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Introducao a Configuracdo de Parametros

Algoritmos Exatos ou Heuristicos de Otimizagao

e Técnicas de branch-and-cut e geracao de colunas em softwares de
programagcao inteira mista, bem como meta-heuristicas para problemas
de otimizagao combinatdria e continua possuem mecanismos heuristicos
e estratégicos.

e A ativacao, interacao e comportamento desses mecanismos sao
controlados por parametros cuja configuragao tem um impacto
substancial na eficacia dos algoritmos de otimizacéo
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Classes de Parametros

e Numeéricos : valores reais, por exemplo, valor do coeficiente no resfriamento geométrico
de simulated annealing, tamanho da lista tabu, probabilidade de recombinacdao em
algoritmos genéticos.

e Categdricos : nimero discreto de valores nao ordenados, que selecionam uma opgao
dentre componentes ou mecanismos alternativos, por exemplo, vizinhangas distintas em
busca local, selecao de nos e variaveis em branch-and-cut.

e Ordinais : nimero discreto de valores ordenados, por exemplo, baixo, médio, alto.

e Booleanos : dois valores discretos, por exemplo, liga ou desliga um componente do
algoritmo.
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Exemplos de Parametros em Otimizagdo Combinatéria

e Parametros do método branch-and-cut em softwares incluem:
e Selecao de nds e variaveis
e Selecao de técnicas de pré-processamento
e Selecao de cortes
e Balanceamento entre ramificacao e cortes
e Escolha de énfase em factibilidade ou otimalidade

e CPLEX 12.1 : 135 parametros e gera uma configuragdo automatica de parametros.
e Em um experimento (Hutter et al., 2010) 76 parametros foram selecionados que
produzem 1,9 - 1047 configuragoes.
e Metaheuristicas

e Simulated annealing : escolha de vizinhanga, definigdo dos componentes e
parametros do programa de resfriamento.

e Busca tabu de curto prazo : escolha da vizinhanga, definigao de atributo e regra de
proibicao, e tamanho da lista tabu.

e Algoritmo genético: definicao de estratégias de selegao e substituigao, e de
operadores de recombinagao e mutagao.
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Problema de Configuracao Automatica de Parametros

e Interesse por este problema iniciado, provavelmente, pelo software CALIBRA (Adenso-Dias
e Laguna, 2006) com limite de otimizar no maximo 5 parametros numéricos.

e Interesse cresceu bastante e hoje existem diversos softwares disponiveis livremente.

e Vamos apresentar dois métodos recentes de configuragao offline de parametros que usam
duas fases.

e Na fase de treinamento, estes métodos determinam a melhor configuragdo de parametros
para um conjunto representativo de instancias.

o Na fase de teste, esta configuragao é aplicada a insténcias distintas (generalizacao).
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Enunciado do Problema

Definicdo Uma instancia do algoritmo de configuragao de pardmetros é uma 6-tupla
(A, ©, D, kmax, 0, m), em que:

e A é um algoritmo parametrizado;

© é o espago de configuragao de parametros de A;

D é a distribuicao sobre as instancias do problema com dominio I1;

kmax € 0 tempo de corte de cada rodada de A;

e 0 é uma fungao que mede o custo observado de rodar A(¢) em uma instancia = € M com
tempo de corte k (por exemplo o custo da solugao encontrada);
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Enunciado do Problema

e m é um parametro estatistico populacional (média, mediana, variancia);

e Oy : distribuicao de custos induzidos pela fungédo o, aplicada a instancias = retiradas de
distribuicdo D e mdltiplas rodadas para algoritmos aleatorizados, em que k = Kmax;

e O custo de uma solucéo candidata 6 é definida por

c(6) = m(Op)
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F-Race

e Método inspirado em algoritmos de competigao (racing) em aprendizado de maquina
(machine learning).

e |déia essencial de métodos de racing é avaliar um conjunto de configuragoes candidatas
em um conjunto de instancias. O conjunto de instancias é gerado a partir de distribuigdo
uniforme.

e Quando ha evidéncia estatistica suficiente contra configuragdes candidatas, estas sao
eliminadas e a competigdo com as sobreviventes continua.

e Teste de Friedman é usado para avaliar configuragoes.

e Se a hipotese nula de diferengas é rejeitada, entao testes a posteriori de Friedman sao
aplicados para eliminar configuragdes que sao muito piores que a melhor.
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F-Race

® Nimin : NUMero minimo de instancias
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Fig. 3.1: Outline of F-Race for algorithm configuration (original version, according
10 11). In typical applications, i is set 10 values between 2 and 5; further details
are explained in the text. When used on its own, the procedure would typically
be modified to return * = C* with the best performance (according to m) over ail
instances cvaluated within the race.

post hoc tests between the incumbent and al other configurations is performed. All
configurations found to have performed significantly worse than the incumbent arc:
eliminated from the race. An outline of the F-Race procedure for algorithi config-
uration, as introduced by [11], i shown in Figure 3.1; as mentioned by [S], runs on
a fixed number of instances are performed before the Friedman test is irst applied.
The procedure s typically terminated either when only one configuration remains,
or when a user-defined time budget has been exhausted.

“The Friedman test involves ranking the performance results of each configura-
tion on 4 given problem instance; in the case of tes, the average of the ranks that
would have been assigned without tes s assigned 1o each tied value. The test then
determines whether some configurations tend to be ranked bettr than others when

all

ation, Following Birattar et l. [11], we note that performing the ranking separately
for cach proble instance amounts 1o a blocking strategy on instances. The use o



F-Race lterado

e Em cada iteracdo, as configura¢des sobreviventes sao usadas para
enviesar (bias) a distribuicao de probabilidade de geracao de novas
instancia.

e Cada iteragao tem trés passos:

e Amostre uma configuragao inicial ©} baseado na probabilidade px.
e Avalie o conjunto ©} pelo uso de F-Race.

e Selecione configuragdes elite de F-Race e atualize px.
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AplicagOes F-Race lterado

e 338 citagdes no Google Scholar do primeiro artigo "A Racing Algorithm for Configuring

Metaheuristics”, publicado em 2002.
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A Racing Algorithm for Configuring Metaheuristics
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Abstract

“This paper describes a racing procedure for find-

Intelekdik/Informatik
Technische Universitat Darmstadt
Darmstad, Germany

by & mixture of rules of thumb. Most often this leads to
tedious and time consuming experiments. In addition, it
is very rare that a configuration is selected o the basis of

ing,in a limited amount of time,
of & metaheuristic that performs as good as pos-

te jons by
ing bad ones as soon as statstically sufficient ev-
enc s gtersd st e Weempumny
evaluate our procedure using s
Confguraion o anantclory opimizaion alqn—
tithm applied

The aim of this work is to define an automatic hands-off
procedure for finding a good configuration through stz
tistically guided experimental evaluations, while minimiz-

vised leaming (Maron and Moore, 1994; Moore and Lee,
1994). Following the terminology introduced by Maron
and Moore (1994), we call racing method for selection
2 method that finds a good configuration (model) from
agen finite pool of alternatives through a sequence of

proceeds,if sufficient evidence

15 sl 1o uicly reduce . mumo of can.
dates, and allows

one, such a candidate is dropped from the pool and the pro-

ones.

1 INTRODUCTION

A metaheuristic i a general algorithmic template whose
‘components need to be instantiated and properly tuned in
order 10 yield a fully functioning algorithm. The instan-
iation of such an algorithmic template requires to choose
among a set of different possible components and o assign
specifc values o al free parameters. We willrefer to such
an instantiation s a configuration. Accordingly, we call
configuration problem the problem of selecting the optimal
configuration.
Practitioners typically configure their metzheristcs in an
different con-

of inferior candidates, speeds up the procedure and allows
‘amore reliable evaluation of the promising ones.

“Two are the main contributions of this paper. First, we give
a formal definition of the metaheuristic configuration prob-
lem. Second, we show that a metaheuristic can be tuned
efficiently and effectively by a racing procedure. Our re-
sults confirm the general vlidity of the racing algorithms
and extend their area of applicability. On a more technical
level, left aside the specific application to metaheuristcs,
we give some contribution to the general class of racing
algorithms. In particular, our method adopts blocking de-
sign (Dean and Vbss, 1999) in a nonparametric setting. In
Some sense, therefore, the method filsthe gap between Ho-
effding race (Maron and Moore, 1994) and BRACE (Moore
and Lee, 1994): similarly to Hoeffding race it fealures a

ACE it considers a
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Aplicacoes F-Race lterado

e Diversas aplicagoes citadas no artigo de 2010 abaixo.
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Chapter 13
F-Race and Iterated F-Race: An Overview

Mauro Birattar, Zhi Yuan, Prasanna Balaprakash, and Thomas Stlizle

Abstract Algorithms for solving hard optimization problems typically have several
parameters that need to be set appropriately such that some aspect of performance
is optimized. In this chapter, we review F-Race, a racing algorithm for the task
of automatic algorithm configuration. F-Race is based on a statstical approach
for selecting the best configuration out of a set of candidate configurations under
stochastic evaluations. We review

mplemeniaon o eated = Race o th oigindl 7R algortm contrm the
potential of this family of algorithms.

13.1 Introduction

number of pa s u lude

"

et
parameters. Examples of numerical parameters are the tabu tenure in tabu scarch
alorilims o th pherrons craporton s nant colony optmizaion (ACO) al

dditionally algorithms can asetol
.m.m components that ar ot terehangesble. Examplesare diffrent bran
ing strategies in branch-and-bound algorithms, difTerent types of crossover opera-
tors in evolutionary algorithms, and diferent types of local search algorithms in

Moo Bittr 2 Vusn - Prasanno Balsprakash - Thomas Sitle
IRIDA, CODE: Uneric e d s, B, Begon
mal: {mbi ryuan phalaprastetzle) @ulbac

T el
Algorithms, DOI 10. 5
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Fine-tuning algorithms The by far most common usc of F-Race is 10 use it as
amethod (o fine-tune an existing or 4 recently developed algorithm. Often, tning
through £-Race is also done before comparing the performance of various algo-
rithms. Tn fact, this latter usage is important (o make reasonably sure that perfor-
ince differences betsween algorithms are not simply du to uneven twing.
A il frcion of e wmgs of 7-Race s die b eechns ey
e Infact,
F U
funded research and training network on the study of metaheuristics. Various appli
cations there have been for configuring different metaheuristics for the university-
course timetabling problem (Chiarandini and Sttzle 2002, Manfrin 2003, Rossi
Doria et al. 2003) and also for various other problems (Chiarandini 2005, Chiaran-
dini and Stitzle 2007, den Besten 2004, Risler et al. 2004, Sehiavinoto and Sitzle
2004)

Soon after these initial applications, F-Race was also adopted by a number of
other rescarchers. Most applications focus on configuring SLS methods for combi.
natorial optimization problems (Bin Hussin et al. 2007, Balaprakash ct al. 2009,
Di Gaspero and Roli 2008, Di Gaspero et al. 2007, Lenne et al. 2007, Pellcgrini
2005, Philemotte and Bersini 2008). However, also other applications have been
considered, including the tuning of algorithms for training neural networks (Blum
and Socha 2005, Socha and Blum 2007) o the tuning of parameters of a control
system for simple robots (Nouyan 2008, Nouyan et al. 2
Industia applications Fov rescrches ave cluted s inpilt s
for indusal appiions: The st s been a ity study. where

for

solver prob-
lems, which has been developed by the software company TTpidied
six configuration tasks hae been considered that ranged from the study of specific

date
he performance
et of iy sy have
been published by Becker et al. (2005); more detils ae availabl ina master thesis
(Becker 2004).

Yuan et al. (2008) have adopted F-Race to configure several algorithms for a
highly constrained rain scheduling problem arising at Deutsche Bahn AG. A com-
parison of various tuned algorithms idenified an terated greedy algorithm as the
most promising one.

Chiarandini
etal. (2006) who used F~Race to design a hybrid metaheuristic for the university-
course timetabling problem. In their work they have adopied F-Race in a semi.
automatic way. They observed the algorithm candidates that were maintained in a
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13 £-Race and lersted -Race: An Overview 531

race and based on this information they gencrated nevw algorithm candidates that
were then manually added to the ongoing race. In fuct, one of these newly in-
et candie it s inally e bt peormig gorthn i
l.,\.m.m timetabling compeiion (s o dsia.ch/Files/
teo

T B work of den Bsen 2004) provides an empirical investigation into the
application of ILS 1o solve a range of deterministic scheduling problems with tardi.
s pnalie.Raing ingeneraland £~ in pariclar s very imporant -

are built in a modular way and F-Race is applied to assess s combinaion o
modular components of the algorithm.
Comparison of F-Race with other methods There have been some compr
isonsof B-Race with e i lgcli, Some pelimiar esls
e techuen re prescted by Bratar 004D,
e ypealy pesforms bec,
Yo 0d Gallegher G009 s the s of - S ot h cpcal e
tion of evolutionary algorithms. They also use an algorithm called A-Race,
the family-wise test is based on the analysis of variance (ANOVA) method. oo
the experiments they conduc, they conclude that their version of #-Race obtains
better results than A-Race.
In their work Caclen and a
Jection task.

astochas-
e damanic pogramming sproh conceivd 0 s th ol amed it
prot ) a greedy approach, ech-
nique
results shows that the bandit strategy yields the most promising performance when
the sample size is small, but £~ Race outperforms other techniques when the sarm-
ple size is sufficiently large.

Extensions and hybrids of F-Race The #-Race algorithm has been adopted as
a module integrated into an ACO algorithm framework for tackling combinatorial
opimizaion probles ueruncrtainy (Bt s 2007, The rsling s
rithm s called ACO/E-Race and it uses E-Race to determine the best of aset of
candidate. wlmmm enraed by he ACO algorithm. I e ork by Bnlnvmku«h
etal. ¢ AC

bl

iceaveling e vmlvkm he Fiedman test i eplaced by an ANOVA.

Yuan and Gallagher (2005, 2007) propose an approach (o tune evolutionary al-
sorthn by ybrdising M EA nd © e MeaEA i a pprosl i s
Various genetic operators to tune the parameters of EAS. I is reported
Jor dificulty in Meta-EA is that it cannot effectively handle cm&g‘mcm parame-
ters. These categorical parameters are usually handled in Meta-EA by pure random
search. The proposed hybridization uses Meta-EA to evolve part of the numerical

R




ParamlILS

e Outro método de configuragao automatica de parametros baseado na meta-heuristica
busca local iterada (iterated local search-ILS).

e LS é simples, derivada da heuristica de Lin-Kernighan (1973) para TSP simétrico, e tem
sido aplicada com sucesso.

e |ILS parte de uma solucéo factivel e segue uma trajetéria determinada por uma vizinhanga
até chegar a um 6timo local x.

e A solugdo x é perturbada aleatériamente para escapar do 6timo local, e a busca continua
até o proximo étimo local x’, que pode se aceito ou rejeitado.

e Aceitar x’ somente se for melhor que x corresponde a uma intensificagdo da busca,
enquanto aceitar sempre x’ corresponde a uma diversificagao da busca.

e Um critério intermedidrio é aceitar x’ com uma probabilidade similar aquela usada em
simulated annealing.
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ParamILS Béasico

e Inicializacao: uma dada configuragao de partida 6, r configuragées 6;,i = 1,...,r obtidas
por distribuicao uniforme, e s movimento aleatérios para perturbagao, N instancias.

e Compara 6y com 6; em N instancias e escolhe a de melhor estimativa ¢y(6#) do custo c(9).

e Busca local: aceita o primeiro movimento de melhoria do custo e usa s movimentos
aleatérios de perturbagao.

e Sempre aceita configuragées melhores ou de igual qualidade, mas pode reinicializar a
busca de forma aleatéria com probabilidade prestart (Uma “diversificacao”).

e Vizinho obtido por mudanga de um Unico parametro.
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ParamlILS Focado - FocusedILS

e Selecao adaptativa do nimero de instancias de treinamento.

e Numero pequeno leva a generalizagao pobre, nimero grande faz com que o progresso da
busca seja muito lento.

e FocusedILS é uma variante de ParamILS que aborda o problema de variar adaptativamente
o nimero de instancias de treinamento de uma configuragao para outra.

e N(0) : nimero de rodadas disponiveis para avaliar a estatistica do custo ¢(¢) da
configuragao de parametros 6.

o Definicéo (Dominéncia). 01 domina 0, se e somente se N(61) > N(02) € En(s,) < Cn(o,)-
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ParamlILS Focado - FocusedILS

e Lema (Numero ilimitado de avaliagdes). Seja N(J, ¢) o niUmero de rodadas que
FocusedILS foi executado com configuragdo de parametro 0 até a iteragao J para estimar
c(0). Entao para qualquer constante K e configuragao 6 € ©(|©|finito)

lim PIN(J,0) > K] = 1

J—o0

e Definicao (Estimador consistente). ¢y (6) é um estimador consistente de ¢(0) se e
somente se

Ve>0: lim Pl(En(6) — o(9)] < ) =1

e Lema (Sem enganos para N — o). Sejam 60 e 6> duas configuracdes de parametros com
Co, < Co,- Entéo, para estimadores consistentes Sy

N@w P(En(61) > Cn(62)) =0
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190 F Huter, HLH. Hoos, and K. Leyton-Brown

Table 1
see hEcp:/ /unnw. o5 .ubc..ca/1abs /beta/ Projects /I

contig/

~raoce) .m i ) 0w
L ¥ : ——
Bovkean ke 2 “

N gl 7 & [ERT

o, the maximal amount of time after which PARAMILS will terminate  run of
the target algorithm as unsuccessful. FOCUSEDILS version 2.4 also supports adaprive
capping. a speedup technique that ets the captimes & < i, for individual target
Jgori

FocusepILS
ing of

s others. For thi

P ol iL

of the run with best training performance (16, 19]. This s sound since no knowledge

of the test set is requircd in order to make the selection: the only drawback is a 10-fold

increase in overall computation time. I none of the 10 FOCUSEDILS runs encounters
then

3 MIP Solvers

configuration spaces. Table 1 gives an overview.

IBM ILOG Ci he mont-idely s commercil opinization ol for solv-

in MIPu, As sted o the CPLEX webahe (ot o, 4300 o/ producrs,

cplox) cumnly over | 300 copraions and guvcmmml agencies use CPLEX, along
oL

el
crs fen e 1o experiment ith thee parameir
“Integer programming problems are more sensitive to specific parameter set-
tings, s0 you may need to experiment with them.” (ILOG CPLEX 12.1 user
manual, page 235)

h X h ™
directly impact a large user base.

W used CPLEX 1221 (the mos recent version) and defined it parameter configu-

follows. Using the CPLEX 12

tifed 76 parameters that can be malified in order to optimize performance. We were

careful © keep all parameters fixed that change the problem formulation (e.¢., parar

eters such as the optimality gap below which a solution s considered optimal). The

22
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76 parameters we selected affcet all  CPLEX. They include 1
parameters (mostly categorical); 17 MIP strategy parameters (mostly categorical); 11

eress
cal MIP “limits” parameter; 10 simplex parameters half of them categorical):  barrier
optimization parameters (mostly categoricab;and 11 further parameters. Most param-
cers have an “automatic” aption s one of thei values. We allowed this value, but also

values . anda ange of values
fornamerialprantn) Ephin he it 1t § e wre condtons on
other alking certain values, thse 76 parameters gave ise 1o 1.90 1077 disinet param-
et confguratons. For mied meser duidradcally omsained problems (MIQCP)
there were some additional parametes (1 binary and 1 categorical parameter with 3
vallues). However, 3 categorical parameters with 4, 6, and 7 values were no longer gp-
plcable, and for 4 values only 2 “This
led t0. total of 340  10° possibe configurations

GUROBI s & recent commercial MIP solver that s competitive with CPLEX on some.
types of MIP instances (23], We used version 2.0.1 and defined its configuration space.
s follows. Using the online description of GURODI' parametrs, we idenified 26
2

del:nnme o sgressivly e cach e ofct, 7 most-cuegoccl imple p-
rameters, 4o isallowing
some pmhkmnnc parts of mnnnnmlmn space (see Section 4.2), we considered 25 of
e 36 parametes, whie et onfiraion pace o s 51, 1010

rameters based on the information at http: //1psolve . sourceforge et /. These
parameters are rather different from those of GUROBI and CPLEX: 7 parameters arc
. and the est are Booean switches idicaing whether varios sover mo-

ing problematic part of configuration space (:
these 52 parametes. Takin into accountone condiional parameter, these gave rise 0
122101 distnet parameter conigurations.

4 Experimental Setup

We now describe our benchmark sets, how we
atic parts n th configuration paces of GUROB! and LPSOLVE, nd our computationsl
environmen.
41 Benchmark Sets
We collected a wide range of MIP benchmarks from public benchmark libraries and
other researchers, and split each of them 50:50 into disjoint training and test sets; we.
detail these in the following.

"http: / /snae. uzobi . con/html /doc  refan/node3 T8  htnl¥se

Parancters
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A 343 din-
teger quadratically constrained programming (MIQCP) problems [2]. We obtained it

rkeley Computational Optimization Lab (BCOL).? On average, these in-
stances contain 2 760 variables and 2255 consiraints (with standard deviations 2 133
and 1592, respectively).

MIK. This set comprises 120 mixed®-integer knapsack instances encoded as mixed in-
teger linear programming (MILP) problems [4]; we also obtained it from BCOL. On
334 variables and 151 standard devi-

ations 309 and 127, respectively).

(CLS. This set of 100 MILP-encoded capacitated lotsizing instances [5] was also ob-
tained from BCOL 181 variables and 150

REGIONS100. This set comprises 2000 instances of the combinatorial auction win-
ner determination problem, encoded as MILP instances. We generated them using the.
regions generator from the Combinatorial Auction Test Suite [22], with parameters

ood  bids=500. On average, the resulting MILP instances contain 501 vari-
ables and 1 1.7 and 2.5, espectivel

'REGIONS200. This set contains 2000 instances similar o those in REGIONS 100 but
larger; we created it with the same gencrator using g00ds=200 and bids=1000. On
the resulting MIL 1

standard deviations 1.7 and 3.4, respectively),
MASS. g

O 994 variables
and 24637 725 and 5 391 )

“This set comprises 2000 MILP instances based on real data used for the
construction of a wildlife corridor for grizzly bears in the Northern Rockies region
(the instances were described by Gomes et al. [11] and made available to us by Bistra
Dilkina). All instances had 466 variables: on average they had 436 constrainis (with
standard deviation 25.2).

42 Avoiding Problematic Parts of Parameter Configuration Space
Oceasionally, we encountered problems running GUROBI and LPSOLVE with certain
ombinations of parameters on particular probler instances. These problems included
Segmentation faults as well as several more subtle failure modes, in which incorrect
results could be returned by a solver. (CPLEX did not show these problems on any of
the instances studied here.) To deal with them, we took the following measures in our
experimental protocol. First, we established reference solutions for all MIP instances
using CPLEX 11.2 and GUROBI, both run with their default parameter configurations
for up 10 one CPU hour per instance. (For some instances, neither of the two solvers
ould find a solution within this time; for those instances, we skipped the correctness
eheck described in the following.)

*BEEp:/ fwnw. Leor berkeley .edu/-atanturk/beol/, where tis set is called
conic.sch.

I
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In order o idenify problematic parts of n configuration space, we ran 10
PARAMILS runs witha ime it of § hmvr\ each) unil one of them encountered

a thm run that ref-
e i Tor espective MIP instnco, or 3 scgmentaion . We cal the
parameter configuration 0 of such a run problematic. Starting from this problematic

conbgration 0, we e i what e call  ininal problnat onfraion
O n paticlar, e eratiely chinged h valu of on of ' parameters

capie,
i andom s o i prblems i he modiicd parameter valu, we
et the parameter at its default value, and otherwise changed it back 10 the value it
100k in 0, Nerating i pocess converges 1 & probleatc coniguration Dy ht s
minimal in the mlvnwmn sense: seting an il non- el paramete vl of O,
tits default
Using PARAMILS's mechanism o fomton partial parameter instantiations, we
then forbade any parameter configurations that included the partial configuration de-
fined by 8,,,,'s non-default parameter values. (When all non-default values for a pa-
meter became problematic. we did not consider that parameter for configuration,
amping 1 1 1 dfaut v We repeated thisproces i no problemate con
Sguraton e found s the PARANILS s 4 tmes for GUROD! and 14 ties or
LPSOLYE. Thercby, for GUROBI we removed one problematic parameter
loweltvo uter ol confgraton, educin e e of e confraton \yacc
from 1.32 10/ t0 3.84 - 1011, For LPSOLYE, we removed § problematic binary flags
and disllowed § further partial cw\hgun fons, reducing the size of the configuration
space from 883 101 t0 1.2 - 10°%, Detais on Foridden parmetr nd patal con-
fgurations, as well indat o
Labs /beta/Projects/MTP-Config
While that first stage resulted in concise bug reports we sent 10 GUROBI and L=
SOLVE, that stage, in the exper-
iments reported here, target algorithm runs osminaly disgeed wil e rerece
solution or produced segmentation faults. We considered the empirical cost of those.
ot be s hery deivin the Tocl e procees ndering PARANILS ey

dle target algorithm failures that we had not observed in our preliminary experiments.
We could have used the same approach without explicitly ideniifying and forbidding
problemaic configurations.

43 Computational Enyironment

L 3
each with w0 3.06 GHz Intel Xeon 32-bit processors and 2-4GB RAM. Al other
configuration experiments, as well as al evaluation, was performed on a cluster of 5
dual 3.2GHz Intel Xeon PCs with 2MB cache and 2GB RAM, running OpenSuSE
Linux 10.1; runtimes were measured as CPU time on these reference machines.
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Tl 2. Ko for minimizing s ot it i an el st v i
optimaliy. Al resuls ae for test sets disjont from the traiing sts used for the automated
wnngma(mn e report e percenag o o after 24 CPU s s wll 2 ho ean
time for those instances 0 e by both spproaches. Bold-faced enties indicste

(T redce the computational burden.rsuls or LPSOLV: on REGIONS200 and CORLAT ar
only based on from the

ot 2 i e U Sy

N e L™ s
o
G o 1

5 Minimization of Runtime Required to Prove Optim:

In our first set of experiments, we studied the extent to which sutomated configuration
can improve the time performance of CPLEX, GUROBL and LPSOLVE for solving the
seven types o nsances discussed n Section 41 This ed 10 3.6 + 1 = 19 configur-
tion constrained MIA instances could only be solved with
CrLEX)

For each configuration scenario, we allowed a total configuration time budget of 2
(CPU days for each of our 10 PARAMILS runs, with a captime of £, = 300 seconds
for cch MIP solver o, I ode 0 penaize s, ocing onfigurion e used
the (dubbed “PAR-10" in our pr (19
ccummg porvsirs Komae- For oo e report timeouts separately.

PARAMIL "
of d m the training st We note that this
Gl configuration s ypiealy detcmined v suboantal e and oo o o
ample, the CPLEX 12.1 user manual sta

“A great deal of
ing default LOG CPLEX parameter setings that e ‘00d performance on
awide variety of MIP models.
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instance for Forthe aber dups were
v factorof 153 200

Figure 2 shows the specd

the scenario with the largest wbcdup for each of the solvers. In all cases, PARAM-
s Confguratonsscled b o hard insances than the .llgumhm e, which
PARAMILS

for the 2 LesOLVE scemarios fo whieh i sy retmed th defuult confgurution:in
Figure 2(d), we show results for the more interesting second-wors case, the configuri-
tion of GUROBI on MIK. Observe that here, performance was actually rather £0od for
most d that the poor speedup in test due 10 a single hard
testinstance. Better generalization performance would be achieved if more training in-
stances were available.

6 Minimization of Optimality Gap

Sometimes.

ithm configuration procedures such as PARAMILS can in principle deal with various
example,

dian

ity (20, 15]. In the MIP domain, constraints on the time available for solving & given
MIP instance might preclude running the solver to completion, and in such cases, we.
may be interested in minimizing the optimality gap (also known as MIP gap) achicved
within a fixed amount of time, T.

To investigate the eficacy of our automated configuration approach in this conten,
we applied it to CPLEX, GUROBI 4nd LPSOLVE on the § benchmark distributions with

Tuble 3, Resuls for confguration of MIP solvers to reduce the relative optimality gap reached
within 10 CPU seconds. Tostinstances for
s o wihin 1 s ard e e i g o e remanin s e, Bd

ot he ot of e, wih e oo, e Condders e s £ amone
feasible instances only o break e
ot o . o e e Gcin
i S i i

enex K\m()\wnn o

as o
CORLAT i
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the with
timality gap achieved within T = 10 CPU seconds. To deal with runs that did not find
weused

ative gap for those instances. For cach of the 15 configuration scenarios, we performed
10 PARAMILS runs, cach with a time budget of 5 CPU hours

Ind cases,
andin : consider,
e 5 PSOLVE, 100%).
onIASS. e el contgurtionof LSO cold ot i sl aluonfor
ailable 10 wed outto be
o o the ot ofcogurons condered by PARAMILS

7 Comparison to CPLEX Tuning Tool

The e L s 1 and above.*

Itallows the user to minimize CPLEX's runtime on a given set of nstances. As in our

approach,the user specifies a per-run captime, the default for which is 5,0, = 10000

seconds. and an overall time budget. The user can further decide whether (o minimize

mean or maximal runtime across the set of nstances. (We note that the mean s usually
By defaul,

EX
tuning 1001 o performall the runs it deems necessary.

Since CLLX s proprictary.we dono now the o wokings o e i ol
howe an make some inferences fror 5. Tn our experiments, it always
il by ring he defult paramees confguration on each inance n he bench.
mark set. Then, it tested a set of named parameter confi
“easy’,and ‘more gomory cuts’. Which configurations it ested depended on the bench
mark

PARAILS differs from the CPLEX wning (0ol in at least three crucial ways. First,
it searches in the vast space of all possible configurations, while the CPLEX tning tool
focuses on a small set of handpicked candidates. Second, PARAMILS s 3 randomized
procedure that can be run for any amount of ime, and that can find different solutions

them,

as “no cuts’,

The L uning ool

siven) unles: retum
Confguraion il emminaes Third, bcause PARAVILS doce ot rely on domain:
specific knowledge, it can be applicd aut of the box to the configuration of other MIP

* Incidentlly our first work on the configuraton of CPLEX predats the CPLEX tuning (ool
“This work, involving Hter Hoos, Leyton-B e

2007141, Attha
for automaticaly confguring CPLEX was available; CPLEX 11 was released Nov. 2007,

28



ParamlILS - Resultados Computacionais

Vinicius A. Armentano - FEEC - UNICAMP - 2014

198 F Huter, HLH. Hoos, and K. Leyton-Brown

‘Table 4. Comparison of our approsch aganst the CPLEX tuning too. For cach benchmark set,
we repor the time £ equired by the CPLEX tuning too (it rn out of time aftes 2 CPU days for
REGION5200 and CORLAT, marked by ) and the CPLEX name of the configuation it judged
s e et e e e o e el conuraons e confgraion e ning ol
seected; and of 10 PARAMILS rur

/102 2y, spetvy, o e Pl . penessve report the speedip
over the CpLEX tuning tool. Boldface indicates improved perform:

e 13.31) i
oo i S Cewt 06 o odsire  omd(iseg
Gowi e w98 S5 lasaang  1ie@es
MK e welen Gw o s visa) 098303
B N R N s R )
CORAT e wa Bae  teor  161AGa8%)  ieaesk

Perormanca (CPU ]

) Recions100

Perimanca (CPUS)

o

m

(@ A (@ MASS wais

i, 3. Comparison of the defuult coniguraton and the configurations returned by the CPLEX
wning ool and by our approsch. The x-axi gives the toal time budget used for configurarion
a it pafomane (CLX men CPU e an e st ) i withi it
budget. For PARAMILS, we perform 10 runs in paralel and count he toal tme buds

o of i GG i gt The o o REGIONS200 i oty st 1o
the ane for REGIONS 100, except that the gains of PARAMILS ar larger.

#

solvers and. indecd,abitrary parumeterizedsgorithns. ncontrs, e e configurs-
tons e .

wp

of instances it relies upon MIP-spe
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