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Dynamic Programming

Satz 2.6  Algorithmus 2.5 berechnet besten Losungswert fiir das Rucksackproblem in einer
Laufzeit O(nZ).

Algorithmus 2.5 (Dynamic Programming fiir Knapsack)

Eingabe: zi,...,2,,Z,p1,..-Pn
Ausgabe: Funktion P:{1,...,Z}x{1,...,n} - R; (x,i) — P(x,i) l

Induktion!

1. Obiekt i ist zu teuer fiir Kostenschranke x. falls z; > x

2. Obiekt i ist nicht zu teuer, bringt aber keine Verbesserung

l l
mit P(x,i) = max Y, pjyj mit Y, z;y;j < x, fiiry; € {0,1}
i—1 =1

J_

Ohiekt 7 ict nicht 71 tener nnd hrinot eine Verhescernino

: Jor (x =z;) to Zdo
O(nZ) : if (P(x—2z,i—1)4 p;) > P(x,i—1)) then

P(x,i) := P(x—z,i—1) + p;
else
P(x,i) := P(x,i—1)

N ON D0 B W N = O

L T ——————

‘Q"LQO

‘v

‘$ .
ez Te(EhnISS:lle Sandor Fekete | Dynamic Programming | AuD2 2024
¥ » Universitat

O .
ol Braunschweig
scy

13



Branch-and-Bound

WIL
RETRA

- S Sandor Fekete | Dynamic Programming | AuD2 2024
Universitat | Dy g 9 |

O .
74|75 Braunschweig
Nsc

%2 Technische

14



Branch-and-Bound

57
35 35
31 31 31 31
31 31 31 31 31 31 31 31

N N N N N N N N
..}v (..} {..p {.p {..}p L.}y Ly 4y Ly Ly Ly Ly Ly L g

. Technische

- S Sandor Fekete | Dynamic Programming | AuD2 2024
Universitat | Dy g 9 |

Braunschweig

14



Branch-and-Bound

57

35 35

31 31 31 31

31 31 31 31 31 31 31 31

N U U U N U N N
{(..v (..} {..} {.}v (..} .}y Ly oy 4y Ly Ly Ly Ly Ly L g

. Technische

- S Sandor Fekete | Dynamic Programming | AuD2 2024
Universitat | Dy g 9 |

Braunschweig

14



Branch-and-Bound

57

Branch and

/\ /\ Bound

— —

Technische
Sandor Fekete | Dynamic Programming | AuD2 2024

® Universitit
O .
Braunschweig

14



Branch-and-Bound

57
35/\ Branch and
////A\\\\ ////A\\\\ Bound
31 31
31 31 31 31 31 31 31 31

—

 Beschneide Enumerationsbaum

o«"

o '$
:% %z Technische Sandor Fekete | Dynamic Programmin ing | AuD2 2024

> Universitat
O
s Braunschweig

LS v
]
7 "

14



Branch-and-Bound

57

35/\35 Branch and
31 31 31 31

« Beschneide Enumerationsbaum
» Verfolge Mindest- und Maximalwerte

NILyy
v, %

ié 2  Technische
= by [ - S Sandor Fekete | Dynamic Programming | AuD2 2024
S %3 Universitit | Dy g 9 |

s Braunschweig

o v
]
7

"

14



Branch-and-Bound

Branch and
Bound

« Beschneide Enumerationsbaum
» Verfolge Mindest- und Maximalwerte

NILyy
v, %

.2.5 2  Technische
= by [ - S Sandor Fekete | Dynamic Programming | AuD2 2024
S %3 Universitit | Dy g 9 |

O . v
’ 0 -

ﬁ:ﬁ **¢ Braunschweig
ONscw

14



Branch-and-Bound

Branch and
Bound

« Beschneide Enumerationsbaum
» Verfolge Mindest- und Maximalwerte

NILy
v, %

'2»5 2  Technische
- | W - S Sandor Fekete | Dynamic Programming | AuD2 2024
S %3 Universitit | Dy g 9 |

O . v
’ 0 -

*::'%§ **¢ Braunschweig
ONscw

14



Branch-and-Bound

Branch and
Bound

« Beschneide Enumerationsbaum
» Verfolge Mindest- und Maximalwerte

NILy
v, %

'2»5 2  Technische
- | W - S Sandor Fekete | Dynamic Programming | AuD2 2024
S %3 Universitit | Dy g 9 |

O . v
’ 0 -

*::'%§ **¢ Braunschweig
ONscw

14



Branch-and-Bound

Branch and
Bound

« Beschneide Enumerationsbaum
» Verfolge Mindest- und Maximalwerte

NILy
v, %

'2»5 2  Technische
- | W - S Sandor Fekete | Dynamic Programming | AuD2 2024
S %3 Universitit | Dy g 9 |

O . v
’ 0 -

*::'%§ **¢ Braunschweig
ONscw

14



Historie

,«II.Q
v

Technische
4 & . oz s Sandor Fekete | Dynamic Programming | AuD2 2024
5 Universitat

»
& Braunschweig

k / "
ONscHs

15



Historie

ECONOMETRICA
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AN AUTOMATIC METHOD OF SOLVING DISCRETE
PROGRAMMING PROBLEMS

By A. H. LaxD anND A. G. Doic

In the classical linear programming problem the behaviour of continuous,
nonnegative variables subject to a system of linear inequalities is investigated.
One possible generalization of this problem is to relax the continuity condi-
tion on the variables. This paper presents a simple numerical algorithm for
the solution of programming problems in which some or all of the variables
can take only discrete values. The algorithm requires no special techniques
beyond those used in ordinary linear programming, and lends itself to
automatic computing. Its use is illustrated on two numerical examples.

1. INTRODUCTION

THERE 1s A growing literature [1, 3, 5, 6] about optimization problems
which could be formulated as linear programming problems with additional
constraints that some or all of the variables may take only integral values.
This form of linear programming arises whenever there are indivisibilities.
It is not meaningful, for instance, to schedule 3—-7/10 flights between two
cities, or to undertake only 1/4 of the necessary setting up operation for
running a job through a machine shop. Yet it is basic to linear programming
that the variables are free to take on any positive value,! and this sort
of answer is very likely to turn up.

In some cases, notably those which can be expressed as transport prob-
lems, the linear programming solution will itself yield discrete values of
the variables. In other cases the percentage change in the maximand? from
common sense rounding of the variables is sufficiently small to be neglected.
But there remain many problems where the discrete variable constraints
are significant and costly.

Until recently there was no general automatic routine for solving such
problems, as opposed to procedures for proving the optimality of conjec-
tured solutions, and the work reported here is intended to {ill the gap.
About the time of its completion an alternative method was proposed by
Gomory [5] and subsequently extended by Beale [1]. Gomory’s method

1 Or more generally, any value within a bounded interval.
2 We shall speak throughout of maximisation, but of course an exactly analogous
argument applies to minimisation.
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1. INTRODUCTION
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cities, or to undertake only 1/4 of the necessary setting up operation for
running a job through a machine shop. Yet it 1s basic to linear programming
that the variables are free to take on any positive value,! and this sort
of answer is very likely to turn up.
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beyond those used in ordinary linear programming, and lends itself to
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of answer is very likely to turn up.

In some cases, notably those which can be expressed as transport prob-
lems, the linear programming solution will itself yield discrete values of
the variables. In other cases the percentage change in the maximand? from
common sense rounding of the variables is sufficiently small to be neglected.
But there remain many problems where the discrete variable constraints
are significant and costly.

Until recently there was no general automatic routine for solving such
problems, as opposed to procedures for proving the optimality of conjec-
tured solutions, and the work reported here is intended to {ill the gap.
About the time of its completion an alternative method was proposed by
Gomory [5] and subsequently extended by Beale [1]. Gomory’s method
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497

Sandor Fekete | Dynamic Programming | AuD2 2024

15




Historie
1960
ECONOMETRICA

VoLuME 28 July, 1960 NUMBER 3

AN AUTOMATIC METHOD OF SOLVING DISCRETE
PROGRAMMING PROBLEMS

By A. H. LAND AnND A. G. Doic

In the classical linear programming problem the behaviour of continuous,
nonnegative variables subject to a system of linear inequalities is investigated.
One possible generalization of this problem is to relax the continuity condi-
tion on the variables. This paper presents a simple numerical algorithm for
the solution of programming problems in which some or all of the variables
can take only discrete values. The algorithm requires no special techniques
beyond those used in ordinary linear programming, and lends itself to
automatic computing. Its use is illustrated on two numerical examples.

1. INTRODUCTION

T — —— THERE 1s A growing literature [1, 3, 5, 6] about optimization problems
which could be formulated as linear programming problems with additional

constraints that some or all of the variables may take only integral values.
This form of linear programming arises whenever there are indivisibilities.
It is not meaningful, for instance, to schedule 3—-7/10 flights between two
cities, or to undertake only 1/4 of the necessary setting up operation for
running a job through a machine shop. Yet it is basic to linear programming
that the variables are free to take on any positive value,! and this sort
of answer is very likely to turn up.

In some cases, notably those which can be expressed as transport prob-
lems, the linear programming solution will itself yield discrete values of
the variables. In other cases the percentage change in the maximand? from
common sense rounding of the variables is sufficiently small to be neglected.
But there remain many problems where the discrete variable constraints
are significant and costly.

Until recently there was no general automatic routine for solving such
problems, as opposed to procedures for proving the optimality of conjec-
tured solutions, and the work reported here is intended to {ill the gap.
About the time of its completion an alternative method was proposed by
Gomory [5] and subsequently extended by Beale [1]. Gomory’s method

1 Or more generally, any value within a bounded interval.
2 We shall speak throughout of maximisation, but of course an exactly analogous
argument applies to minimisation.

497

1L
o™ V¥,

A 2 Technische

<

Sandor Fekete | Dynamic Programming | AuD2 2024

L)
®

7,
ONS

i A . g o
o a7 > Universitat
.. |K

*%5 Braunschweig
ce

15

S — e ————————




Historie
1960
ECONOMETRICA

VoLuME 28 July, 1960 NUMBER 3

AN AUTOMATIC METHOD OF SOLVING DISCRETE
PROGRAMMING PROBLEMS

By A. H. LAND AnND A. G. Doic

In the classical linear programming problem the behaviour of continuous,
nonnegative variables subject to a system of linear inequalities is investigated.
One possible generalization of this problem is to relax the continuity condi-
tion on the variables. This paper presents a simple numerical algorithm for
the solution of programming problems in which some or all of the variables
can take only discrete values. The algorithm requires no special techniques
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cities, or to undertake only 1/4 of the necessary setting up operation for
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of answer is very likely to turn up.
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the variables. In other cases the percentage change in the maximand? from
common sense rounding of the variables is sufficiently small to be neglected.
But there remain many problems where the discrete variable constraints
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PROGRAMMING PROBLEMS /30 / By Lauren Day

By A. H. LAxD AND A. G. Doic Posted 8 Oct 2018, updated 10 Oct 2018

In the classical linear programming problem the behaviour of continuous,
nonnegative variables subject to a system of linear inequalities is investigated.
One possible generalization of this problem is to relax the continuity condi-
tion on the variables. This paper presents a simple numerical algorithm for
the solution of programming problems in which some or all of the variables
can take only discrete values. The algorithm requires no special techniques
beyond those used in ordinary linear programming, and lends itself to
automatic computing. Its use is illustrated on two numerical examples.

1. INTRODUCTION

THERE 1s A growing literature [1, 3, 5, 6] about optimization problems
which could be formulated as linear programming problems with additional
constraints that some or all of the variables may take only integral values.
This form of linear programming arises whenever there are indivisibilities.
It is not meaningful, for instance, to schedule 3—-7/10 flights between two
cities, or to undertake only 1/4 of the necessary setting up operation for
running a job through a machine shop. Yet it is basic to linear programming
that the variables are free to take on any positive value,! and this sort
of answer is very likely to turn up.

In some cases, notably those which can be expressed as transport prob-
lems, the linear programming solution will itself yield discrete values of
the variables. In other cases the percentage change in the maximand? from
common sense rounding of the variables is sufficiently small to be neglected.
But there remain many problems where the discrete variable constraints
are significant and costly.

Until recently there was no general automatic routine for solving such
problems, as opposed to procedures for proving the optimality of conjec-
tured solutions, and the work reported here is intended to {ill the gap.
About the time of its completion an alternative method was proposed by
Gomory [5] and subsequently extended by Beale [1]. Gomory’s method

1 Or more generally, any value within a bounded interval.
2 We shall speak throughout of maximisation, but of course an exactly analogous
argument applies to minimisation.
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can take only discrete values. The algorithm requires no special techniques
beyond those used in ordinary linear programming, and lends itself to
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that the variables are free to take on any positive value,! and this sort
of answer is very likely to turn up.

In some cases, notably those which can be expressed as transport prob-
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are significant and costly.

Until recently there was no general automatic routine for solving such
problems, as opposed to procedures for proving the optimality of conjec-
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About the time of its completion an alternative method was proposed by
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1 Or more generally, any value within a bounded interval.

-
2 We shall speak throughout of maximisation, but of course an exactly analogous AI Ison G ra nt Harcou rt AO

argument applies to minimisation.
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