTree/SuccessPrediction. The default options cause the model to solve much
slower.

Solver Foundation Report

Solver Execution Details
Datetime: 03/23/2009 00:10:25
Maodel Name: Magic Squares v2.xlsm
Capabilities requested: CP

Solve Time (ms): 157

Total Time (ms):202

Solve Completion Status: Feasible
Solver Selected: CSP

Algorithm: TreeSearch

Variable Selection: DomainOverWeightedDegree
Value Selection: SuccessPrediction
Move Selection: Any

Goals:




5.6 SUDOKU

The Sudoku puzzlattp://en.wikipedia.org/wiki/Sudoky can be conveniently coded asC&P problem.

Notice how Foreach is placed both inside and outside the Unequal construct.

A smallGUlI is easily implemented in Excel:

Sudoku

Solve the 9x9 sudoku problem as a CSP problem.
http://en.wikipedia.org/wiki/Sudoku

Input
http://www.amsterdamoptimization.com
Specify numbers between 0 and 8
0 means: let solver decide.
Output
5|3|4]6|7|8)9([1)]2
6|7|2]1|9|5]3 (4|8
1(9)8]3 4|2]5([6)|7
B|5|9])7|6|1]4]|2]|3
4|1 2|68 |5|3)7(9|1
7|1|3]9|2|4])8|5]|6
9|6|1)5|3|7]2|8)|4
3|4|5]2|8|6])1|7]%9
[

Checking whether the problem has a unique solution is easy: press the Next button. It should give: Final Solution
Found.


http://en.wikipedia.org/wiki/Sudoku

5.7 LANGFORD SEQUENCES

[FY3F2NRQa LINRBOfSY Aa (2 FT2N¥Y | a&fcdaBycOBg. 2ve hatezy 6 S N&
pairs of numbers denoted by L(2,4) then we can form:

3 0 Onoe

Between any pairs of value k there are k blocks with other numisensmore information see:

http://www.lcl ark.edu/~miller/langford.html To model this we form variables Position[i,jj with > the X Y
numbers to use andi XK the nuibeéof duplicates (j=2 means pairs). The constraints are simple: the position
should be between 1 and n*s and should be w&gThis can be easily modeled using the Unequal construct.
Secondly we impose thafi,j] - X[i,j-1] = i+1 The complete model is:

Model[
Parameters[integers,N[],S[] ],
Decisions[Integers,Foreach[{i,1,N[]+1},{j,1,S[]+1},position[i,j]]],

Constraints[
Foreach[{i,1,N[]+1},{j,1,S[]+1}, 1 <= position[i,j] <= S[I*N[]],

Foreach[{i,1,N[]+1}.{j,2,S[]+1}, position[i,j] == position[i,j -1]+i+1],
Unequal[Foreach[{i,1,N[]+1}{j,1,S[]+1},positioni,j]]]
]

]

For a MIP formulatiosee:http://www.amsterdamoptimization.com/pdf/langford.pdfThere is more research
available about CSP modeling with respect to this prok®mith, 2000)

The GUI allows you to seldodm a number of possible sequences:

Sequence [L(3,9)
5=

n=

After selecting the problem, you can press the Solve button. The reported solution looks like:

M


http://www.lclark.edu/~miller/langford.html
http://www.amsterdamoptimization.com/pdf/langford.pdf

Solver Foundation Results

Name Value
Solution Type Feasible
position[1, 1] 23
position[1, 2] 25
position[1, 3] 27
position[2, 1] 15
position[2, 2] 18
position[2, 3] 21
position[3, 1] 1
position[3, 2] 5
position[3, 3] 9
position[4, 1] 2
position[4, 2] 7
position[4, 3] 12
position[5, 1] 10
position[5, 2] 16
position[3, 3] 22
position[6, 1] 6
position[6, 2] 13
position[6, 3] 20
position[7, 1] 3
position[7, 2] 11
position[7, 3] 19
position[8, 1]
position[8, 2] 17
position[8, 3] 26
position[9, 1] a
position[9, 2] 14
position[9, 3] 24

Solution #1

[+:]

After going back to the main sheet, the solution is presented in a different, graphical format:

Solution:

HI'-'IH U"l\-llu"-\-l U"-"'-ll



VBA code was used form this solution.
5.8 TRAVELING SALESMAADBLEM

In theory it is easy to formulate a TSP when thaldferent constraint is present. Lefi]  be the i city visited,
then an OMHike formulation could look like:

Model[
Parameters[Integers,N=14],
Parameters[Sets[Integers],city],
Parameters[Reals,dist[city,city]],
Decisions[Integers|O0, N 1],x[city]],
Constraints|
Unequal[Foreach[{i,city},X[i]]]
1,
Goals|
Minimize[Sum([{i,city}, dist[x[i],x[i++1]] 1l
]
]

This does not work completelizirst, bounds cannot contain a symbolic const&dwe need to write[0,13]

instead off0, N-1] as bounds:Decisions[Integers|0, 13],x[city]]. The objective haa few more
difficulties. There is no circular lead/lag operaioiOML (like the- or ++ operator in GAMS)This can be solved

by introducing a parametanext[city] . This can be calculated in Excel and imported in the OML model.
Furthermore, we cannot use a variable as an indexdisix[i],x[next[i]]] is not a vali construct

(some languages geared towards solving CSP problems allow this; it adds concise expressiveness to the language
that may help the modeler). The error message indicates this is not related to OML per se but rather to solver
support. Also it is nioallowed to use something likeéilteredSum({j,city},j==x]i],...] (a condition

in a FilteredSum cannot depend on a decision variable). The only thing | could think of was:

Minimize[Sumi{i,city}{j,city},{k,city}, AsIntj==x[i]|*AsInt[k==x[next[i]]]*dist[j, k 1

Note that | used integers as set elements. | started with using-bis@ding through tables, using set elements
{'city0','city1',...,'city13’} This made the model somewhat more complicated, as x[i] is an integer. So the CSP
formulation uses the simpteset{0,1,...,13J]allowing us to operate on indices. (Some consider this bad modeling: in
GAMS arithmetic on sets is actually discouraged, and needs a fuctin to convert the element always a

string in GAMS to an integer). Unfortunately | was nable to solve the small 14 city example with the CSP
solver using this formulation. (Even after addDigy[0]==0  as constraint). To check the input, | also tried a MIP
formulation with Gurobi. That solved this small instance just fine.

In the MIP formuléion we needed to formulate:
FilteredSuml{i,city},i != "city0', x['cityQ",i]]== 1

From what | can see this is not possible: a set element not being an integer can not be used in OML. As a
workaround | created sets by binding to some dummy parameters:

Sum[{i 0,city0},{i,city2},x[i0,i]]==1



wherecityO is a set containing only a single elemérityQ', andcity2 is a sef'cityl’,...,'cityl3} The
constraint

FilteredSuml[{i,city},{j,city},i 1= j,x[i,j]] <= N

did not work as i and j are not numeric. A workarowadild be to have a parameteum[city]  which can be
calculated in Excel and then imported. Then the condition can mead{i]!'=num([j] . l'just used

dist[i,j]>0 as condition, as that also can be used to exclude the diagonal (the Excel spreadsheet nmeakes sur
all diagonal distancedist[i,i] are zero). A more general approach would be to be able to introduce sparse 2
d sets (like one could do in AMPL and GAMS), but OML has only one dimensional sets as far as | know.

This exercise was really meant to expldne expressiveness of OML. The little model actually shows some
interesting issues with OML and some possible workarounds. | do not want to suggest this is a good way to solve
TSP's. Obviously these approaches are not suited for large problems. A cutiegafgorithm often is quite

effective for slightly larger problems (see tdi3 city problem ). The Excel pluigh does not allow us tanplement

such an algorithm: an OML model can only contain a single model and has no looping facilitiesr&al lakge problems,

you need to look elsewhere, such@sncorde .

The complete MIP model look&ei:



http://yetanothermathprogrammingconsultant.blogspot.com/2008/07/how-to-call-gams-from-access.html
http://www.tsp.gatech.edu/concorde.html

This formulation is fronfSvestka, 1978)'he problem is from TSPLIB and the distance calculations are replicated in
the Excel spreadsheet (they involeemplicated expressions due to projections). The final result is displayed in a
chart:

A slightly better picture results if we use decimal degrees. The coordinates above are in the format DD.MM
(degrees and minutes). To convert this to decimal degreeaseehe formula: DD+MM/60. The result is show
below:






























































































































