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What are dominance properties?

Let T be a solution subset of an arbitrary optimization problem.
e T is a dominant set if it contains at least one optimal solution

e T is a strictly dominant set if it contains all the optimal solutions
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— other solutions can be discarded
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Outline

2. Focus 1: A formulation for UCDDP using natural variables
Describing the solution set for (e, t) variables
How to extend this formulation
How to manage this kind of formulations in practice
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VSCJ, px[p+e|(STE) > g(SE)

Using 0; variables and T = {jEJ | 5j:0}

» the right-hand side term is no more a constant
> variables § appear on both side to express the intersection
> products §; §; appear

— linearisation variables are needed
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Interest of a flexible reference point?

Common due window problem:

— a due window [d =, d -] instead of a due date d

drt d/
. |

0 G

Q. T
BT

— block with a task completing at d= or d = are not dominant
< a straddling task can occur over d© (resp. over d )
— two half-axes with flexible reference point
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What are the particularities of our formulations?

The two proposed formulations are linear formulations with:

e integer variables
< Branch-and-Bound algorithm — branching on § (and ) variables

e exponential number of inequalities
— Branch-and-Cut algorithm — polynomial separation algorithm

e extremality constraints
— ensuring the solutions extremality in spite of the branching scheme
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— formulate other similar problems
(e.g. common due window, multi-machine common due date...)

— solve UCDDP instances up to size 40 within one hour
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Why it is not so efficient? poor linear relaxation value
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3- Interlude : a first attempt to eliminate dominated solutions

A compact MIP formulation for UCDDP...
. using the V-shaped dominance property and ¢ and X variables.
& / T Bi
P P
D Gl Gl D G G @D

t t T t T T T T t T T t 1 t

- NG /

E-fclls=11 ¢  T={jcI|5=0)
- consider only the V-shaped d-blocks since they are dominant
- define the early/tardy partition of a V-shaped d-block
- same early/tardy partition (E,T) < same penalty f(E,T)

- formulate UCDDP as a partition problem min f(E,T)
{E,T} bi-partition of J

- formulate UCDDP as a MIP | F2 :

' | ha.s(8, X
(5,X)S.tr‘r(])l(r?lfx‘4) 75( )

where h,, s is a linear function depending on « and (8
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in Formulation F? in the complete graph K,
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X variables «+— edges
( ,{"0;=0"}) «— a vertices bipartition
{"Xij=1"} +— acutin K,

(6, X)€ P? +— XeCUT, the cut polytope for K,
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3- Interlude : a first attempt to eliminate dominated solutions

Idea

Eliminate an extreme point corresponding to a "bad" solution according to
the objective value, using facet defining inequalities to avoid the apparition
of new extreme points

P P

Application to P?, elimination of (8, X) = (0,0),
Py x=conv{ (6, X)€{0, 1}/ x {0,117 | (X.1-X.4) and 5 £0}
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for C an hamiltonian cycle in K,, J,+d, — X, + X(C) > 2

vertex of V

C-endpoint
C-edge

other edge of E
edge {u, v}

set of vertices W,

O0m 1 1e:

set of vertices W5,

Too many and too various inequalities appear — change of strategy
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4- Focus 2: dominance inequality e 4.1 Neighborhood based dominance properties

Neighborhood based dominance properties : generic idea

Remark: If a solution is dominated by one of its neighbors,
then it is not an optimal solution.

Consequence: The set of solutions non-dominated in their
neighborhood is a strictly dominant set.

Our approach:

- define a neighborhood based on operations

- translate the associate dominance property by linear inequalities

28/37
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— reinforce F3 in a different way as usual strengthen inequalities
no improvement of the linear relaxation value

— solve UCDDP up to size 180 within one hour
(instead of size 60 without them)

— illustrate the dominance inequality concept
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5- Conclusion and perspectives

Done during the thesis

- providing formulation F* for UCDDP, F* for CDDP
- establishing two lemmas about non-overlapping inequalities
- proving validity of F* and F*
- finding a separation algorithm for non-overlapping inequalities in F* and F*
- providing another formulation F? for UCDDP
- implementing and testing F?, F* and F*
— writing a journal paper submitted to DAM, currently accepted

- proposing a framework to "transpose" facet defining inequalities

- testing formulation F2 when known facet defining inequalities are added

- using PORTA on small-dimensional "non-trivial cuts" polytopes

- identifying some family of facet defining inequalities for arbitrary dimension

- proposing a new kind of inequality to improve some MIP formulations solving
- providing dominance inequalities for F2 based on insert and swap operations
- implementing and testing the impact of these insert and swap inequalities on F>
- deriving a heuristic algorithm for UCDDP from insert and swap operations
< writing a journal paper submitted to EJOR, currently to review
+ listening and speaking in seminars or conferences, attending summer school,
teaching, writing fina% report...
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— a recipe to obtain a dominance inequality from a given operation

35/37



5- Conclusion and perspectives

Perspectives

About dominance inequalities:
— How do insert and swap inequalities improve formulation F2?

— Can we provide dominance inequalities useful for other combinatorial
problems?
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Thank you for your attention
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