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'C: complete set of items

C’ C C: sub-instance
Set the age of all c € C'to zero.

robabilistically generate n, solutions] [ Increment age of all ¢ € C”
: set of items used in these solutions] | Set age of all ¢ € Sip to zero

/

C'=C'uC [Remove from € all ¢ € C'\ Sup
Siup = Apply exact solver to C” [hose age is equal to ageuma

Appl. to optimization problem
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Personal introduction

CSIC: Spanish National Research Council
m Largest public institution dedicated to research in Spain (created in

1939)
= Third-largest in Europe
m 6% of all research sta in Spain work for the CSIC
m 20% of the scienti ¢ production in Spain is from the CSIC

Arti cial Intelligence Research Institute (111A)

m 35 tenured scientists (of three di erent ranks)

m Around 65 additional sta members (post-docs, Ph.D. students,
technicians, administration)

m Research lines: machine learniroptimizetion, logic and reasoning,
multi-agent systems
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Combinatorial optimization: algorithms

CMSA: A Hybrid Metaheuristic for Combinatorial Optimization

Christian Blu




Our research topics: algorithm-oriented
Topic of today: CMSA
A prominent example of our recent work on hybrid metaheuristics based
on problem instance reduction
Christian Blum
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Hybrid metaheuristics: reasons for being

Hybrid algorithms that exploit synergies between exact and approximate
algorithms often excel in the context of large-scale problems.
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Problem instance reduction

= An exact technique (such as a black-blox MIP solver) may not be
directly applicable for solving large-scale problem instances

m Nevertheless: It might still be useful for the application to reduced
instances of the original problem instances

Idea is not new

m Large neigtbothooc searcl (LNS)
1 Based on partial solution destruction
2 Local branching, corridor method

Decorrpastion agproaches such as POPMUSIC
Generate-and-solve (GS) framework

Set covering based approaches: for example in the context of VRP.
Solution merging (resp. optimal recombination) in EAs

Christian Blum CMSA: A Hybrid Metaheuristic for Combinatorial Optimization



Contruct, Merge, Solve & Adapt, CMSA

Initial CMSA team CMSA Book 2024
Winners of theSEIO-FBBVA award 2021 for the best
methodological contribution to Operations Research .
|
|

Christian Blum

Spanish Society of Statistics and Operations Research

BBVA Foundation (Banco Bilbao Vizcaya Argentaria)
o [ = =
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CMSA: main idea

In the presence of a large number of solution components, many of ther
only form part of low-quality solutions

Exclude thesepresurrably bac sclution corrpcnents before applying your
solver

Steps of one CMSA iteration

m Iteratively generate presumably go(sclutions in a prokabilistic way
m Assemble &suk-instance from the used solution components

m Solve the sut-instance by means of aavaiable solver

m Delete useless solution components from the sub-instance
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CMSA: ow diagram
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Arti cial Intelligence Research Institute (I1IA-CSIC)

Topic 1: CMSA Application to
Minimum Dominating Set (MDS)
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Example Application: Min. Dom. Set

De nition: Minimum Dominating Set (MDS) problem
m Given: An undirected graptc = (V; E).
m Search space: Every setS V such that every 2 V nS has at
least one neighbor irs.
m Objective function: F(S) := jSj (cardinality of setS)
= Optimization objective: minimization

Examples of solutions
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Example Application: Min. Dom. Set

ILP model of the MDS Problem

) X
min Xy
v2V X
subject to xy + Xy 1 8v2V
u2N(v)
xy 2 0;1g 8v2V

What do we need for implementing a CMSA?

1 De ne the set of sclution components
2 A greedy heuristic used in a probabilistic way for generating solution

3 An approach for solving the sub-instance of each iteration:

m An exact technique
m A metaheuristic approach
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CMSA application to the MDS

De nition of solution components

m Variant 1: for eachveitex v; we introduce &sclution corrpanent ¢

m Variant 2: each combination of a decision variabiewith one of its
values is a solution component. That is, for &|l2 V:
m X; anc value 0! sclution comrpcnent ¢;.o
m X; anc value 1! sclution comrpcnenti ¢;.1

MDS Greedy Heuristic

m Add one vertex at each construction step

m Among the unselected vertices: choose the one that covers the larc
number of the so-far uncovered vertices

m Apply the heuristic in a probabilistic way
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CMSA Variant 1: Sub-instance Solving

Example: two solutions constructed per iteration

CMSA Variant 1: solving the sub-instance

Solution 1: f ¢ | €2 | €3 [ C1 | C5 | Cs
Solution 2: /¢, | € | €3 [ C4 | C5 | C

Therefore: add the following constraints to the ILP model

Xi = 0 forvy;vs; Vg
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CMSA Variant 2: Sub-instance Solving

Example: two solutions constructed per iteration

CMSA Variant 2: solving the sub-instance

; C1; Co: Ca: Cy: . .
Solution 1: (€10 | €20 | €30 | €40 | C50 | C6:0
C1;1 | C21 | C3:1 | C41 | C5:1 | Cai1

f Cq; Co: Ca: Ca: . .
Solution 2: | €40 | €20 | €30 | €40 [ €50 C6:0
Cr:1 | C2:1 | C3:1 | Ca1 | C5:1 | Cei1

Therefore: add the following constraints to the ILP model

Xi = 0 forvy;vs;vs Xi=1 forv,
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MDS Problem: Experimental Setup

m Problem instances: Erd®-Rény random graphs with {500, 1000,
1500, 2000} nodes and three di erent densities

m Applied algorithms: Cmsa, Cmsa_Re str , Cplex , Greedy

= Algorithm tuning: with irace , a scienti c tool for parameter tuning

m Parameters considered for tuning:

1 CMSA algcrithms: number of solution constructions per iteration,
degree of randomness, maximum age for solution components

2 CPLEX within CMSA: time limit, whether to use warm start, whether
to use heuristic emphasis, whether to abort a run when best-so-far
solution improved
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MDS Results

Erd®s-Rényi graphs, 500 nodes
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MDS Results

Erd®s-Rényi graphs, 2000 nodes
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Arti cial Intelligence Research Institute (I1IA-CSIC)

Topic 2. CMSA for Set-Covering
Based Problem Transformations
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Solution Components: CMSA Variant 3

Expressing a problem assat covering problem

Opportunity for CMSA

De ne sclution corrpcnents to be complete sets of thsel coveling model
of a problem.
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Variable Sized Bin Packing (VSBP)
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Variable Sized Bin Packing (VSBP)

Standard ILP Model Variables of the model

m Xjissettoli itemiis

XX assignec to bin j
min Ck Yik
j=1 k=1 m Yk issettoli binjis
X0 assignec bin type k
s.t Xj =1 fori=1;:::;n
j=1
yk 1 forj=1;:::5;n
k=1
X X
Wi X Wik yx forj=1;:::;n
i=1 k=1

Xij 2f(_);1g fori;j=1;:::5n
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VSBP: Set Covering ILP Model

De nitions for the Set Covering ILP Model

m Let B be the set of all possible bins

m The weightw, of a binb 2 B is the sun of the weights of its items

m Assign tob 2 B a cosi ¢, which corresponds to the lowest-cost bin
type possible fob

m Let Bi B be the set of bins that contain item

Set Covering ILP Model
X

min Ch Xp
X b2B
s.t.: X 1 fori=1;:::;n
b2B;
Xp 2f0;1g forallb2B
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VSBPP: Set Covering ILP Model

Problem instance with00 items

Sub-instance based c2 sclutions Sub-instance based &0 sclutions
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VSBPP: Set Covering ILP Model

Problem instance wit2000 items

Sub-instance based c2 sclutions Sub-instance based &0 sclutions
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VSBPP: Implementation and Setup

VSBPP State of the art Implementation Characteristics

m Heuristic: based orordeiing
the items and placing them in
this order into bins according
to leas-increaing cost

m Sub-instance solving: solve
the sel coveling model,
followed by a simplaepair
pracedure

Problem instances

m 150 instances
m Between 100 and 2000 items
m 7 bin types
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VSBPP: Comparison / CD Plots

Overall result

68 new bes-knowr sclutions. Only worse for 7 instances.

All instances Only B1 instances

Only B2 instances Only B3 instances
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Example: Bus Driver Scheduling (BSD)

Real World Problem from Austria

Publication
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BSD: Sample Results
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Arti cial Intelligence Research Institute (I1IA-CSIC)

Topic 3: Dierences between
CMSA and LNS (Large
Neighborhood Search)
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CMSA: Di erence to LNS

LNS: recent surey

Comparison CMSA vs. LNS
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CMSA: Di erence to LNS

How is the original problem instance reduced?

m LNS: Partial destruction of the incumbent solution
m CMSA: Probabilistically adding solution components

= Our intuition: for subset selection problems, CMSA better than LNS
when solutions contain few components

CMSA: A Hybrid Metaheuristic for Combinatorial Optimization

Christian Blum



Comarison CMSA vs. LNS

CMSAV/LNS for the Multi-dimensional knapsack problem (MDKP)

What do we need?
1 A constructiveheurigic for generating solutions
2 A way of sohing sut-instances (in this case: ILP model)

ILP model for the MDKP

max Pi X
iRC
subject to: Mk X cap 8k 2 K
ci2C
x 2f0;1g 8 2C

Application of CPLEX within LNS and CMSA

m LNS: X X = 18 ¢ 2 Spartial -
m CMSA: replaceC with C°
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MDKP instances: tightness

Arti cial Intelligence Research Institute (IIA-CSIC)

Important parameter for instance generatidightness(0 1)

m Wher s close to zero: capacities are low and valid solution only
contain very few items

m Wher s clos¢ to one: capacities are very high and solutions conta
nearly all item

The plan

= Apply both LNS and CMSA to instances from ttwhole tightness
range

m Both algorithms aretunec with irace sepeately for instances of each
considered tightness

Christian Blum
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MDKP Problem: CMSA vs. LNS

Rather small instances

What is shown in the graphics?

m X axis: instances with aincreaing tightness (from left to right)
m Y axis: improvement of CMSA over LNS (in percent)
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MDKP Problem: CMSA vs. LNS

Larger instances

What is shown in the graphics?

m X axis: instances with aincreaing tightness (from left to right)
m Y axis: improvement of CMSA over LNS (in percent)
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Search Trajectory Networks (STNSs)

Gabriela Ochoa Katherine Malan Available at:
U. of Stirling U. of S. Africa  https://github.com/gabro8a/STNs.git

STNWeb: Interactive STN application

Available at: https://www.stn-analytics.com/
By: Camilo Chacoén (111A)
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