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Summary

When confronted with complex real-world problems, the first step is often to express

them mathematically to make them accessible to a multitude of tools that can po-

tentially be used for solving them. Among those mathematical representations comes

one dreaded family: the non-deterministic polynomial-time hard (NP-hard) problems,

commonly considered unsolvable in polynomial time. NP-hard problems have two

important characteristics: creating the correct solution from scratch is typically in-

tractable, but verifying if a solution is correct does not require as much effort. Thus

came heuristic methods: through approximations and trial and error, they can often

solve NP-hard problems, even large ones, within an acceptable timeframe.

Researchers gathered a large variety of methods to solve increasingly complex prob-

lems. Once the proper tool has been selected, which in itself is already the subject

of an entire area of research, the next step is to decide how best to use it. Heuristic

algorithms come with various parameters corresponding to switches and knobs one

can play with until the fastest path to a solution is found. They allow, for example, to

activate pre-processing steps, to select among several metrics, to decide the direction

a search process should branch first, or to define the probability of restarting from a

random position. All these can be tailored to the characteristics of the problem in-

stances at hand, and setting them correctly can make the difference between solving a

problem in minutes, hours, or weeks. To optimise the performance of such algorithms

by setting the values of their parameters is an optimisation problem known as the

automated algorithm configuration problem. Over the last twenty years, researchers

have developed heuristic algorithms (referred to as configurators) to configure their

heuristic algorithms (referred to as solvers). Optimisation methods based on various

paradigms — such as evolutionary algorithms, racing, and Bayesian optimisation —

have provided the bases for configuring the inner workings of algorithms from various

fields of application. Those configurators, more specifically their strategies to sample
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parameter values and problem instances, are the main topic of study in the present

thesis. In particular, we are interested in their application to reduce the running time

of solvers for NP-hard problems.

We start by assessing the state of the art, evaluating 7 different approaches on

20 datasets and configuration scenarios from the literature. We find configurators

perform differently depending on the tasks, but also that recent ones do not always

significantly outperform older approaches. This shows that there has been limited de-

velopment in the state of the art in the last few years with running time optimisation.

Indeed, many recent methods are tailored toward the specific problem of hyperparam-

eter optimisation for machine learning models, which focus on solution quality. We

also listed the characteristics of the configuration scenarios and found no straightfor-

ward link between them and the performance of the different configurators. Deciding

which configurator would be best on which scenario is a difficult problem by itself.

Then, we focus our attention and the sampling distribution of new parameter

values, around the default value. This value is typically given with solvers for NP-

hard problems of interest in our work. We find that those values typically defined by

the developer based on their own understanding of their algorithms nor on experiments

on their own set of benchmarks, provide a strong prior in the sampling of new values.

We show that using this prior, we can improve the performance of the state-of-the-art

configurators based on Bayesian optimisation, SMAC.

After sampling parameter values, the configurator would sample the problem in-

stances on which to test those parameter values. We developed several instance se-

lection approaches based on the literature to decide which instances the solver should

try to solve first, and to determine quickly if a set of parameter values leads to bet-

ter performance. We evaluate them in several cases: comparing two algorithms, two

parametrised version of one algorithm, and based on different amounts and types of

prior information to represent several steps of the configuration process in our ex-

periments. Then, we integrated them into SMAC and evaluated this new version of

SMAC with instance selection. We reached better performances than ever reached

before. However, it is difficult to decide which method should be used when, and

these methods thus need more research before being applicable in practice.

Overall, in this thesis, we evaluated several methods to sample both new values

of parameters and new instances on which to test them based on prior information

either from the developer or from the data gathered so far. We showed that better

leveraging this information allows the configurators to be more efficient.

viii



Samenvatting

Bij complexe problemen uit de praktijk is de eerste stap vaak om ze wiskundig te for-

muleren, zodat ze toegankelijk worden voor een breed scala aan hulpmiddelen die mo-

gelijk kunnen worden ingezet om ze op te lossen. Onder die wiskundige formuleringen

bevindt zich een gevreesde groep: de niet-deterministische polynomiale-tijd-moeilijke

(NP-moeilijke) problemen, die doorgaans als onoplosbaar in polynomiale tijd worden

beschouwd. NP-moeilijke problemen hebben twee belangrijke kenmerken: efficient

een juiste oplossing vanaf nul bedenken is doorgaans onmogelijk, maar controleren of

een oplossing juist is, is doorgaans makkelijker. Zo ontstonden heuristische metho-

den: door middel van benaderingen en trial-and-error kunnen ze vaak NP-moeilijke

problemen, zelfs grote, binnen een acceptabele tijd oplossen.

Onderzoekers hebben een breed scala aan methoden verzameld om steeds com-

plexere problemen op te lossen. Zodra het juiste hulpmiddel is gekozen – wat op zich

al een heel eigen onderzoeksgebied is – is de volgende stap te bepalen hoe dit het best

kan worden ingezet. Heuristische algoritmen beschikken over diverse parameters die te

vergelijken zijn met schakelaars en knoppen waarmee men kan spelen totdat de snelste

weg naar een oplossing is gevonden. Ze maken het bijvoorbeeld mogelijk om voorbe-

werkingsstappen te activeren, te kiezen uit verschillende meetmethoden, te bepalen

in welke richting een zoekproces zich eerst moet vertakken, of de kans te definiëren

om vanaf een willekeurige positie opnieuw te starten. Dit alles kan worden afgestemd

op de kenmerken van de betreffende probleeminstanties, en het correct instellen er-

van kan het verschil maken tussen het oplossen van een probleem in minuten, uren of

weken. Het optimaliseren van de prestaties van dergelijke algoritmen door de waar-

den van hun parameters in te stellen, is een optimalisatieprobleem dat bekend staat

als het geautomatiseerde algoritmeconfiguratieprobleem. In de afgelopen twintig jaar

hebben onderzoekers heuristische algoritmen (configurators genoemd) ontwikkeld om

hun heuristische algoritmen (solvers genoemd) te configureren. Optimalisatiemetho-
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den die zijn gebaseerd op verschillende paradigma’s — zoals evolutionaire algoritmen,

racing en Bayesiaanse optimalisatie — hebben de basis gelegd voor het configureren

van de interne werking van algoritmen uit diverse toepassingsgebieden. Die config-

uratoren, en meer specifiek hun strategieën voor het kiezen van parameterwaarden

en probleeminstanties, vormen het hoofdonderwerp van dit proefschrift. We zijn met

name gëınteresseerd in de toepassing ervan om de looptijd van NP-moeilijke solvers te

verkorten.

We beginnen met het in kaart brengen van de stand van zaken, waarbij we 7

verschillende benaderingen evalueren op 20 datasets en configuratiescenario’s uit de

literatuur. We constateren dat configuratoren verschillend presteren afhankelijk van

de taken, maar ook dat recentere benaderingen niet altijd significant beter presteren

dan oudere. Dit toont aan dat er de afgelopen jaren beperkte vooruitgang is geboekt

in de stand van zaken op het gebied van looptijdoptimalisatie. Veel recente methoden

zijn namelijk afgestemd op het specifieke probleem van hyperparameteroptimalisatie

voor machine learning-modellen, waarbij de nadruk ligt op de kwaliteit van de oploss-

ing. We hebben ook de kenmerken van de configuratiescenario’s op een rijtje gezet

en geen duidelijk verband gevonden tussen deze kenmerken en de prestaties van de

verschillende configurators. Bepalen welke configurator het beste is voor welk scenario

is op zich al een lastig probleem.

Vervolgens richten we onze aandacht op de steekproefverdeling van nieuwe pa-

rameterwaarden rond de standaardwaarde. Deze waarde wordt doorgaans opgegeven

bij de NP-moeilijke solvers die in ons onderzoek van belang zijn. We constateren dat

deze waarden, die doorgaans door de ontwikkelaar worden vastgesteld op basis van hun

eigen inzicht in de algoritmen of op basis van experimenten met hun eigen reeks bench-

marks, een sterke a-priori-verdeling opleveren bij het genereren van nieuwe waarden.

We laten zien dat we met behulp van deze a-priori-informatie de prestaties kunnen ver-

beteren van de state-of-the-art configurators op basis van Bayesiaanse optimalisatie,

SMAC.

Na het kiezen van parameterwaarden zou de configurator de probleeminstanties

kiezen waarop die parameterwaarden getest moeten worden. We hebben verschillende

benaderingen voor instantieselectie ontwikkeld op basis van de literatuur om te bepalen

welke instanties de solver als eerste moet proberen op te lossen, en om snel vast te

stellen of een set parameterwaarden tot betere prestaties leidt. We evalueren deze

in verschillende gevallen: door twee algoritmen te vergelijken, twee geparametriseerde

versies van één algoritme, en op basis van verschillende hoeveelheden en soorten a-

priori-informatie om verschillende stappen van het configuratieproces in onze experi-
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menten weer te geven. Vervolgens hebben we ze gëıntegreerd in SMAC en deze nieuwe

versie van SMAC met instantieselectie geëvalueerd. We bereikten betere prestaties dan

nooit eerder waren bereikt. Het is echter moeilijk te bepalen welke methode wanneer

moet worden gebruikt, en deze methoden vereisen daarom meer onderzoek voordat ze

in de praktijk toepasbaar zijn.

In deze scriptie hebben we verschillende methoden geëvalueerd om zowel nieuwe

parameterwaarden als nieuwe probleeminstanties te genereren op basis van vooraf-

gaande informatie, afkomstig van de ontwikkelaar of uit de tot nu toe verzamelde

gegevens. We hebben aangetoond dat configuratietools efficiënter kunnen werken als

deze informatie beter wordt benut.
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1
Introduction

When faced with a new problem, a common approach is to transform it into a math-

ematical representation, which can then be solved using the laws of mathematics. We

learn to do so from the early years of primary school and, as the years pass, we gather

methods to solve increasingly complex mathematical problems. Among those more

complex problems, nondeterministic polynomial time (NP) hard problems are a fam-

ily commonly considered non-solvable in polynomial time. While creating the correct

solution from scratch is typically intractable, verifying if a solution is correct does not

require as much time, which leads researchers to develop heuristic methods. Through

approximations, trials and errors, those methods are often able to solve NP-hard

problems, even large ones, within an acceptable time frame. Not only are heuristic

algorithms powerful, they are also configurable: they come with various parameters,

corresponding to many switches and knobs one can play with until the fastest path to

a solution is found, and they can be tailored to the specificity of the problem instance

at hand.

However, to optimise the performance of such algorithms by setting the values of

their parameters requires expert knowledge, a lot of time, or often both. Reproduc-

ing the exact same process as described in the previous paragraph, researchers took

this new optimisation problem, represented it mathematically as the automated algo-

rithm configuration (AAC) problem, and developed heuristic algorithms (referred to

as configurators) to configure their heuristic algorithms (referred to as solvers). The

configurator will search the space of possible values for the parameters of the solver
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and evaluate their impact on its performance on the instances of interest, according to

a specific performance measure (often the running time of the solver or the problem-

specific quality of the solution it could find). Tackling the AAC problem requires

searching a large space of configurations and performing time-consuming solver runs

on instances. From local search methods to model-based approaches , state-of-the-art

configurators are complex search algorithms tailored to mitigate those two difficulties.

In this thesis, we examine the elements of the AAC problem and the decisions made

in past works regarding sampling new values or instances. We investigate sampling ap-

proaches – in theory, configurator-agnostic – and hypothesise that different approaches

would allow to more efficiently search for high-performing configurations by focusing

the search and reducing the time required to evaluate the configured solver.

1.1 Background

As mentioned before, one of the most challenging family of problems obtained by

representing mathematically real-world problems are the NP-hard problems. Finding

algorithms and developing software that can efficiently solve these is an active area of

scientific research, due to their high complexity and wide range of applications (see e.g.

Burch et al., 1994; Matai et al., 2010; Verbert et al., 2017). New solvers for NP-hard

problems are regularly developed and compete with each other at yearly competitions,

such as the SAT competition (see e.g. Heule et al., 2024), the SMT competition (see e.g.

Weber et al., 2019) and the planning competition (see e.g. Taitler et al., 2024). Among

these solvers, many can be tailored to a specific application domain through parameters

that influence their inner workings and thus their performance. However, manually

tuning those parameters is a lengthy and tedious process that relies heavily on expert

knowledge. From the early 1990s onwards, researchers began to explore approaches to

automatically configure search heuristics (Minton, 1993) and thus solvers based on such

heuristics, which later gave rise to the field of AAC and the paradigm of programming

by optimisation (Hoos, 2012b). AAC is particularly beneficial when confronted to a

large set of similar problems on which the same configuration is expected to perform

similarly well. In recent decades, many automated methods to configure – or tune –

those solvers have been proposed (see e.g. Ansótegui et al., 2009; López-Ibáñez et al.,

2016; Pushak and Hoos, 2020). Their great success encouraged researchers to apply

them to a range of other algorithms from areas such as material science (see e.g.

Packwood et al., 2017; Wahab et al., 2020), economics (see e.g. Balcan et al., 2018)

and process mining(see e.g. Ramos-Gutiérrez et al., 2021). When applied to machine
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learning (see e.g. Bergstra and Bengio, 2012; Li et al., 2018), this gave rise to the

nowadays prominent research area of automated machine learning (autoML) (Hutter

et al., 2019).

1.2 Outline and research questions

Chapter 2 introduces in more detail the problem at hand, explains the diverse

approaches that have been used to tackle it in the literature, and describes the con-

figuration scenarios that will be used in the remainder of the thesis.

RQ1 (Chapter 2) How can the configuration scenarios be best described and charac-

terised?

To better understand the challenges of AAC, we examine widely studied config-

uration scenarios and attempt to characterise them with the goal of facilitating

principled comparisons.

Chapter 3 describes the protocol we follow to compare the performance of config-

urators. It then compares the configurators introduced in the previous chapter and

presents insights regarding their strengths and weaknesses.

RQ2 (Chapter 3) How do state-of-the-art configurators compare to each other on a

variety of scenarios?

We run various state-of-the-art general-purpose algorithm configurators on the

scenarios that we previously identified. We evaluate them in terms of aggregate

performance and complementarity across diverse scenarios.

RQ3 (Chapter 3) How do scenario characteristics influence the performance of state-

of-the-art configurators?

We relate the performance to the characteristics we defined in Chapter 2 and

draw general conclusions about their strengths and weaknesses.

Chapter 4 explores the extent to which the default parameter values are used in

current configurators and proposes an approach to make better use of them.

RQ4 (Chapter 4) How and to which extent do current configurators use the default

values usually provided by algorithm developers?

Algorithms typically come with a default configuration. We investigate how

frequently configurators use this configuration and their impact on performance.
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RQ5 (Chapter 4) How can we make better use of known good parameter values – in

our case, the default value – to guide the search strategy?

We evaluate a simple strategy to prune the search space around the default value.

Based on its success, we propose a sampling strategy that focuses the search

around the default values and evaluates its efficiency in a prominent configurator.

Chapter 5 proposes approaches to compare the performance of algorithms against

each other while minimising time spent on non-informative problem instances. It is

used as a first step towards the comparison of several configurations studied in the

following chapter.

RQ6 (Chapter 5) How can we smartly select on which instances to run our evaluation

to lower the time spent evaluating bad algorithms?

We evaluate several metrics to select a subset of instances for comparison be-

tween two algorithms. Our goal is to make a decision to discard less promising

challengers faster.

Chapter 6 evaluates those approaches to compare the performance of several con-

figurations of a single algorithm and integrates them inside a configurator.

RQ7 (Chapter 6) How can we smartly select on which instances to run our evaluation

to lower the time spent evaluating bad configurations?

We apply the previously developed metrics to select a subset of instances for

comparison between two configurations. To do so, we define two comparison

situations that arise in a configurator and evaluate the selection metrics for

both.

RQ8 (Chapter 6) How can instance selection boost the configurator performance or

speed?

We integrate the most efficient metrics in a configurator to speed up the com-

parison of configurations and allow more configurations to be compared to the

incumbent.

1.3 Publications based on material in this thesis

Parts of this work have given rise to peer-reviewed publications. We give below a short

overview of the content of each publication.
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Anastacio, M., Luo, C., and Hoos, H. (2019). Exploitation of default parameter

values in automated algorithm configuration. In Workshop Data Science meets

Optimisation, DSO, in conjunction with IJCAI.

In this work, we studied the impact of the given default on the prominent configura-

tors and introduced a näıve approach to focus the search on the default value without

needing to make any changes in the configurators. To do so, we reduced the search

space around the default value and showed that, for 15 out of 20 scenarios, the promi-

nent configurator SMAC found better configuration on the reduced search space. This

work is covered in Chapter 4.

Anastacio, M. and Hoos, H. H. (2020a). Combining sequential model-based algo-

rithm configuration with default-guided probabilistic sampling. InGECCO 2020:

Genetic and Evolutionary Computation Conference 2020, Companion Volume,

pages 301–302. ACM.

This extended abstract laid the foundations of a sampling method integrated inside of

the configurator SMAC to follow truncated normal distributions centered around the

default values of the parameters. This work is covered in Chapter 4.

Anastacio, M. and Hoos, H. H. (2020b). Model-based algorithm configuration

with default-guided probabilistic sampling. In Proceedings of Parallel Problem

Solving from Nature - PPSN XVI, Part I, volume 12269 of Lecture Notes in

Computer Science, pages 95–110. Springer.

In this paper, we tested the sampling method presented previously and compared the

obtained configurator SMACPS to the two prominent configurators SMAC and irace,

reaching better configurations than both of them on more than half of the 16 studied

scenarios. This work is covered in Chapter 4.

Matricon, T., Anastacio, M., Fijalkow, N., Simon, L., and Hoos, H. H. (2021).

Statistical comparison of algorithm performance through instance selection. In

Proceedings of the International Conference on Principles and Practice of Con-

straint Programming, CP, volume 210 of LIPIcs, pages 43:1–43:21. Schloss Dagstuhl

- Leibniz-Zentrum für Informatik.

In this paper, we sped up the time required to compare the performance of pairs of

solvers for NP-hard problems by automatically selecting on which problem instances

they should be evaluated and applying a statistical test to decide when enough evidence

has been gathered. This work is covered in Chapter 5.
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Anastacio, M., Matricon, T., and Hoos, H. H. (2022). Instance selection for

configuration performance comparison. In Meta-knowledge transfer workshop,

in conjunction with ECML-PKDD.

Building on the previous paper, we studied the impact of instance selection methods

to compare configurations of a single algorithm instead of comparing algorithms. We

showed that similarly, the time required to get enough evidence to decide which is

better than the other can be significantly lower than when running them on all problem

instances. This work is covered in Chapter 6.

Anastacio, M. (2021). Greybox algorithm configuration. In Proceedings of the

International Joint Conference on Artificial Intelligence, IJCAI, pages 4875–

4876.

This extended abstract was prepared when planning the content of this thesis. While

the final content deviates slightly from the one presented then, this extended abstract

describes at a high-level the content covered in Chapters 4 to 6.

1.4 Other work published by the author

During the thesis project, the author also contributed to other publications that are

only loosely related to this dissertation. Their content is not part of this thesis, but,

for completeness, these are outlined in the following.

Fokkinga, D., Latour, A. L. D., Anastacio, M., Nijssen, S., and Hoos, H. (2019).

Programming a stochastic constraint optimisation algorithm, by optimisation. In

Workshop Data Science meets Optimisation, DSO, in conjunction with IJCAI.

Latour, A. L. D., Babaki, B., Fokkinga, D., Anastacio, M., Hoos, H. H., and Ni-

jssen, S. (2020). Stochastic constraint optimisation with applications in network

analysis (extended abstract). In International Workshop on Model Counting,

MCW, in conjunction with SAT.

Latour, A. L., Babaki, B., Fokkinga, D., Anastacio, M., Hoos, H. H., and Nijssen,

S. (2022a). Exact stochastic constraint optimisation with applications in network

analysis. Artificial Intelligence, 304:103650.

Latour, A. L. D., Babaki, B., Fokkinga, D., Anastacio, M., Hoos, H. H., and Ni-

jssen, S. (2022b). Stochastic constraint optimisation with applications in network
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analysis (extended abstract). In Workshop on Counting and Sampling 2022, in

conjunction with FLoC 2022 and SAT 2022.

These publications are part of a line of research in which automated algorithm config-

uration was applied to a solver for stochastic constraint optimisation problems. In the

framework of his master project, D. Fokkinga used SMAC to optimise the parameters

of the approach developed by A.L.D. Latour (then a PhD student).

Pulatov, D., Anastacio, M., Kotthoff, L., and Hoos, H. H. (2022). Opening

the black box: Automated software analysis for algorithm selection. In Inter-

national Conference on Automated Machine Learning, AutoML, volume 188 of

Proceedings of Machine Learning Research, pages 6/1–18. Proceedings of Ma-

chine Learning Research PMLR.

Purucker, L. O., Schneider, L., Anastacio, M., Beel, J., Bischl, B., and Hoos,

H. H. (2023). Q(D)O-ES: population-based quality (diversity) optimisation for

post hoc ensemble selection in automl. In International Conference on Auto-

mated Machine Learning, AutoML, volume 224 of Proceedings of Machine Learn-

ing Research, pages 10/1–34. Proceedings of Machine Learning Research PMLR.

These publications arose from the projects of other PhD students, whom the author

assisted in conceptualising the methods, implementing them and analysing the ob-

tained results. The first one explored the usage of algorithm source code features in

the context of automated algorithm selection, and the second proposed a quality di-

versity optimisation ensemble selection method to ensemble machine learning models

after their hyperparameters have been optimised.

Rogers, J., Anastacio, M., Bernard, J., Chakhchoukh, M., Faust, R., Kerren,

A., Koch, S., Kotthoff, L., Turkay, C., and Wall, E. (2024). Visualization and

automation in data science: Exploring the paradox of humans-in-the-loop. In

Workshop on Visualization in Data Science VDS, in conjunction with IEEE

Visualization and Visual Analytics Conference VIS.

This publication resulted from a Dagstuhl seminar in which the author actively par-

ticipated and calls for bringing back humans in the loop in automated data science.

It won a best paper award at the Workshop on Visualization in Data Science.

Kalkreuth, R., de França, F. O., Dierkes, J., Anastacio, M., Jankovic, A., Va-

sicek, Z., and Hoos, H. (2025). Tinyversegp: Towards a modular cross-domain
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benchmarking framework for genetic programming. In GECCO 2025: Genetic

and Evolutionary Computation Conference, Companion Volume. ACM.

This work presents a benchmarking tool for genetic programming. It includes a

pipeline implemented by the author for optimising the hyperparameters of genetic

programming methods.

Gerlach, B., Anastacio, M., and Hoos, H. H. (2025). On the efficiency of training

robust decision trees. In Poster at the Symposium on AI Verification SAIV,

adjunct to the International Conference on Computer-Aided Verification CAV.

Moeini, E., Vox, C., Anastacio, M., Skaf, W., Barachi, M., and Hoos, H. H.

(2026). Neural architecture and hyperparameter selection through meta-learning

on time series. In Proceedings of the AAAI Conference on Artificial Intelligence.

AAAI Press.

These publications were the result of master and bachelor projects of students co-

supervised by the author. Gerlach et al. studies the robustness of decision trees

and ensembles thereof. Moeini et al. applied meta-learning to jointly predict the

architecture and hyperparameters one should use on a new time series dataset.
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2
Automated Algorithm

Configuration

In this chapter, we define the automated algorithm configuration (AAC) problem, its

applications and challenges, particularly when optimising the running time of solvers

for NP-hard problems. We list existing state-of-the-art configurators and delve into

their inner workings to gain a deeper understanding of how they address these chal-

lenges during their search procedure. We then introduce the set of configuration

scenarios and benchmarks that have been used in the literature and will be used

throughout the thesis. For each of them, we attempt to define characteristics that

might impact the performance of configurators. An empirical evaluation of configura-

tor performance is presented in Chapter 3.
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2.1 Algorithm configuration problem

Many state-of-the-art algorithms, especially solvers for NP-hard problems, come with

parameters that enable users to fine-tune the inner workings of the solver to the

specific problem instances they are trying to solve. This tuning has traditionally been

conducted manually or through simple search procedures, such as random search,

which remains the approach in many fields despite the availability of tools to automate

parameter tuning. The question of finding which parameter values should be used for

an algorithm to perform well on a set of problem instances is known as the automated

algorithm configuration problem.

2.1.1 Problem definition

The AAC problem can be defined as follows (see e.g. Hoos, 2012a).

Definition 2.1. Given:

• a target algorithm A with k parameters p1, p2, ..., pk, a domain Dj of possible

values and a default value Dj ∈ Dj for each parameter pj ;

• a configuration space Ω, containing all valid combinations of parameter values

of A;

• a set of problem instances I;

• a performance metricM that measures the performance on I of target algorithm
A configured according to ω ∈ Ω;

find ω∗ ∈ Ω that optimises the performance of A on instance set I, according to metric

M.

Note that typically the running time of the target algorithm is limited by an upper

bound defined by means of a cutoff time Tcut. This limit has an impact on any attempt

to model the running time, as a saturation phenomenon occurs at the upper bound.

Instead of following the underlying distribution of running time, data gathered with

such a cutoff time will be set to Tcut for any algorithm that needs more time. Some

configuration approaches will implement methods to mitigate this impact, such as

SMAC proposed by Hutter et al. (2011b) (described in Section 2.2.2).

2.1.2 Challenges

The AAC problem comprises three main elements, each coming with its own challenges.
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Target algorithm

The target algorithm is typically treated as a black-box algorithm with complex inner

workings. Although some methods tried to open the black box (see e.g. Adriaensen

and Nowé, 2016; Pulatov et al., 2022), these are still preliminary and, to the best

of our knowledge, there exists no configurator that integrates such methods natively.

In this work, we are particularly interested in solvers for NP-hard problems. Such

algorithms present two significant challenges. First, their typical running time varies

widely depending on the specific problem instance they solve, especially for solvers

of NP-hard problems and the longer evaluations can be very costly. Thus, the con-

figuration process can benefit from mechanisms to reduce the number of evaluations.

Second, they do not typically come with a notion of anytime performance, preventing

us from using methods typically used for machine learning algorithms, such as suc-

cessive halving Jamieson and Talwalkar (2016) or learning curve-based performance

prediction Domhan et al. (2015).

Configuration space

Each parameter comes with a domain of possible values. This domain can be of

different types: categorical, ordinal, or numerical. Categorical parameters have an

unordered finite set of possible values and are often used to select between several

heuristic components or mechanisms. Numerical parameters are real- or integer-valued

and are often used to calibrate heuristic mechanisms or components. Parameters can

also conditionally depend on each other, such that one is active only when another

takes a specific value. For example, consider a Boolean parameter that activates a

mechanism, which is itself adjusted using a numerical parameter. While in some sce-

narios Ω = D1× . . .×Dk, these conditional relationships induce complex shapes in the

resulting configuration spaces, as some parts are accessible only under the condition

that other parameters are set to a specific value. Despite those challenges, Pushak

and Hoos (2018) demonstrated that the performance landscapes (i.e. how the perfor-

mance of the target algorithm varies depending on the variations in its configuration)

tend rather benign, which can facilitate accurate prediction of the performance of the

algorithm. Chapter 4 will delve more into the configuration space.

Instance set

The instance set comprises a set of instances that are considered representative of the

given problem. Specifically, the instances in this set are expected to be drawn from
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the same underlying distribution, such that the configuration obtained based on a part

of this set performs similarly well on the whole set. Indeed, the AAC problem aims

to find a well-performing configuration for a specific type of problem instances, rather

than a configuration that performs well on any instance. The set can contain instances

that are more or less difficult, and thus take more or less time to solve. This affects the

configurator in many ways. Indeed, long running times mean that fewer evaluations

can be performed within a given time budget. To avoid the configuration process from

stalling on an unsolvable or extremely costly instance, each algorithm run is stopped

after a cutoff time Tcut. However, if too many instances cannot be solved by the solver

within this time, there is very little to be learnt from the runs. We look into this in

more detail in Chapters 5 and 6.

2.2 Configuration approaches

In recent years, much work has been done on AAC, resulting in several general-purpose

automatic algorithm configurators, based on different approaches. Each requires and

includes three key mechanisms: a method to generate a challenger configuration from

Ω, a method to estimate the performance of a configuration on the instances from I,
and a method to decide which configuration(s) to keep for the next iteration of the

optimisation process.

2.2.1 Scope

Most configurators have limitations, strengths and weaknesses that are based on their

underlying search algorithm and the configuration scenarios for which they were de-

signed. In this work, we are interested in configuring algorithms that support a large

number of parameters of any type (numerical, Boolean, or categorical) with possible

conditional dependencies between them. We thus do not consider configurators that

do not handle categorical parameters, such as REVAC (Nannen and Eiben, 2007).

While we acknowledge that for some algorithms it is relevant to optimise along sev-

eral objectives, we focus solely on single-objective configuration for the running time

of NP-hard problems. This restriction, which corresponds to many practical applica-

tions of algorithm configuration, allows us to use well-studied configuration scenarios

from the library AClib (Hutter et al., 2014a). Moreover, the analysis of our results is

easier to interpret, without the added complexity of a Pareto front analysis. For many

such scenarios, we have no access to anytime performance or any way to approximate
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a result with a lower budget, which excludes configurators relying on this kind of in-

formation, such as BOHB (Falkner et al., 2018) and Optuna (Akiba et al., 2019). We

also limited our use of proprietary configurators that are not readily available for use,

such as GGA (Ansótegui et al., 2009).

For our performance comparisons (see Chapter 3), we thus consider the follow-

ing configurators: paramILS (Hutter et al., 2009), GGA++ (Ansótegui et al., 2015),

irace (Birattari et al., 2010), SMAC (Hutter et al., 2011b) and GPS (Pushak and

Hoos, 2020). While there might be more available, we believe that this selection cov-

ers prominent fundamental methods (evolutionary computation, local search, Bayesian

optimisation and racing). In the following, we delve deeper into the inner workings of

these configurators.

2.2.2 Details on prominent AAC procedures

As mentioned earlier, the AAC problem presents numerous challenges, and each con-

figurator approaches them in a different way. To handle the extensive running time

of the target algorithm, configurators can use an empirical performance model (e.g.

SMAC and GGA++) that allows them to estimate the running time based on fea-

tures characterising the instances, similarly to the work done in algorithm selection

(AS) (Xu et al., 2008; Lindauer et al., 2015). Capping mechanisms reduce the number

of algorithm runs by stopping the evaluation of poorly performing configurations (e.g.

paramILS and irace). To handle the vast search space, numerous search algorithms are

available in the literature. Each configurator is based on well-known search strategies

that have already demonstrated success in other fields, such as genetic algorithms,

estimation of distribution, or golden search. Each configurator considered in our work

is described in more detail in the following.

paramILS

paramILS (Hutter et al., 2007, 2009) is the earliest method that we consider. It is

an iterated local search (ILS) algorithm (Lourenço et al., 2003), designed to optimise

the parameters of heuristic algorithms. Following ILS, it starts from a point in the

search space and, through small perturbations, explores its neighbourhood. It restarts

this process several times to collect a set of good configurations and returns the best

one when the configuration budget is exhausted. Additionally, it extends ILS with

an adaptive capping mechanism that limits the time spent on less promising sets of

parameters.
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The high-level procedure of paramILS is described in Algorithm 2.1. ParamILS is

initialised with random configurations (line 1) from which it keeps the one determined

to perform best according toM. It perturbs this configuration with small changes to

one parameter at a time and retains the first found improvement (line 2). Then, until

the assigned budget is exhausted, it applies s perturbations to the configuration (line

5) and improves it by taking the first neighbouring configuration that improves upon

it (line 6). If the best found configuration so far, ωinc, is outperformed by the newly

found configuration, its value is updated (line 7). paramILS restarts the local search

at random with a probability of prestart set to 1% by default (line 5).

Hutter et al. propose two approaches to decide, line 7, which of the two configura-

tions performs best. This leads to two variants of the paramILS procedure. The first

variant, basicILS, compares directly the performance of two configurations on a fixed

subset of instances. The second variant, focusedILS, gradually increases the number

of runs performed with the configuration that was evaluated the fewest times, until

one configuration dominates the other (ω1 dominates ω2 if it performs at least as well

on all instances evaluated with ω2). At each iteration of the core loop (lines 3 to 9),

focusedILS increases the number of instances on which ωinc is evaluated. Moreover, to

avoid spending excessive time evaluating poorly performing configurations, an adap-

tive capping mechanism is employed. If, during a target algorithm run, the perturbed

configuration is deemed to perform significantly worse than the current best, the run

Algorithm 2.1 ParamILS

Input Ω: configuration space, r: number of initial configurations, prestart: probability
of restarting, s: number of perturbations, Budget: the maximum time allowed to find
a configuration.
Output ωinc: the best found configuration.

1: Sample r random configurations in Ω, set ω to the best-performing.
2: Perform iterative first improvement on neighbourhood of ω (the configurations

that differ by one parameter) and set ωinc to the result
3: while Budget not exhausted do
4: ω ← ωinc

5: Apply s random perturbations (change one parameter value) to ω
6: Perform iterative first improvement on neighbourhood of ω (the configurations

that differ by one parameter)
7: If ω is better that the best known configuration ωinc, update ωinc

8: With probability prestart, reset ω to a random configuration
9: end while

10: Return ωinc
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is terminated. According to the evaluation presented by (Hutter et al., 2009), this

reduced up to 10-folds the required configuration time.

GGA++

GGA (Ansótegui et al., 2009) is a genetic algorithm that considers a population in

which each individual is a configuration and the performance of the target algorithm

is used as the fitness function. Following the work of Lis and Eiben (1997), the indi-

viduals are assigned a “gender” that separates them into two groups: the competitive

and the non-competitive. Among the competitive group, only the c% best individuals

can produce offsprings, based on a tournament evaluating their fitness on a subset of

instances from the training set. Among the non-competitive group, a portion of ran-

domly selected individuals will produce offsprings (their number is tailored to keep the

size of the population stable). This approach allows to minimise the number of direct

evaluations of configurations and to keep diversity in the population thanks to the

non-competitive individuals. Following standard practice in the field, Ansótegui et al.

apply crossovers and mutations to the offspring produced at each generation, and kill

individuals when they reach the age limit (set to 3 by default).

Later, Ansótegui et al. (2015) proposed GGA++. They added a random forest

surrogate model to predict the performance of the non-competitive individuals and

Algorithm 2.2 GGA++

Input Ω: configuration space, Age: maximum age of the population, c: portion
of the individuals kept through competition, g: portion of the offspring genetically
engineered, r: portion of individuals replaced by random at each generation, Budget:
the maximum number of generations allowed to find a configuration.
Output ωinc: the best found configuration.

1: pop← SampleUniform(Ω) ▷ Initialise the population.
2: Assign each individual an age (from 1 to Age)
3: separate into popcompetition and popattraction
4: while Budget not exhausted do
5: popbest ← best c% of popcompetition

6: popnew ← offsprings of popbest and popattraction with probability g of genetic
engineering

7: Mutate offspring.
8: Replace portion r of the non-competitive population with random individuals
9: Evaluate popbest and update the incumbent ωinc

10: end while
11: Return ωinc
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used it as a measure of attractiveness to select which of them would mate. This surro-

gate model also provides a heuristic to predict the performance of possible offsprings

and decide which one should be produced. The model is specifically tuned to be more

precise in the top-performing areas of the search space, and is used at several steps of

the algorithm (Algorithm 2.2). Compared to GGA, competitive individuals are still

selected based on a tournament (line 4), but the non-competitive individuals are se-

lected with a probability based on their predicted performance instead of uniformly at

random. Moreover, a portion g (set to 1 in the original publication) of the offsprings

are built using genetic engineering, meaning that the surrogate model indicates which

offspring should be produced by the mating process (line 5). This engineering process,

coupled to the selection of parents based on the same surrogate model, would lower

the diversity of the population, which is key in evolutionary computing for balancing

exploration and exploitation. Thus, part of the population is replaced by random

individuals at each generation (line 9).

irace

The configurator irace (Birattari et al., 2010) is based on racing methods, drawing

from prior work by Maron and Moore (1997). The idea, as seen in Algorithm 2.3, is

to perform a race among a set of configurations, i.e., to run them incrementally on

more and more instances, dropping configurations as soon as they have been found to

perform statistically worse than others. Then, irace generates new configurations using

an estimation of distribution mechanism (see e.g. Hauschild and Pelikan, 2011) that

Algorithm 2.3 irace (Based on Algorithm 1 from Birattari et al. (2010))

Input I = [I1, I2, . . .] ∈ I, Ω: the parameter space, M(ω, I) ∈ R: performance
measure, Budget: the maximum number of iterations allowed to find a configuration.
Output Ωelite: a set of best found configurations.

1: Ω1 ← configurations sampled uniformly at random from Ω
2: Ωelite ← elites of the race among Ω1

3: j ← 1
4: while j < Budget do
5: j ← j + 1
6: Ωnew ← configurations sampled from Ω around Ωelite

7: Ωj ← Ωnew ∪ Ωelite

8: Ωelite ← elites of the race among Ωj

9: end while
10: Return Ωelite
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builds a probabilistic model to capture the distribution of promising configurations

based on the best configurations seen in the previous race, relying on the assumption

that good configurations are likely near each other within the configuration space.

The races (lines 2 and 8) proceed as follows: each configuration is evaluated on a

fixed number of instances T first; then, after each T each evaluations on a new instance,

a Friedman two-way analysis of variance by ranks (with a significance level of 0.05 by

default) is applied to discard less performing configurations. By default, T first = 5

and T each = 1. The irace procedure does not perform multiple hypothesis testing

correction, which leads to a higher probability to mistakenly discard configurations.

To sample new configurations (line 6), parent configurations are first sampled with

a higher probability for higher-ranked configurations. Then, children configurations

are sampled nearby following a truncated normal distribution centred around their

parent configuration and with a standard deviation σj
d for parameter d at iteration

j. To sample configurations increasingly closer to known elites, at each iteration this

standard deviation is updated according to σj
d = σj−1

d ·
(

1
Nnew

j

)1/Nparam

, where Nnew
j

is the number of new configurations sampled in iteration j and Nparam is the number

of parameters.

Later, inspired by paramILS previously described, it was extended with a cap-

ping mechanism (López-Ibáñez et al., 2016; Cáceres et al., 2017) to stop evaluating

configurations as soon as they are clearly worse performing than the elites.

SMAC

SMAC (Hutter et al., 2011b; Lindauer et al., 2022) is based on a sequential model-based

optimisation approach (also known as Bayesian optimisation). Bayesian optimisation

allows for the replacement of costly evaluation of the real performance with a surro-

gate model that estimates the performance of configurations cheaply (see e.g. Mockus,

1989). As shown in Algorithm 2.4, SMAC constructs a random forest surrogate model

to predict the performance of configurations on given instances (line 5). It samples

random configurations (lines 6 and 8), and some of them are optimised using local

search on the expected improvement obtained from the predictions of the model (line

7). The local search procedure uses a notion of expected improvement to produce

promising configurations. This expected improvement is defined as the expected dif-

ference between the performance of the best known ωinc and the performance of the

sampled configuration. To ensure diversity in the evaluated configurations, this local

search procedure is applied only to half of the configurations. The configurations found
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through local search are then sorted from highest to lowest expected improvement, and

interleaved with those random configurations (line 9). During the intensification phase

(line 10), the challenger configurations thus found are compared to the incumbent, first

by running them on the same instances as those on which ωinc has already been run,

and then by adding more instances randomly to slowly increase the set of instances

on which the runs are collected and avoid overfitting to a subset of instances from

the training set. To avoid spending too much time on non-promising configurations,

as soon as the challenger configuration ωch has used up as much time budget as ωinc

needs for all instances it has been evaluated on, the evaluation of ωch is stopped.

GPS

More recently, GPS (Pushak and Hoos, 2020) introduced a new, highly parallelisable

search approach, described in Algorithm 2.5 (we omit the steps related to the queues

and workers management and focus on the configuration aspect of the procedure).

GPS relies on two fundamental assumptions. The first assumption is that the inter-

actions between parameters are limited. This allows each parameter to be optimised

independently and the incumbent configuration ωinc to be update parameter per pa-

rameter (line 10). The second assumption, as per the findings of Pushak and Hoos

(2018), is that the response landscape of the solvers is unimodal. This assumption led

Algorithm 2.4 SMAC

Input Ω: configuration space, ωd: the default configuration, Budget: the maximum
time allowed to find a configuration.
Output ωinc: the best found configuration.

1: R: target algorithm runs performed, M : performance model.
2: ωinc ← ωd

3: R ← run (ωd)
4: while Budget not exhausted do
5: M ← update model M from R
6: Ωprom ← sample configurations from Ω uniformly
7: Ωprom ← refine Ωprom using local search on the expected improvement derived

from M
8: Ωrand ← sample configurations from Ω uniformly
9: Ωnew ← interleave Ωrand and Ωprom

10: ωinc ← compare configurations from Ωnew to ωinc until a better one is found
or a time limit is reached

11: end while
12: Return ωinc
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to the use of the golden search algorithm from by Kiefer (1953), which uses the golden

ratio to select interior points within an interval and discards subintervals where the

extremum cannot lie.

For each parameter p, GPS maintains a bracket of possible values instead of keeping

the entire domain Dp. It uses the golden search algorithm to adjust this bracket, such

that it is expected to still contain the optimum value (line 13). Since golden search

only works for strictly unimodal functions, a property that is likely to be violated

for some AAC scenarios, GPS includes a mechanism to expand back the bracket thus

reduced. To accept new values for the parameters, it uses a permutation test with

significance value α = 0.05 (lines 9 − 10). It evaluates configurations on parallel

cores, prioritising the most promising parameters using a bandit approach (line 8).

It gradually increases the number of instances on which configurations are evaluated

(lines 14 and 16), while using an adaptive capping mechanism to prevent excessive

time spent on poorly performing configurations. GPS is the most recent algorithm

included in our comparison. It combines mechanisms from earlier works, including

adaptive capping from paramILS, racing from irace and the intensification approach

from SMAC.

Algorithm 2.5 GPS

Require: numInitInst: Initial number of instances, instIncr: Instance increment.
1: Initialise incumbent ωinc with default
2: for each parameter p do
3: Initialise bracket Bp

4: Initialise Ip with numInitInst random instances
5: Queue a run for default value ωinc[p]
6: end for
7: while Budget not exhausted do
8: Sample parameter p using bandit queue
9: if ∃v such that m(ωinc|p=v) ≺α m(ωinc) then ▷ based on a permutation test

10: ωinc[p]← v ▷ Update incumbent
11: end if
12: if sufficient evidence for improvement then
13: Adjust bracket Bp

14: Add instIncr random instances to Ip
15: else if each v ∈ Bp has been run on each I ∈ Ip then
16: Add instIncr random instances to Ip
17: end if
18: Queue new target algorithm runs for Bp

19: end while
20: return ωinc
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Table 2.1: List of scenario characteristics

Category Name Domain Description

Algorithm Deterministic Boolean Is the algorithm deterministic or does it
need to run with several seeds

Parameters Number N+ Number of parameters
Parameters Categoricals N+ Number of categoricals parameters
Parameters Integers N+ Number of integers parameters
Parameters Continuous N+ Number of continuous parameters
Parameters Conditionals N+ Number of Conditionals parameters
Parameters Defaults N+ Number of default configurations
Parameters Forbidden N+ Number of forbidden configurations

Instances Origin String Origin (generated, real-world)
Instances Training size N+ Number of training instances
Instances Testing size N+ Number of testing instances
Instances Features N+ Number of features per instance
Instances Clusters N+ As a measure of dataset homogeneity

Scenario Cutoff time N+ Maximum running time before interrupt-
ing the algorithm run

Scenario Timeouts [0, 100] Percent of training instances that timeout
with the default configuration

Scenario Budget N+ Time given to the configurator

2.3 Configuration scenarios

In this section, our goal will be to answer RQ1 – How can the configuration scenarios

be best described and characterised?. To do so, we list scenarios from the literature and

define characteristics to compare them, as well as the performance of configurators on

these scenarios. Based on the definition introduced in Section 2.1.1, a configuration

scenario would need to describe the target algorithm A with possibly a cutoff time

Tcut, a configuration space Ω with possibly a default configuration, a set of problem

instances I, and a metric to optimise M. The considered list of characteristics is

listed in Table 2.1. We attempt to be representative of the problems considered in this

thesis, but do not claim to be exhaustive.

2.3.1 Benchmark instance sets

The configuration scenarios we considered throughout this thesis are based on ten

sets of randomly generated and real-world instances across four NP-hard problems:
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Table 2.2: Benchmark instance sets characteristics.

Name Origin T
ra
in
in
g
si
ze

T
es
ti
n
g
si
ze

F
ea
tu
re
s

C
lu
st
er
s

SAT
CF generated 298 301 113 14
LABS generated 350 350 119 6
UNSAT generated 299 249 113 12

Planning
Satellite generated 2000 2000 305 7
Zenotravel generated 2000 2000 305 5

MIP

CLS generated 50 50 148 3
COR-LAT real-world 1000 1000 148 19
RCW2 real-world 495 495 148 6
REG200 generated 999 999 148 2

TSP rue-1000-3000 generated 50 250 64 9

Boolean satisfiability (SAT), automated planning (AI planning), mixed integer pro-

gramming (MIP) and traveling salesperson problem (TSP). They are all part of the

library AClib introduced by Hutter et al. (2014a) and have been widely used in the

papers introducing new AAC methods and related mechanisms. We used the train-

ing and testing sets as provided by AClib. A more detailed description of each of

those datasets is provided below, and their characteristics are listed in Table 2.2. The

number of clusters is computed based on the instance features using the mean-shift

(Comaniciu and Meer, 2002) implementation of scikitlearn. Each cluster is thus a

group of instances which are close to each other in the feature space according to their

Euclidean distance.

Boolean satisfiability

The SAT problem is a classical mathematical problem that has been proven to be

NP-complete in the 1970s (Cook, 1971). Given a Boolean formula, the goal is to

either find an assignment of truth values to its variables that satisfies the formula or

prove that it is unsatisfiable. Such Boolean formulas can describe many real-world

problems, and thus the SAT problem appears in a wide range of applications – such

as model checking (see e.g. Biere et al., 1999), software and hardware verification (see

e.g. Burch et al., 1994) or automated theorem proving (see e.g. Brown, 2013).
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We use three SAT benchmarks that originate from the configurable SAT solver

challenge (Hutter et al., 2017) and have been widely used in the subsequent AAC

literature (see e.g. Lindauer and Hutter, 2018; Pushak and Hoos, 2020): a set of

instances generated by a CNF fuzzing tool (CF) (Brummayer et al., 2010), a set of

low auto-correlation binary sequence problems converted into SAT (LABS) (Mugrauer

and Balin, 2013) and a set of 5-SAT problems generated uniformly at random from

which only unsatisfiable instances have been kept (UNSAT).

Automated planning

AI planning aims at generating a sequence of actions to reach a goal. It has many

applications to real-world problems, such as cyber security (see e.g. Boddy et al., 2005)

or maintenance scheduling (e.g. Verbert et al., 2017). While AI planning scenarios

have rarely been used in work introducing new AAC procedures, they were in analysis

papers such as the work of Fawcett and Hoos (2016) and the prominence of AI planning

led us to include those benchmarks

Our two automated planning benchmarks originate from the third International

Planning Competition (Long and Fox, 2003) and were included in the analysis of

Fawcett and Hoos (2016); a set about the control and observation scheduling of satel-

lites (Satellite) and a set of route planning problems (Zenotravel) (Penberthy and

Weld, 1994).

Mixed integer programming

The mixed integer programming problem is a well-studied constraint programming

problem, in which we try to minimise or maximise an objective function while sat-

isfying constraints on a given set of variables. Many problems can be formulated as

instances of MIP, which leads to a wide range of applications.

Three of our four MIP benchmarks originate from a study on MIP solver configu-

ration (Hutter et al., 2010a) and were included in follow-up work (see e.g. Ansótegui

et al., 2015; Pushak and Hoos, 2020): a set of capacitated lot-sizing benchmark

(CLS) (Atamtürk and Muñoz, 2004), a set of MIP problem instances generated with

the combinatorial auction test suite (Leyton-Brown et al., 2000) and a set of real-life

data for wildlife corridors for grizzly bears in the Northern Rockies (Gomes et al.,

2008). The fourth benchmark stems from work on combining AAC and AS (Xu et al.,

2011): a set of MIP-encoded habitat preservation data for the endangered red-cockaded

woodpecker (Ahmadizadeh et al., 2010).
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Table 2.3: Characteristics of the target algorithms.

Name D
et
er
m
in
is
ti
c

T
ot
al

C
at
eg
or
ic
al
s

In
te
ge
rs

C
on
ti
nu

ou
s

C
on
d
it
io
n
al
s

D
ef
au
lt
s

F
or
b
id
d
en

Clasp False 70 33 30 7 60 1 2
Lingeling False 322 137 185 0 0 1 0
SpToRiss False 222 170 36 16 190 1 21
Kissat False 133 61 72 0 0 1 0

LPG False 67 48 5 14 25 1 12

CPLEX True 73 50 16 7 4 1 0

LKH False 23 11 12 0 3 1 0
EAX False 2 0 2 0 0 1 0

Traveling salesperson problem

The TSP is a well-studied optimisation problem. Given a set of points and the distance

between them, one aims to find the shortest tour that visit each of the points at most

once and returns to the starting point. Other than its application to package delivery,

it is also widely used in industry for circuit engraving, for example (Matai et al., 2010).

Our benchmark contains two sets of generated random uniform Euclidean instances

originally introduced with irace Ansótegui et al. (2009) and subsequently used in the

GPS paper (Pushak and Hoos, 2020).

2.3.2 Target algorithms

In our experiments, we used prominent solvers for SAT, AI planning, MIP and TSP

(see Table 2.3). In the following, we explain those choices.

Boolean satisfiability

Our SAT solvers were selected based on their performance in the Configurable SAT

Solver Challenge (CSSC) 2014 (Hutter et al., 2017) : Lingeling (Biere, 2014) ranked

first on the industrial SAT+UNSAT track and second on the crafted SAT+UNSAT

track, Clasp (Gebser et al., 2012) first on the crafted SAT+UNSAT and Random

SAT+UNSAT tracks and SparrowToRiss (SpToRiss) (Balint and Manthey, 2014) sec-

ond on the Random SAT track. Because there have been advances in SAT solving
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since then, we also added Kissat (Balyo et al., 2020), which was the winner of the

SAT 2020 competition, is highly configurable, and is similar to CadiCal (Biere et al.,

2020), which is known to benefit from configuration (Pushak and Hoos, 2020).

Automated planning

For automated planning, we selected LPG (Gerevini and Serina, 2002; Gerevini et al.,

2003, 2008, 2011), as it has been successfully configured previously (Vallati et al.,

2013; Fawcett and Hoos, 2016) and is also available through AClib. While there has

been further development in AI planning, LPG has been very impactful in the field,

as shown by the ICAPS 2019 Influential Paper Award received by Gerevini and Serina

(2002).

Mixed integer programming

For MIP, we chose IBM’s CPLEX solver, as it is widely used in practice and has shown

great potential for performance improvement through AAC (Hutter et al., 2010a). We

use version 12.6, since it is the version used by Hutter et al. (2010a) and thus included

in AClib. CPLEX is widely used in the literature since it provides a state-of-the-art

MIP solver free of charge for academic use.

Traveling salesperson problem

For TSP, we use LKH (Helsgaun, 2000) – an implementation of the Lin-Kernigan

Heuristic – and EAX (Nagata and Kobayashi, 2013) – a Genetic Algorithm –, two

prominent TSP solvers that have been configured in the study introducing GPS (Pushak

and Hoos, 2020). They are considered to be state-of-the-art heuristic solvers (see e.g.

Heins et al., 2024).

2.3.3 Scenarios

For all scenarios from AClib, we followed the setup defined there, including default

configurations. As a configuration objective, we used minimisation of PAR10 (the

average running time of the target algorithm, with timed-out runs counted as ten

times the cutoff time). Moreover, for the MIP scenarios, we duplicated the scenarios

to run them with a lower cutoff time, following the study introducing irace (Cáceres

et al., 2017), in order to evaluate more closely the impact of the cutoff time on the

performance of the configurators. The details are described in Table 2.4.
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Table 2.4: Characteristics of the scenarios.

Benchmark Algorithm Cutoff Timeouts Budget
[s] [count (%)] [s]

CF

Clasp

300

8 (2.7)

172800
Lingeling 12 (4.0)
SpToRiss 16 (5.4)
Kissat 8 (2.7)

LABS

Clasp 81 (23)

172800
Lingeling 85 (24)
SpToRiss 89 (25)
Kissat 79 (23)

UNSAT

Clasp 0 (0.0)

172800
Lingeling 0 (0.0)
SpToRiss 0 (0.0)
Kissat 0 (0.0)

Satellite
LPG 300

0 (0.0)
172800

Zenotravel 0 (0.0)

CLS

CPLEX 10000

0 (0.0)

172800
COR-LAT 1 (0.1)
RCW2 0 (0.0)
REG200 0 (0.0)

CLS

CPLEX 300

0 (0.0)

172800
COR-LAT 3 (0.3)
RCW2 15 (3.0)
REG200 0 (0.0)

rue-1000-3000
LKH

86
12 (24)

86400
EAX 7 (14)
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Table 2.5: Statistics on scenario characteristics

Category Name Domain Min Max Median

Parameters Number N+ 2 322 71.5
Parameters Categoricals N+ 0 170 49
Parameters Integers N+ 2 185 23
Parameters Continuous N+ 0 16 3.5
Parameters Conditionals N+ 0 190 3.5
Parameters Defaults N+ 1 1 1
Parameters Forbidden N+ 0 21 0

Instances Training size N+ 50 2000 422
Instances Testing size N+ 50 2000 422
Instances Features N+ 64 305 148
Instances Clusters N+ 2 21 6.5

Scenario Cutoff time N+ 86 10000 300
Scenario Timeouts [0, 100] 0 1.5 25
Scenario Budget N+ 86400 172800 172800

Analysis

An overview of the salient characteristics of the AAC scenarios is given in Table 2.5.

Our set of scenarios shows a wide variety of search spaces with various numbers

of parameters in each category. We note that, while some configurators can handle

several default configurations as a starting point, all of our scenarios have only one

default configuration, which is the case for most solvers, but could be extended by

using configurations found to be well-performing in the literature. Additionally, the

scenarios we consider contain only one deterministic algorithm. While this is a small

number, it is also representative of NP-hard solvers, which often rely on stochasticity

to more effectively search for solutions.

The number of instances in the datasets varies. We note that all scenarios come

with instance features, which are exploited by some but not all configurators. This give

an advantage to configurators that are using those features, e.g. to learn a surrogate

model. We note that most of our datasets are artificially generated, albeit in such

a way that they capture important characteristics of real-world applications. Also,

almost all our benchmarks have an equal number of instances in the training and

testing sets. This allows the testing set to contain a large variety of instances and

have a testing performance that would better represent the distribution of instances,

while having enough variety in the training set to avoid overfitting.
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Finally, the scenarios show little diversity in their cutoff times and overall wall-

clock time budget. However, this is a feature of AClib, and our decision to follow

AClib’s approach limits us in this aspect.

2.4 Conclusion

In this chapter, we introduced the Automated algorithm configuration problem. We

highlighted three main challenges of this problem: the expensive evaluations of the

target algorithm, the complexity of the configuration space, and the variability. Then,

we described standard methods for solving it. We described a large and varied set

of scenarios and datasets to be used in the remainder of this thesis and characterised

them by means of a set of features, in an attempt to highlight the ways in which they

relate to or differ from each other. The following chapter will provide an in-depth

evaluation of the AAC methods introduced here.
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3
Critical Assessment of the

State of the Art in Automated

Algorithm Configuration

As seen in the previous chapter, the automated algorithm configuration (AAC) liter-

ature contains many different scenarios. Each time a new configurator is introduced,

it is evaluated on its own set of old and new scenarios, sometimes completely disjoint

from each others, which greatly complicates comparisons between their performance

based on their respective publications. Moreover, different publications tend to follow

a different setup of experiments and run the algorithms on different machine execu-

tion environments which, for running time optimisation tasks, makes the comparison

between results from several papers nearly impossible. In this chapter, we evaluate

a diverse set of state-of-the-art configurators on the scenarios described in the previ-

ous chapter and present the first such evaluation for running time optimisation AAC

scenarios. We present the obtained data and analyse them in light of the character-

istics described in the previous chapter. To facilitate further research, we make all

performance data openly available.
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3.1 Background

As described in Chapter 2, there have been many attempts to build configurators, each

focusing on specific challenges ofthe AAC problem and providing more insights on it.

However, due to the variation in focus of the community, the continuous development

of new solvers and the evolution of hardware, they were often tested on different

datasets and benchmarks. An attempt at proposing a unified library of configuration

scenarios has been made by Hutter et al. with AClib (Hutter et al., 2014a) but due

to the extensive computation time typically required by configurators, researchers will

typically limit the scope of their experiments to a subset of those scenarios. To the

best of our knowledge, there has been no attempt in extensively comparing the current

prominent configurators on a large set of scenarios nor to draw clear conclusions about

their strength and weaknesses. This is the aim of the present chapter. To answer RQ2

– How do state-of-the-art configurators compare to each others on a various set of

scenarios? – we run state of the art configurators on a large set of scenarios and

compare their expected performance at the end of the given configuration budget.

Then, we use the scenario features defined in Chapter 2 to answer to RQ3 – How do

scenario characteristics influence the performance of state-of-the-art configurators? –

and attempt to draw general conclusions about the strength and weaknesses of each

configurator.

3.2 Evaluating the state of the art

Existing configurators, introduced in the previous chapter, have been developped and

tested on different kind of target algorithms and with different applications in mind.

Many configurators come with specific sets of features that reflect the requirements of

the intended application. When performing an evaluation such as the one conducted

here, it is hard to account for those differences, and for practical purposes, we reduced

the considered options to those shared among most configurators and not requiring

extensive pre-processing by end users (such as organising instances by families, decid-

ing in which order they should be included in the search, or coding complex wrappers

for the target algorithm). Moreover, we are aware that there is potential in tuning the

hyper-parameters of the configurators, but this would involve a large computational

cost. Thus, we are applying all configurators out of the box, following the develop-

per’s recommendations on their use. In the remainder of this section, we introduce the

choices we made regarding the evaluation protocol and how we handled the level of
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parallelisation of the configurators as well as their limitations in term of search space.

3.2.1 Evaluation protocol

To decide how we should evaluate a configurator, we have to go back to what we aim at

measuring. As we configure, the aim of the configurator is to produce a configuration

that will best generalise to other instances from the same underlying distribution.

Since the configurators are not deterministic, the standard protocol is to run the

configuration process several times on a training set and keep the configuration that

performs best on that set (see the recommendations of Eggensperger et al., 2019).

Because in many cases only a subset of instances is seen during the configuration

process, it is common practice to validate on the training set rather than on a separate

validation set (Eggensperger et al., 2019). To evaluate the ability to generalise, we

can then look at the performance on a test set. In a case were the goal would be to

improve the algorithm performance or analyse its best performing configurations, one

would then compare the performance of the default configuration, or an expert-chosen

set of parameter values, and the configured algorithm (e.g. Fokkinga et al., 2019).

When evaluating the configurator, we want to know how likely it is that the target

algorithm performs better once configured than using the default configuration. Thus,

we are interested in the distribution of possible configurations that this procedure

would output. To do so, we would need to perform the above described procedure

several times. To simulate this, we configure the target algorithm N times to create

a pool of best found configurations, sample n < N configurations that represent the

set of configurator runs performed by a practitioner, and keep the best performing

configuration on the training set out of those n configurations.

Definition 3.1. We call standard protocol the following protocol:

1. run N ∈ N times the configurator to create a set of N configurations

2. evaluate the performance of those configurations on the training set

3. uniformly sample n < N configurations

4. keep the configuration with the best performance among the n samples

5. go back to step 3 until you gather the desired number of configurations

This protocol allows us to gather a distribution of expected best configurations.

Rather than running steps 3 to 5 of the standard protocol, we can calculate the

probability of each configuration to be chosen.
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Theorem 3.1. Given a list of N configurations ωi with i ∈ [0, N − 1] in ascending

order based on their performance on the training instances, i.e.

∀j ∈ [1, N − 1] ,M(ωj−1, Itrain) <M(ωj , Itrain),

with Itrain the training instances set andM(ωi, Itrain) the performance of the config-

uration ωi on the set of instances Itrain that we try to minimise.

The probability for ωi to be sampled through the standard protocol can be ex-

pressed as follows:

P (ωi) =
n

N − i
×
(
N−i
n

)(
N
n

)
Proof. The total number of sets S of n configurations is

(
N
n

)
.

There are i configurations performing better than ωi, thus the number of sets S such

that ∀ω ∈ S,M(ωi, Itrain) ≤ M(ω, Itrain) is
(
N−i
n

)
. Thus, the probability that ∀ω ∈

S,M(ωi, Itrain) ≤M(ω, Itrain) is
(N−i

n )
(Nn)

. Finally, the probability that ωi ∈ S is n
N−i .

All together, the probability of ωi being the best performing sample in S is

n

N − i
×
(
N−i
n

)(
N
n

) .

We note that, if ω0 is sampled it will always be outputed, its probability in the

final distribution is thus n
N . On the other opposite, the n− 1 last configurations will

never be outputed as there will always be one better configuration chosen.

In the following, when comparing configurators, we will always consider the distri-

bution of performance values for the configurations obtained by means of the standard

protocol.

3.2.2 Configurators specificities

Despite our intention to consider all configurators on equal ground, there are difference

in the way they handle the scenarios, in the variety of scenarios they can consider and

on the way they use the resources given to them. Those specificities and their expected

impact are listed below.
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Parallelisation

Among the considered configurators (listed in Section 2.2.2), GGA++ and GPS are

the only ones which need parallelisation to work as intended. The typical case for

both would be to launch 8 workers according to discussion with the developpers and

the paper which introduced GPS (Pushak and Hoos, 2020). On the other hand, while

SMAC and irace support parallelisation, it is not core to their usage and they would

typically not be used in that fashion. To allow us to compare parallel algorithms to

purely sequential algorithms, we follow an approach similar to the one used by Pushak

and Hoos in the paper introducing GPS.

For each configurator and each scenario, we run the sequential configurators 24

times and apply the standard protocol with a sample size of 8, while we run the

parallel configurators 8 times with 8 workers and apply bootstrap sampling to obtain

a larger sample size. These two approaches allow us to obtain the same number

of samples for each configurator while avoiding the large computational incurred by

running the parallel configurators as many times as the sequential ones. Moreover,

Eggensperger et al. (2019) recommends using parallel runs of sequential configurators.

By comparing 8 parallel runs to one run on 8 cores, we simulate a situation where a

practitioner has access to one machine with 8 cores.

Search spaces

Configurators have limitations regarding the search space they are able to handle.

paramILS, for example, can only handle discrete parameter space, which means that

we made a discrete version of the search spaces. To generate this discrete search space,

we take 10 evenly spaced values and add the default value to this set if it is not part

of the chosen values. Since EAX has only 2 hyperparameters, which are both integers,

we did not need to modify its search space.

An other limitation in search space is brought in by the way it is described.

GGA++ and GPS search spaces are presented in a tree-like way, which limits the

ability to handle conditionals. In particular, if one parameter depends on more than

one other parameters, the user needs to duplicate it and create dummies that the

configurator will not consider as linked. Since this requires a non-negligible amount

of work, those were run only on solvers which do not have this particular feature. In

particular, Clasp and SpToRiss have many conditionals and have been excluded. LPG

had three such parameters, which made the required changes easy to implement, so

we kept it.
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Configuration budget

While we consider the budget given to a configurator in terms of wall-clock time, it

is not possible to give it as-is to all configurators. In particular, irace and GGA++

were not developped with a concept of wall-clock time as a budget. By design, the

budget of irace is expressed as a number of iterations. For compatibility, it includes

a mechanism that allows to estimate the running time of the target algorithm and

through it the number of iteration which can be done within the given configuration

budget. This mechanism sometimes leads to irace running overtime or to it refusing

to run if the given budget is found to be too short. GGA++, on the other hand,

needs to be configured in terms of size of population and number of generation for the

genetic algorithm. OPTANO, the freely available implementation of GGA++ we are

using, provides a tool which allows to estimate how long the configuration run will

take based on a few of its parameters. Based on the 48 hours budget of most of our

scenarios (see Table 2.4) and our 8 workers, this tool led us to use a population of 100

configurations over 100 generations.

For both configurators, we stop after the given wall-clock time and take the last

incumbent found.

3.2.3 Normalised score

For some of our analysis, we want to be able to aggregate or put next to each others

performance data collected over several scenarios. Because there is a large variation in

the running time of the respective solvers, we normalise the performance of the solvers

using the default value and the best final performance as reference points.

For any given ω ∈ Ω, the normalised performanceM′ is thus defined as:

M′
K(ω) =

M(ωdef, I)−M(ω, I)
M(ωdef, I)−M(ω∗

K , I)

where ω∗
K denotes the best known configuration for a scenario K. Since we do not

know the best configuration overall, we evaluate all obtained configurations after the

full configuration time and take the best performing configuration on the test set as

an estimate for the lower bound.

3.2.4 Implementation details

Eggensperger et al. (2019) listed avoidable pitfalls and best practices in algorithm con-

figuration. To avoid inconsistencies in the evaluation of the target algorithm running
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time, we follow AClib in using a standard wrapper based on the runsolver software

to evaluate the running time of each run in a similar way. Moreover, we make sure

to move all instance files into the RAM of the compute node on which the target

algorithm is run to avoid the speed of the file system to impact the time required to

read the instances from external memory (such as a hard drive). To decrease latency,

the code and executables are all stored on a BeeGFS file system. We perform all exper-

iments on a computing cluster running Rocky Linux 9.3. Each node is equipped with

2 AMD EPYC 7543 32-core CPUs with 256 MB L3 cache and has 1TB of memory.

3.3 Evaluation results

This section shows the results of the experiments described in Section 3.2.1. All

numbers are based on the expected performance described there. We first show the

results and then draw high-level conclusions about the evaluated configurators. All

our results are available on ada.liacs.nl/ac-comparison.

3.3.1 Overall performance

Table 3.1 summarises the results of our experiments comparing configurators per-

formance. It shows the median of the expected performance following the protocol

described in Section 3.2.1 with the configurations found at the end of the configura-

tion budget (as specified in Table 2.4). The lowest median values are underlined. To

evaluate the statistical significance of the difference between the configurator reaching

the lowest median and the others, we applied a Mann-Whitney U-test (α = 0.05). We

tested both the significance of the difference in performance on the raw distribution

of performances from and on the distribution of best configurations obtained through

our full protocol. Since our protocol resamples the distribution with a bias towards the

lower tail, it enlarges the differences between them and the test indicated significant

differences in all cases. The result of the test applied to the raw distributions is shown

in the Table 3.1 by putting in bold values for which the underlying raw distribution

is statistically tied with the best one.

As could be expected, our random baseline ROAR can not find a better configura-

tion than the default one in most scenarios. It improves on it in 9 of our 20 scenarios,

meaning that in more than half of our scenarios, running random configurations for

two days failed to achieve improvements over the default configurations. This is con-

sistent with the premise that configuration scenarios are difficult and reinforces the
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need for more sophisticated search algorithms. We note, however, that for SpToRiss

on CF ROAR outperforms more sophisticated approaches.

Looking at the difference between SMAC2 and SMAC3 shows a clear advantage for

the former. On all of our mixed integer programming (MIP) and traveling salesperson

problem (TSP) scenarios, as well as on more than half of our Boolean satisfiability

(SAT) scenarios, SMAC2 performs better than SMAC3. While SMAC3 is a Python

reimplementation of SMAC2, some changes that might affect its performance have

been introduced. In discussions with the authors, we discovered that the procedure for

introducing random configuration among the challenger configurations tested against

the incumbent was changed, because the one used in SMAC2 was too exploratory for

hyperparameter optimisation of machine learning models. Instead of alternating be-

tween a random one and one based on the surrogate model, like the earlier version, they

use a random configuration with a set probability. Compared to other configurators,

SMAC2 shows very strong performance.

Despite being model-free and configuring on a discrete space, paramILS is among

the best-performing configurators. One could expect that the best performing config-

urations might be excluded from the search space in many cases due to discretisation,

but it seems that the reduction in search space size often compensates for this. It would

be interesting to evaluate if running the other configurators on this same discrete space

would improve their performance.

The performance of irace varies widely across target algorithms. Notably, it is

among the best on all SpToRiss scenarios but performs very poorly on all Lingeling

scenarios. While it has been argued in the past that the high cutoff time of the CPLEX

scenarios hinders the performance of irace (Cáceres et al., 2017), we do not observe

a large drawback. We note, however, that the CPUs on which our experiments are

running have a significantly higher performance. This leads to most configurations

to complete runs within the cutoff time. Thus, larger cutoff time does not make

much difference in the number of instances finishing in time. The results reported in

Chapter 4, which ran on a different machine, point in that same direction.

GGA++ (Ansótegui et al., 2015) performs unevenly. The output on both TSP

scenarios, which have a low configuration time, is especially problematic since it is

worse than the default; On the other hand, it achieves the best performance on both

LPG scenarios and among the best on several others (e.g. Kissat on CF, Lingeling on

UNSAT).

GPS is the only configurator that never ranks first. On many scenarios, it struggles

to do better than the default. We note that the fact GPS runs a database to keep track
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Table 3.1: Median expected performance of configurators on continuous search space, the
best values are underlined and the values statistically tied with the best are boldfaced

scenario default ROAR SMAC2 SMAC3 irace GGA++ GPS paramILS

Clasp
CF 103.29 103.29 102.73 102.01 112.72 X X 110.81
LABS 707.25 707.25 743.58 699.40 734.13 X X 685.97
UNSAT 0.42 0.19 0.18 0.18 0.18 X X 0.18

Kissat
CF 110.91 110.91 92.80 100.83 140.48 90.57 100.85 89.83
LABS 667.63 667.63 691.16 676.01 725.13 708.86 667.72 666.69
UNSAT 0.62 0.48 0.19 0.28 0.23 0.31 0.58 0.19

Lingeling
CF 215.53 215.53 165.12 184.03 406.30 206.67 224.52 171.19
LABS 796.01 796.01 780.05 795.42 863.15 813.84 787.54 796.29
UNSAT 1.22 1.22 0.66 0.79 1.65 0.58 0.79 0.55

SpToRiss
CF 326.40 145.82 162.55 182.24 151.37 X X 183.35
LABS 811.09 747.13 751.49 752.49 744.46 X X 737.89
UNSAT 151.42 0.97 0.84 0.88 0.79 X X 0.83

CPLEX
CLS 1.71 1.89 1.24 1.28 2.15 1.54 1.88 1.07
COR-LAT 10.95 10.47 2.84 9.46 5.06 18.96 10.47 10.65
RCW2 38.71 38.71 25.94 33.70 44.95 38.71 35.85 30.60
REG200 6.32 3.31 1.93 2.68 2.40 5.48 3.94 1.73

LPG
Satellite 8.03 1.93 2.35 1.91 2.45 1.90 8.02 2.49
Zenotravel 12.56 1.24 1.06 1.13 0.90 0.82 12.52 1.29

EAX
rue-1000-3000 120.82 81.53 75.27 84.59 103.17 763.49 75.59 99.33

LKH
rue-1000-3000 229.22 229.22 139.08 180.65 227.97 586.82 194.72 213.91

of the performed runs might have affected our runs as a result of slow communication

compared to the read and write speed in RAM for other configurators.

3.3.2 Comparative analysis

While the previous section explored the results in details, we now take a step back and

look at the bigger picture. To do so, we first look at the widely used critical difference

plot to determine if one of the configurators performs significantly better in terms of

ranking over all of our datasets. Then, because aggregate performance over a broad

range of scenarios is not always the desired goal, we evaluate the contribution each

configurator would make to a configurator portfolio if we were to build one.

Since two of our configurators (GGA++ and GPS) could not run on all of the

scenarios, we show our analysis separately for those compatible scenarios, named

tree-shaped scenarios in the following, since they apply to target algorithms with a
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(a) on all 20 configuration scenarios

(b) on the 12 tree-shaped scenarios

Figure 3.1: Critical difference diagram of the average score ranks of the configurators.
Configurators linked with a black line were not found statistically different.

parameter space that can be represented as a tree.

Note that in this section, we base our evaluation on the average running time

without penalty on timeouts rather than the penalised average running time. The

factor applied could impact the soundness of the results of the statistical tests.

Critical difference diagram

In the machine learning community, a common approach for evaluating results across

multiple datasets is the critical difference plot. Following the work of Demšar (2006),

we first applied a non-parametric Friedman test with a significance threshold of 0.05 on

our expected performances to verify that they come from different distributions. The

test rejected the null hypothesis that the performance of the configurators is similar.

We then applied a post hoc Nemenyi test with a significance threshold of 0.05 that

compares each pair of configurators. The null hypothesis is that the two configurators

have the same performances. We visualise the result in Figure 3.1, where the horizontal

axis shows the average ranking of the configurator and pairs on which the Nemenyi

test could not reject the null hypothesis are linked with a black line.

When looking at all scenarios in Figure 3.1a, we see that while all approaches

achieve improvements over the default configurations, the differences are not statisti-

cally significant for ROAR, irace, GPS, and GGA++. This goes against the expecta-
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tion that configurators consistently achieve improvements over the default configura-

tions.

As mentioned in Section 3.3.1, the performance of paramILS is particularly strong

considering that it is model-free and limited to searching a discrete space of parameter

configurations. However, while it ranks first more often than SMAC2, looking at the

average ranking over all scenarios gives SMAC2 an edge, albeit not a statistically

significant one. ROAR, our random baseline with racing, performs fairly well and

ends up tied with the best configurators: SMAC2, paramILS and SMAC3.

GGA++, irace and GPS perform similarly, with a slightly lower rank for GGA++

than for the other two. When looking at Figure 3.1b, we see that for tree-shaped

scenarios, they are close to the performance of ROAR and join the statistically tied

group of best-performing configurators. Interestingly, despite never placing first, GPS

still achieves a better mean rank than GGA++ and irace.

Each configurator is expected to have strengths and weaknesses depending on the

type of scenarios considered. Since we chose the scenarios in such a way that they cover

a wide range of domains and characteristics, the fact that none of the configurators

largely outperforms all the others in a statistically significant way aligns with our

expectations.

Contribution to a portfolio

When evaluating the state of the art of NP-hard problems solvers, the idea of studying

the contribution each solver makes to the state of the art, their marginal contribution,

was first discussed by Xu et al. (2012) in the context of SAT solvers. To quantify

the contribution of a solver, they compared the performance of portfolio techniques,

such as automated selection or parallel portfolios, built with this solver to ones built

without this solver. However, this approach suffers from several drawbacks, as pointed

out by Fréchette et al. (2016). In particular, if two solvers solve the same set of

instances, they would both have the same marginal contribution as a solver that

solves no instance at all. Indeed, their marginal contribution compared to one another

could be null.Removing both solvers from the portfolio would, however, degrade the

performance of the portfolio. Thus, Fréchette et al. (2016) compute the contribution

of the configurators with the Shapley value. For our application, the scores they used

need to be slightly modified. In their case, they wanted to account more for the

ability of a solver to solve an instance and thus computed a score that allowed them

to give precedence to this objective. In our case, we are interested in the performance

improvement achieved through automated configuration of a given target algorithm
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Figure 3.2: Shapley values of the configurators in an oracle portfolio

compared to using it with default parameter values. Thus, we use the normalised

performance described in Section 3.2.3 and subtract it from 1 to obtain an objective

function to be maximised.

Considering a set of configurators C. The Shapley value ϕ (C) of a configurator

C ∈ C is computed as follows:

ϕ (C) =
1

|C|
·
∑

G⊆C\{C}

v (G ∪ {C})− v (G)(|C−1|
|G|
)

, where v returns the score of the best configurator for a given configuration scenario

among the given set.For our set of scenarios K,

v (G) =
∑
K∈K

max
C∈G

scoreK (C) with scoreK(C) = 1−Q′
K(C)

, where Q′
K(C) denotes the median of the performance values of configurator C, nor-

malised as per Section 3.2.3.

The obtained contributions are shown in Figure 3.2.

Consistent with the results shown in Section 3.3.2, SMAC2 achieves the highest

contribution, followed by paramILS and SMAC3. However, despite its low overall

ranking, irace makes a higher contribution than GGA++ and GPS, indicating that

it complements the top three configurators. When only considering the tree-shaped
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scenarios, GGA++ and GPS reach a higher contribution, but still fall short of irace.

3.3.3 Overtuning analysis

A known problem of AAC is the difficulty to find configurations that generalise well

to previously unseen instances, as shown by Eggensperger et al. (2019). To evaluate

how much the configurators we studied are impacted by this difficulty, we traced

back all configurations evaluated and stored throughout the configuration run and

compare their performance on the training and testing sets. This allows us to visualise

the overtuning behaviour described in prior work (see e.g. Schneider et al., 2025;

Eggensperger et al., 2019). The plots thus obtained are shown in Figure 3.3.

Figure 3.3 shows scenarios with the four types of behaviours we observed. Clasp on

UNSAT (Figure 3.3a) is a case in which there is no sign of overtuning. The performance

improvement on the training set correlates with the improvement on the testing set.

Figure 3.3b shows an example for which the correlation is weaker, but still clearly

visible. This type of behaviour is found more often than the previous one on the

UNSAT dataset.On the other hand, CPLEX on CLS (Figure 3.3c) shows clear signs

of overtuning from SMAC2, which kept many configurations with low PAR10 values

on the training set and high PAR10 values on the testing set. Finally, Figure 3.3d

shows a scenario for which the performance on the training and testing sets show

lower correlation, though the PAR10 values still loosely follow the diagonal. This can

indicate that the training and testing sets are related in a different way than the linear

correlation detected with the Pearson correlation we used. Except for the outlier case

on SMAC2 shown in Figure 3.3c, all configurators show a high correlation between the

performances on the training and testing sets for our scenarios, from 0.6 on scenarios

such as SpToRiss on LABS (Figure 3.3d) to above 0.9 for cases scenarios such as Clasp

on UNSAT (Figure 3.3a)

3.3.4 Scenario features analysis

Finally, we investigate the impact of the features defined in Chapter 2 on the per-

formance of the configuration approaches. To do so, we first compute the correlation

between the features and normalised configuration performance. Then, we use the four

CPLEX scenarios to investigate the impact of the choice of cutoff time for the target

algorithm, since those scenarios have been used in the literature with two different

cutoffs.
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(a) Clasp on UNSAT (b) LKH on rue-1000-3000

(c) CPLEX on CLS (d) SpToRiss on LABS

Figure 3.3: PAR10 values on the train and test set for a subset of our scenarios
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Table 3.2: Correlation between the normalised performance of the configurators and the
scenario features

ROAR SMAC2 SMAC3 irace GGA++ GPS paramILS

Origin 0.21 -0.35 0.14 0.04 0.04 -0.07 0.12
Training size -0.57 -0.43 -0.46 -0.52 -0.33 0.04 -0.34
Testing size -0.56 -0.41 -0.44 -0.51 -0.23 0.01 -0.29
Features -0.50 -0.40 -0.50 -0.38 -0.46 0.22 -0.42
Clusters 0.03 -0.07 0.14 -0.03 0.04 0.04 0.21
Deterministic 0.22 -0.42 -0.08 0.06 0.00 -0.10 -0.19
Total 0.16 0.22 0.16 0.34 -0.38 0.02 0.03
Categoricals -0.05 0.10 0.02 0.10 -0.37 0.13 -0.06
Integers 0.37 0.31 0.29 0.52 -0.27 -0.12 0.13
Continuous -0.58 -0.30 -0.42 -0.52 -0.29 0.35 -0.31
Conditionals -0.36 0.06 -0.11 -0.32 -0.13 0.29 -0.03
Forbidden -0.55 -0.11 -0.31 -0.44 -0.21 0.29 -0.19
Cutoff 0.21 -0.42 -0.08 0.06 -0.01 -0.09 -0.19
Timeouts 0.39 0.75 0.66 0.25 0.30 0.09 0.70
Budget -0.07 -0.09 -0.12 -0.05 -0.82 0.36 -0.26

Correlation analysis

As a first high-level analysis regarding the impact of scenario features on the perfor-

mance of the configurators, we look at the correlation between those features and the

normalised performance of the configurators. We show those correlations in Table 3.2.

We note that the normalisation depends on the performance of other configurators.

We observed that the size of the training and testing sets are negatively correlated

with the performance of most configurators: a larger number of instances corresponds

to a better performance (since lower is better). We notice that the overall number of

parameters does not seem to impact the performance much, while the type of those

parameters impacts the outcome. Continuous parameters seem easier to configure

that integers and categoricals, except for GPS. Regarding timeouts, the more there

are, the worse performance we reach for all but GPS. This aligns with expectations,

since more timeouts means less information for the model to learn from and more time

spent on running on those hard instances. Methods for spending less time on those

challenging instances will be further developped in Chapters 5 and 6.

43



Conclusion

Table 3.3: Median expected performance of configurators on CPLEX scenarios, the best
value for each configurator on a scenario is underlined

configurator CLS COR-LAT RCW2 REG200
long short long short long short long short

default 1.72 23.12 115.97 6.13
ROAR 1.75 1.72 22.44 23.12 116.10 115.97 3.31 3.22
SMAC2 1.24 1.21 3.02 3.64 52.05 57.06 1.93 1.91
SMAC3 1.44 1.55 18.98 22.27 89.92 94.17 2.68 2.92
irace 2.15 1.57 7.74 6.46 149.58 120.60 2.40 2.25
GGA++ 1.54 1.60 41.17 3.70 115.97 116.17 5.48 2.08
GPS 1.88 1.83 22.08 12.52 113.81 114.45 3.94 3.95
paramILS 1.19 2.92 22.43 8.62 86.11 83.35 1.73 1.75

Impact of the cutoff time

As previously discussed, the number of timeouts impacts the performance of the con-

figurator. A characteristic related to the number of timeouts is the cutoff time, the

maximum time given to the target algorithm before it is terminated. To investigate

the impact of this characteristic, we ran the CPLEX scenarios with both the AClib

based cutoff time and the one used by Cáceres et al. (2017). We compared the results

of the configurators on those scenarios in Table 3.3. We note that the reduction of

cutoff time did not impact the number of timeouts for CLS and REG200, while it

brought it from 0.1 to 0.3 percent on COR-LAT and from 0 to 3 percent on RCW2.

Overall, we observed that the use of a shorter cutoff time does not have a clear

impact, even when it leads to a higher number of timed out runs. Looking at the

results per configurator, we observe that a shorter cutoff consistently benefits irace,

while a longer cutoff time consistently benefits SMAC3.

3.4 Conclusion

In this chapter, we evaluated state-of-the-art configurators on a diverse set of sce-

narios for running time optimisation as introduced in Chapter 2. We showed that

configurators typically find configurations better performing than the default value,

when given the time to perform 500 or more target algorithm run. However, they

do not always surpass ROAR, a simple random search with a racing mechanism. We

found that on the configuration scenarios we considered paramILS was best on the

most scenarios, while SMAC2 had the best average ranking. Though these advantages
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are not statistically significant over all other configurators. Overall, we found that

configurators show complementary strength and weaknesses. In particular, while irace

did not perform strongly overall, it showed a significant contribution to a portfolio.

This complementarity was already visible in the results, for example when configuring

SpToRiss.

We analysed to what extend the performance of the best found configurations differ

on the testing set to their performance on the training set to detect if the configurators

are prone to overtuning, (e.g.finding a well performing configuration on the training

set that does not generalise to the testing set). We did not find any strong evidence of

it occurring on the scenarios we studied, with only one clear case with SMAC2 when

optimising CPLEX for CLS.

Finally, we made an attempt at drawing high-level insights regarding the impact

of scenario specific features such as the ones defined in Chapter 2. We found that the

type of the parameters have more impact on the difficulty of a configuration scenario

than their overall number, that scenarios with more instances to train on are typically

easier and that the performance of GGA++ is strongly correlated with the configu-

ration budget. Though we note that our scenarios did not include many variations

of configuration budget and this correlation might be related to other elements of the

small budget scenarios.

While we performed various analysis on the collected data, we believe that more

can be done, such as defining new scenarios features to analyse or trying to predict

which configurator should be used on a new scenario, and thus made it openly available

for further exploration.
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4
Default Value

General-purpose automated algorithm configuration procedures have enabled signifi-

cant improvements in the state of the art for a wide range of challenging problems.

This increasingly encourages algorithm designers to expose more parameters to the

configuration process, leading to larger configuration spaces. To search these vast

combinatorial spaces of parameter settings is challenging. Successful configurators

combine techniques such as racing, estimation of distribution algorithms, Bayesian

optimisation and model-free stochastic search (see Section 2.2.2). However, most

methods disregard the default parameter values typically provided by the develop-

ers or merely use them as a starting point for the configuration process. This chapter1

explores how and to what extent these default parameter values can be used as prior

knowledge to guide the configuration search. First, we propose a simple method to

reduce the size of the search space and restrict the configurator to parameter values

close to a given default. Based on the encouraging results of this näıve approach, we

introduce a principled method for integrating the default value into the configuration

process by focusing the search around it.

1Parts of this chapter have been published as Anastacio et al. (2019); Anastacio and Hoos
(2020a,b).
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4.1 Introduction

The availability of effective automated algorithm configuration (AAC) procedures al-

lows algorithm designers to expose design choices as parameters, following a design

paradigm known as programming by optimisation (PbO) (Hoos, 2012b). By avoiding

premature choices in algorithm design, automated methods can adapt the behaviour of

algorithms to each specific use case, thereby achieving better performance. However,

the size of the combinatorial configuration spaces encountered in this context grows

exponentially with the number of exposed parameters. In the following, we will look

in more depth into the configuration space and more closely to the default parameter

settings and the knowledge hidden in it. These settings are typically set based on the

algorithm designers’ intuition on the inner workings of their methods, as well as ex-

periments that were conducted to evaluate it. As such, they contain more information

than random values would. Whilst state-of-the-art algorithm configurators combine

sophisticated methods to search the parameter space effectively, we argue that they

often overlook precious information that could help them focus their search on the

most promising values.

4.1.1 Background

As explained in Chapter 2, the AAC problem consists of an algorithm A, a configura-

tion space Ω, a set of problem instances I and a performance metric m. Ω contains

all valid combinations of parameters P and their possible values D. More precisely,

each parameter pj ∈ P has a domain Dj ∈ D of possible values and typically a de-

fault value Dj ∈ Dj . This default value would typically be used if a user is unsure of

what would work best for their particular problem case or when they try a new algo-

rithm. Algorithm developers usually provide a default parameter configuration that

has been chosen to perform reasonably well across a broad range of problem instances,

which involves substantial human intuition, experience and at least limited manual

experimentation.

Because the configuration landscapes of numerical parameters tend to be benign

(Pushak and Hoos, 2018), even limited manual tuning may produce valuable infor-

mation about promising parameter values. Moreover, starting the model-based con-

figurator SMAC (Hutter et al., 2011b) from a performance model learned on another

set of benchmark instances allows considerable speedups (Lindauer and Hutter, 2018).

This suggests that knowledge regarding high-quality configurations can be transferred

between sets of problem instances. Together, these observations indicate that default
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parameter configurations may contain valuable information that can be exploited for

AAC. For scenarios with large configuration spaces in which high-performance con-

figurations are complex to find, we conjecture that searching configurations inside a

reduced search space, obtained by restricting the ranges of specific parameters, can

be more effective than searching the whole configuration space. Despite the fact that

pruning the search space could potentially exclude good configurations, we show that

searching on this reduced search space improves the performance of irace, GGA++

and SMAC. Since this first method would require the user to define those smaller

search spaces, we want to integrate a mechanism into a configurator that focuses the

search around the default without leaving out parts of the search space. We propose

focusing the search around the default value by modifying the sampling distribution

of SMAC.

4.1.2 Related work

The idea of excluding part of the search space in optimisation algorithms is common

and originates as far as the work of Megiddo (1983). It has been applied in the context

of automated machine learning (autoML) by excluding areas deemed to be poorly

performing (Wistuba et al., 2015), or by focusing on the hyperparameters found to

have a significant impact on the performance of the target algorithm (Li et al., 2022).

In the context of AAC, the configurator GPS (Pushak and Hoos, 2020) is also based

on a pruning approach.

To focus the search around the default value, we use a similar intuition as the

estimation of distribution included in irace. Moreover, it has been demonstrated that

automatic configuration with irace (López-Ibáñez et al., 2016) can be sped up by focus-

ing the search process on specific areas of a given configuration space. Franzin et al.

(2018) applied transformations to a real-valued parameter of a simulated annealing

algorithm and showed that the right transformation can improve the performance of

irace. A similar kind of mechanism has been developed later for Bayesian Optimisa-

tion (Souza et al., 2021).

4.1.3 Research questions

In this chapter, we focus on two of the research questions introduced in Section 1.2.

RQ4 How and to which extent do current configurators use the default values usually

provided by algorithm developers?

Considering that there is information in the default value, the first thing to question
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is how much current methods benefit from this information. Oftentimes, this value is

used as a starting point for the search. To evaluate the extent to which the default

parameter values are exploited by state-of-the-art AAC procedures, we compare the

performance of two prominent configurators, SMAC and irace, with or without using

the default setting to initialise the configuration process.

RQ5 How can we make better use of known good parameter values – in our case,

the default value – to guide the search strategy? We separate this question into two

parts as follows:

RQ 5.1. Can we reach state-of-the-art performance by searching only around the

default value?

A näıve approach to leverage the default value of continuous parameters is to

exclude any value that is deemed too far from it. This also significantly reduces the

size of the search space of the configurators. We define two neighbourhoods of the

default values and evaluate their impact on the performance of several state-of-the-art

configurators across a broad range of configuration scenarios.

RQ 5.2. What is the impact of focusing the search around the default value?

A more refined approach to focusing the search around the default value would not

completely exclude values that are further away from it, but sample more values in

the promising area around the default than in the least promising areas of the search

space. To achieve this, we use a truncated normal distribution centred around the

default value. We evaluate the impact of such a distribution on SMAC.

4.2 Protocol of experiments

To answer our three research questions, we will need to compare the performance of

configurators. For each such comparison, we followed the same protocol.

Scenarios

All configuration scenarios were run according to the setup described in AClib (Hutter

et al., 2014a). The considered configuration objective is the minimisation of PAR10

(average running time of the target algorithm, with the timed-out runs counted as ten

times the cutoff time) for Boolean satisfiability (SAT), mixed integer programming

(MIP) and automated planning (AI planning). More details regarding the bench-

marks and algorithms can be found in Chapter 2 and the scenarios’ characteristics
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are described in Table 2.4. To this set, we add four autoML scenarios originating

from AClib on which we optimise the cross-validated error rate. They all use the

same machine learning system, autoweka (autoWK) (Thornton et al., 2013; Kotthoff

et al., 2017), an autoML system based on, and distributed as part of, the WEKA ma-

chine learning and data mining workbench. We configure this system on four datasets

(from Dua and Karra Taniskidou, 2017; Thornton et al., 2013): CAR contains 1728 in-

stances of car evaluations, GC contains 690 instances classifying people as good or bad

credit risks, WF contains 5000 generated waves, and WQW contains 4898 instances

modelling wine quality based on physicochemical tests.

Protocol

Algorithm configurators are randomised, and their performance is known to vary sub-

stantially between multiple independent runs on the same scenario. Thus, we ran each

configurator independently 24 times for each scenario and evaluated the resulting 24

parameter configurations on our training and testing sets.

Moreover, to leverage this variability, it is best practice to perform multiple indepen-

dent runs of a configurator on a given scenario (usually in parallel) and to report the

best configuration (evaluated on the training instances) as the final result of the overall

configuration process (see the recommendations of Eggensperger et al., 2019). To cap-

ture the statistical variability of this standard protocol, we repeatedly sampled 8 runs

uniformly at random and identified the best one according to its performance on the

training set. We used 10 000 such samples to estimate the probability distribution of

the quality of the result produced by each configurator on each configuration scenario.

Note that the outcome of such a sampling approach should follow the same distribu-

tion as the one obtained following Section 3.2.1. We then compared the medians of

these empirical distributions, using a one-sided Mann-Whitney U-test (α = 0.05) to

assess the statistical significance of observed performance differences.

Configurators

We included SMAC, irace and GGA++ in this comparison. More details on those

configurators can be found in Chapter 2. We excluded paramILS since it requires a

discrete search space, which might interfere with the methods we propose. GPS had

not been proposed at the time of this study. For irace, when the estimated running

time of the algorithm was too long and it refused to run within the given time budget,

we applied the same protocol to the successfully completed runs. This happened in
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particular for the CPLEX scenarios, where AClib prescribes a cutoff time of 10 000

seconds. In such cases, when the random seed (ranging from 1 to 24) results in the

selection of a hard instance for evaluating the running time of the default configuration,

irace determines that the running time is too high for the given configuration budget.

The decision to apply the standard protocol to successful runs of irace leads to a

positive bias in the irace results for CPLEX on CLS, where 19 runs were completed

successfully. However, in cases such as the scenarios for CPLEX on RCW2 and on

REG200, where only 7 and 9 runs, respectively, terminated successfully, we omit the

results from our analysis, as application of the standard protocol would lead to extreme

distortions from realistically achievable performance.

Code and execution environment

All experiments were performed on a computing cluster with CentOS using dual 16-

core 2.10 GHz Intel Xeon E5-2683 CPUs with 40 MB cache and 94 GB of RAM. Our

source code and results are available at ada.liacs.nl/projects/smacps.

4.3 Impact of the default

As mentioned previously, most configurable algorithms come with default parameter

values that the developer has carefully chosen. Each AAC procedure handles those

default values differently and thus is impacted differently by it. In this section, we

explore the impact that the default configuration has on existing configuration proce-

dures.

To answer RQ4 – How and to which extent do current configurators use the default

values usually provided by algorithm developers? – let us look into the behaviour

of two configurators. SMAC uses the default configuration as one of the starting

configurations for building the model that guides its search process. irace not only

uses the default as one of its initial racing configurations, but also as a way to estimate

the running time of the target algorithm and thus the number of iterations.

For two of them, we compare their performance when provided with the default

value given in AClib against their performance when no default value is given. The

results obtained following the protocol described in Section 4.2 are reported in Ta-

ble 4.1.
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SMAC

SMAC finds better configurations for 5 out of 10 scenarios when starting from default

parameter values, for 4 out of 10 scenarios starting from a random configuration pro-

duces better results, and for one scenario, no significant difference is observed. Overall,

there seems to be no clear advantage in using the default configuration as a starting

point. This is not surprising, considering that SMAC very quickly bases its search on

the predictions of its random forest model and randomly chosen configurations. The

latter, included to avoid stagnation of the model-based search process, likely limits

the impact of using a specific starting configuration.

irace

When given a limited time budget (as in all our experiments), irace uses the default

configuration of the given target algorithm to estimate the running time of the target

algorithm. Consequently, when starting from a randomly chosen configuration, under

which the target algorithm performs very poorly, irace may refuse to run, since it

assumes there is insufficient time for the racing process to produce meaningful results

within the given time budget. The results reported in Table 4.1 show only the re-

sults for scenarios for which at least 8 configurator runs finished within 5 times the

given overall time budget for configuration. irace was unable to run on 2 of our 10

benchmark scenarios. For 5 others, it performs better when given access to the default

configuration, and for the 3 remaining scenarios, starting from a random configuration

produces better results. We note that irace systematically ran over time when starting

from a random configuration.

What is the impact of the default value on current configurators?

To answer this question, we compared how widely used configurators perform with

and without access to meaningful default parameter settings. We found that the per-

formance of two state-of-the-art configurators, SMAC and irace, is affected very differ-

ently by default settings: While SMAC only rarely benefits from reasonable defaults,

they are often crucial for irace.

4.4 Reduction of the search space

Automatic algorithm configurators are sophisticated search algorithms searching the

configuration space of a given target algorithm. Due to the various types of parameters,
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Default SMAC irace
def rand def rand

SpToRiss
CF 424.43 223.27 196.62 224.10 223.05
LABS 885.78 780.94 787.00 803.03 815.06
UNSAT 152.33 1.25 1.13 1.36 1.20

CPLEX
CLS 3.46 2.14 2.45 4.44 3.99
COR-LAT 52.14 7.75 7.98 10.64 14.56
REG200 10.83 4.04 4.13 4.55 4.86

AutoWK

CAR 0.500 0.250 0.270 0.300 -
GC 0.590 0.330 0.280 0.240 -
WF 1.97 0.340 0.220 0.230 0.300
WQW 1.83 0.350 0.360 0.370 0.410

Table 4.1: Results for SMAC (left) and irace (right) for default and random initial config-
urations; median PAR10 (in CPU sec) for SAT and MIP, 10-fold cross-validated error rate
for ML; best results are underlined, while boldface indicates results that are statistically tied
to the best, according to a one-sided Mann-Whitney test (α = 0.05).

the conditions linking them and the effects of their interaction, it can be hard to search

the space of possible configurations. As argued earlier in this chapter, we have reasons

to believe that the default value is located in a promising area of the search space. To

test this hypothesis and answer RQ 5.1 – Can we reach state-of-the-art performance

by searching only around the default value? – we restrict the search space of the

configurator to the neighbourhood of the configuration.

4.4.1 Reduction methods

We will focus on integer- and real-valued parameters for our experiments, as their

domains are often large intervals and reducing them can significantly impact the size

of a given configuration space. Moreover, there is no straightforward way to reduce the

range of a categorical parameter in a meaningful manner. We note that some solver

have values in their integer-valued parameters with a specific meaning, different from

the expected one. This is particularly true for CPLEX, which uses −1 as a special

value, meaning that CPLEX will decide itself which value to use for this parameter.

However, we did not treat those values differently in our reduction.
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How to reduce parameter domains?

For k ∈ {1, 2, ..., n}, the domain of the integer- or real-valued parameter pk is defined

by its lower bound Dk,min, its upper bound Dk,max and its default value Dk. The

length of its range is denoted Dk,range = Dk,max −Dk,min.

We consider two different reduction techniques to calculate a new domain Dk,sub.

To avoid reducing small ranges, we apply domain reduction only to parameters with at

least 10 possible values for integers and a range of 1 for real numbers. For parameters

that vary on a logarithmic scale, we apply the reductions in the logarithmic domain.

Our first technique reduces the domain of a given parameter so it begins at one-

tenth of the default value and ends at ten times the default value:

Dk,sub = [0.1 ·Dk, 10 ·Dk] . (R1)

This technique has the advantage of scaling up when the default value is big. For

example, given the parameter pk with a domain Dk = [0, 10 000], a default value

Dk,def = 500 leads to a large range of Dk,reduced = [50, 5 000] while a default value of

Dk,def = 10 leads to a large range of Dk,reduced = [1, 100]. However, it handles domains

that span both positive and negative values poorly. For example if pk has a domain

Dk = [−100, 100] and a default value Dk,def = 5 then the reduced range will become

Dk,reduced = [0.5, 50].

Our second technique reduces the range to a tenth of Dk, centred around the default

value:

Dk,sub =

[
Dk −

Dk,range

20
, Dk +

Dk,range

20

]
. (R2)

Unlike the previous one, this technique does not have any issues with domains that

span both positive and negative values.

For example if pk has a domain Dk = [−100, 100] and a default value Dk,def = 5,

the reduced range will become Dk,reduced = [−15, 25].
As Dk,sub thus defined could exceed the bounds of Dk, we obtain the reduced range

by taking the intersection of the two ranges. The final reduced range Dk,red is defined

as

Dk,red = Dk ∩ Dk,sub (4.1)

Moreover, each step of the reduction is made such that we keep at least 10 possible

values for integers and a length of 1 for real numbers, meaning that this rule applies

to Dk,sub and we add values to Dk,red as a final step if needed.
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Solver
Parameters Reduced parameters

Total Numerical R1 R2

Clasp 75 37 25 (24) 29 (28)
Lingeling 322 185 154 (0) 163 (0)
SpToRiss 222 52 10 (9) 20 (16)

LPG 67 19 7 (4) 12 (8)

CPLEX 74 23 20 (2) 20 (2)

AutoWK 702 226 60 (60) 111 (111)

Table 4.2: Target algorithms parameter space description; The total number of numerical
parameters; the number of parameters reduced by our techniques and, in parentheses, the
number of these conditionally dependent on at least one other parameter.

How does the range reduction affect the configuration spaces of the con-

sidered algorithms?

We applied both reductions to the parameter space of the six algorithms appearing in

our configuration scenarios. As seen in Table 4.2, for Clasp, CPLEX and Lingeling,

the ranges of between 27 and 50% of the total number of parameters are reduced,

which suggests that there is potential for a large impact when configuring them. We

note that the parameters of Clasp to which reduction is applied almost all condition-

ally depend on at least one other parameter value, which may reduce the effect of

domain reduction in this case. For SpToRiss, LPG and AutoWK, only 5 to 17% of

the parameters are affected by domain reduction, and we thus expect the effect on

configurator performance to be less pronounced.

4.4.2 Results

To evaluate the impact of search space reduction on the configuration process, we ran

extensive experiments with SMAC, as well as more limited experiments with irace and

GGA++. We then applied the protocol described in Section 4.2 to compare the results

obtained for the full configuration space with those obtained using our two reduction

techniques.

How do our reduction techniques impact the performance of SMAC?

As seen in Table 4.3, reducing the search space allowed SMAC to perform better for 15

out of the 20 studied scenarios, although for one of these, none of the optimised config-

urations reached the quality of the default configuration (on testing data). For the 5
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Quality
Default full R1 R2

Clasp
CF 174.05 164.72 173.67 173.60
LABS 718.15 728.87 720.62 736.70
UNSAT 0.847 0.380 0.376 0.383

Lingeling
CF 278.52 245.48 187.11 228.65
LABS 808.70 830.63 788.36 849.25
UNSAT 2.03 1.07 0.984 1.04

SpToRiss
CF 424.43 223.27 212.04 204.21
LABS 885.78 780.94 756.55 805.10
UNSAT 152.33 1.25 1.30 1.29

LPG
Depots 26.77 0.776 0.709 0.826
Satellite 16.72 3.83 3.70 3.79
Zenotravel 22.49 1.67 1.75 1.72

CPLEX

CLS 3.46 2.14 2.43 2.69
COR-LAT 52.14 7.66 6.01 14.85
RCW2 64.98 52.64 65.11 54.60
REG200 10.83 4.04 3.53 3.73

AutoWK

CAR 0.500 0.250 0.220 0.280
GC 0.590 0.330 0.280 0.270
WF 1.97 0.340 0.370 0.280
WQW 1.83 0.350 0.390 0.340

Table 4.3: Results for SMAC; median PAR10 (in CPU sec) for SAT, MIP and Planning,
10-fold cross-validated error rate for ML; best results are underlined, while boldface indicates
results that are statistically tied to the best, according to a one-sided Mann-Whitney test
(α = 0.05).

remaining scenarios, significantly better results were obtained for the full configuration

space. Reductions R1 and R2 lead to improved results for 12 and 8 scenarios, respec-

tively. These improvements are observed across all AI problems and target algorithms

that we studied.

Do our observations generalise to other configuration approaches?

Since each evaluation requires long and computationally expensive configuration runs,

we ran limited experiments with irace and GGA++. We tested one target algorithm

for each type of problem and chose among the benchmarks based on the results ob-

tained by SMAC.We kept, for each problem type, one scenario on which each reduction

technique improved the results of SMAC, as well as one for which it worsened them.
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irace quality GGA++ quality
Default full R1 R2 full R1 R2

SpToRiss
CF 424.43 224.10 206.72 246.99 233.11 235.83 225.82
LABS 808.70 803.03 788.66 787.47 835.32 804.31 847.83
UNSAT 152.33 1.24 1.28 1.23 1.53 1.61 1.54

LPG
Satellite 16.72 4.94 6.41 6.45 3.69 3.96 3.78
Zenotravel 22.49 2.35 1.90 1.84 6.28 3.32 3.07

CPLEX
RCW2 64.98 69.62 68.16 60.48 63.87 63.69 63.43
REG200 10.83 4.55 4.69 3.86 12.01 11.30 10.57

AutoWK
CAR 0.500 0.210 0.370 0.230 0.300 0.630 0.260
WF 1.97 0.230 0.250 0.260 2.69 2.40 2.55

Table 4.4: Results for irace and GGA++; median PAR10 (in CPU sec) for SAT, MIP
and Planning, 10-fold cross-validated error rate for ML; best results are underlined, while
boldface indicates results that are statistically tied to the best, according to a one-sided
Mann-Whitney test (α = 0.05).

We kept three SAT, two AI planning, two MIP and two ML scenarios, resulting in a

total of 9 scenarios. The results for irace and GGA++ are shown in Table 4.4.

irace performed better on our reduced spaces for 3 out of 9 scenarios, worse for 3

out of 9, and showed no significant performance differences for the remaining 3. We

also notice that for CPLEX on RCW2, irace could not find a significantly better con-

figuration than the default unless using our search space reduction techniques. Thus,

exploiting the knowledge contained in the default parameter values through our re-

duction techniques benefited irace for these challenging scenarios. On the other hand,

there are limited or no improvements for AutoWK and SpToRiss, which is unsurpris-

ing, considering that most of their reduced parameters are conditionally dependent on

other parameter values (see Table 4.2). For SpToRiss on LABS, it is surprising that

the Mann-Whitney test found evidence that the distribution for R1 is worse than that

for R2, whereas this was not the case for the full configuration space. Further investi-

gation revealed that the distribution of configuration quality obtained for R1 contains

some significantly worse results than those for R2 and the full space, which causes the

observed result. We note that irace implements a mechanism that resembles our range

reduction techniques by focusing on sampling configurations around combinations of

parameter values known to yield high performance. More precisely, when it generates

a new configuration, it samples the values according to a Gaussian distribution cen-

tred around the best-known values and reduces the variance along the run to focus

on promising parts of the configuration space. This focused sampling could explain
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why the reduction did not significantly impact the performance of irace and is also

the inspiration behind the work presented in section 4.5. GGA++ performed better

on our reduced spaces for 7 out of 9 scenarios and worse for the remaining 2. There

is no specific advantage to one or the other of the reductions; however, search space

reduction consistently yields improvements.

Further investigation of our results.

A possible concern arising from the way we reduce the search space is that a strong

reduction may exclude the global optimum from the search space. Unfortunately, there

are no known methods for determining configurations that are guaranteed globally

optimal for the kinds of scenarios we consider. However, by looking at the best-known

configurations seen over all configurator runs for each scenario, we can at least develop

some intuition. In Table 4.5, we show how many of the parameters have their best

known value outside of the reduced ranges. We see that for Clasp, SpToRiss, LPG and

AutoWK, the range reduced according to R1 contains the best known value for almost

all the parameters, for Lingeling the range reduced according to R2 contains almost

all the best known values, and for CPLEX the ranges reduced according to the two

reductions contain almost all the best known values except for the CLS scenario. We

could then expect to reach a better configuration with R1 for Clasp, SpToRiss, LPG

and AutoWK and with R2 for Lingeling. However, the results presented in Tables 4.3

and 4.4 show that for AutoWK, Lingeling and LPG, the configuration results do not

correspond to those expectations. Thus, for those three scenarios, excluding promising

parts of the configuration space and possibly losing globally optimal configurations, we

were still able to reach better configurations on average. This suggests that reducing

the size of a given configuration space can make it easier for existing configuration

procedures to find good local optima consistently.

In some cases, more particularly Lingeling on UNSAT and AutoWK on CAR and

GC, the high number of parameter values that are outside of the reduced range might

suggest that the default parameter value may not be a good focal point for the con-

figuration process. However, for those three cases, one of the reductions actually

contained the best-known configuration. Moreover, in preliminary experiments based

on the idea of running a first short configuration run to find a better starting point

than the default, we failed to observe better results than those obtained by reduction

around the default.
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Algorithm Benchmark R1 R2 Numerical Parameters

Clasp
CF 0 0

37LABS 0 0
UNSAT 2 7

Lingeling
CF 0 0

185LABS 0 9
UNSAT 53 0

SpToRiss
CF 1 0

52LABS 0 9
UNSAT 1 14

LPG
Depots 0 6

19Satellite 0 9
Zenotravel 2 10

CPLEX

CLS 7 7

23
COR-LAT 0 2
RCW2 2 1
REG200 0 1

AutoWK

CAR 0 42

226
GC 0 40
WF 1 0
WQW 0 0

Table 4.5: Number of parameters of the best known configuration (testing set) that take
a value outside the reduced ranges (using R1 and R2, respectively)

Can we reach state-of-the-art performance by searching only around the

default value?

Empirical results for well-known configuration scenarios for SAT, MIP, AI planning

and autoML clearly indicate that using these reduction techniques, the state-of-the-

art general-purpose configurators SMAC and GGA++ tend to find significantly better

configurations within a given time budget. irace benefits from default-guided range

reduction for scenarios with many numerical parameters that are not dependent on

higher-level categorical design choices, such as CPLEX and LPG, while we did not

observe benefits for scenarios with few numerical parameters, or numerical param-

eters that mainly depend on higher-level categorical choices, as for SpToRiss and

AutoWK. This supports our hypothesis that configurators can benefit from the infor-

mation contained in expert-determined default values for target algorithm parameters.

Also, comparing our results on SparrowToRiss to those recently published for warm-
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starting SMAC (Lindauer and Hutter, 2018), we find that the default-guided search

space reduction gives similar, yet complementary benefits, in the sense that we obtain

improvements where they do not, and vice versa. However, in contrast to warm-

starting, our approach is applicable to a broader range of automatic configuration

procedures.

The efficacy of our default-guided range reduction techniques suggests an inter-

esting, largely unexplored direction for improving automated algorithm configurators,

based on the idea of more strongly exploiting default configurations in the underlying

search process, which we explore in the following section.

4.5 Probabilistic sampling

As shown previously, simply reducing the ranges of numerical parameters around the

given default values can lead to significant performance improvements for SMAC (see

Section 4.4 or Anastacio et al. (2019)). However, by pruning the search space, our pre-

vious approach completely excluded regions that, in specific cases, could be relevant

to explore, and we did so in a configurator-agnostic, yet somewhat ad-hoc manner.

Moreover, we saw that those reduction methods had a limited impact on the perfor-

mance of irace since it already includes a mechanism to sample more configurations

around its elite configurations. Building on those findings, our intuition is that sam-

pling near good configurations will very likely lead to other good configurations, while

sampling uniformly, as done in SMAC, will likely waste time on some underperforming

parameter settings.

4.5.1 Extension with probabilistic sampling

We propose a principled approach for including the prior knowledge contained in the

default value of parameters into the search process, by applying probabilistic sampling

in the context of sequential model-based optimisation. As we will demonstrate, this can

yield significant improvement for general-purpose AAC. To implement our approach,

we extended SMAC with a simple mechanism for sampling new values according to a

truncated normal distribution centred around the given default values, which replaces

the uniform random sampling used in the original version of SMAC.

Algorithm 4.1 outlines at a high level our new configuration method, which we

refer to as SMACPS. SMACPS differs from SMAC only in the sampling distribution

61



Probabilistic sampling

Algorithm 4.1 SMACPS

Require: Ω: configuration space, ωd: the default configuration, Ωrand, Ωprom and
Ωnew: sets of configurations.

1: R: target algorithm runs performed. M : performance model.
2: ωinc ← ωd

3: R ← run (ωd)
4: while Budget not exhausted do
5: M ← update (M,R)
6: Ωprom ← uniform sample configurations (Ω)
7: Ωprom ← local search (M,Ωprom)
8: Ωrand ← normal sample configurations (Ω)
9: Ωnew ← interleave (Ωrand,Ωprom)

10: inc← intensify (Ωnew, ωinc)
11: end while
12: Return ωinc

used in line 7; further details of SMAC can be found in the original paper2 (Hutter

et al., 2011b). New configurations are sampled in two places: as starting points for the

local search process (line 5) and for non-model-based diversification (line 7). The two

sets of configurations thus obtained are then interleaved and raced against the current

incumbent (line 9). We change the sampling distribution used for non-model-based

diversification (line 7) – note that in Anastacio and Hoos (2020a) it was changed

at both places. Each parameter is sampled independently from a distribution that

depends on the parameter type and domain. For each numerical parameter pn, we

first normalise the range to [0, 1] (if pn is specified as “log scale”, we first apply a log

base 10 transformation). We then sample a value from a truncated normal distribution

with mean equal to the default value of pn and variance 0.05; this value was chosen

based on preliminary experiments on configuration scenarios different from the ones

used in our evaluation, namely the SAT solvers Spear and Satenstein on benchmark

SWGCP ; additional details can be found on AClib. For a categorical parameter pc

with k values, we sample the default value with probability 0.5, and each other value

with probability 0.5/(k − 1).

In cases where the default configuration is far away from the most promising areas

of a given configuration space, this approach might be counterproductive. We note,

however, that model-based local search, starting from uniformly sampled configura-

tions, has the potential to counterbalance this effect.

2Recent versions of SMAC behave slightly differently, picking challengers from Cprom or Crand

with given probabilities instead of alternating.
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Our probabilistic sampling approach is inspired by estimation of distribution al-

gorithms, which are known to provide an effective way for leveraging prior knowledge

when solving complex optimisation problems (Hauschild and Pelikan, 2011). It is also

conceptually related to the approach taken by irace, which, unlike SMAC, does not

use an empirical performance model to map parameter configurations to performance

values, but instead uses the best-known configurations as a basis for estimating where

promising parameters may be located. Indeed, irace employs an intensification mech-

anism that involves sampling new values for numerical parameters from truncated

normal distributions, in conjunction with a racing mechanism for updating the in-

cumbent configuration and the locations of the sampling distributions. We note that

the probabilistic sampling process used in SMAC is simpler, as it maintains fixed

sampling distributions throughout the configuration process. We decided on this de-

sign to evaluate the extent to which a simple probabilistic sampling mechanism solely

focused on exploiting information from expert-chosen default values would already en-

able improvements over state-of-the-art algorithm configurators, such as SMAC and

irace.

4.5.2 Results

In this section, we compare the algorithm described in Section 4.5.1 against the state-

of-the-art configurations SMAC and irace following the protocol described in Sec-

tion 4.2.

Comparison based on median PAR10 scores

We compare the performance obtained for the configuration scenarios we studied,

following the protocol described in Section 4.2, which produces statistics on how state-

of-the-art configurators are commonly used in practice. Table 4.6 shows the median

PAR10 values we obtained; the missing results for CPLEX on RCW2 and REG200

are since irace refused to start more than half of the 24 runs, since it considered the

configuration budget to be insufficient.

Comparing the results for SMAC and irace, we note that in most cases, SMAC

achieves better performance than irace. SMAC achieved a statistically significantly

lower median PAR10 score in 10 out of the 16 configuration scenarios we studied,

while irace outperformed SMAC in the remaining 6 scenarios. This indicates com-

plementary strengths of our two baseline configurators. While SMAC has an edge on

most of the scenarios, there is at least one case where irace finds substantially better
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Table 4.6: Results for SMAC, SMACPS and irace; median PAR10 (in CPU sec); best
results are underlined, while boldface indicates results that are statistically tied to the best,
according to a one-sided Mann-Whitney test (α = 0.05). Right columns highlight the result
of the pairwise comparison between SMACPS and the two baselines; ✓ if it is better, ✗ if
not; parentheses indicate that the difference is not statistically significant.

Solver Benchmark Default SMAC irace SMACPS ≻
SMAC irace

CF 193.87 193.00 174.00 173.61 ✓ (✓)
Clasp LABS 745.74 837.93 847.10 837.61 (✓) ✓

UNSAT 0.885 0.362 0.359 0.359 (✓) (✓)

CF 327.00 261.06 328.214 300.40 ✗ ✓
Lingeling LABS 873.67 866.99 959.35 863.73 ✓ ✓

UNSAT 2.41 1.59 2.36 1.65 ✗ ✓

CF 472.78 226.51 236.61 253.72 ✗ ✗
SpToRiss LABS 911.25 857.67 846.40 805.46 ✓ ✓

UNSAT 222.26 1.56 1.56 1.55 ✓ ✓

Depots 34.68 1.14 1.08 1.25 (✗) ✗
LPG Satellite 22.40 5.43 8.04 5.19 ✓ ✓

Zenotravel 29.64 2.61 2.93 2.56 ✓ ✓

CPLEX

CLS 4.06 3.36 4.06 2.95 ✓ ✓
COR-LAT 24.81 21.84 10.04 21.26 ✓ ✗
RCW2 82.51 71.98 – 78.10 ✗ ✓
REG200 13.08 5.56 – 5.09 ✓ ✓

configurations (CPLEX on COR-LAT) – looking back at Chapter 3 allows us to see

that the performance of SMAC3 on this scenario is poor.

Comparing SMACPS against SMAC, which is the strongest of our two baselines,

and served as the starting point for our new configuration procedure, we notice that

for 11 of the 16 scenarios, SMACPS reaches a lower median PAR10 score. In all but

two of those cases (Clasp on LABS and UNSAT), the performance differences are

statistically significant.

Finally, compared to irace, SMACPS achieves better performance on 13 of our

16 scenarios. In all but two cases (Clasp on CF and UNSAT), the differences are

statistically significant. SpToRiss on LABS shows a case where SMAC could not

achieve better result than irace, while SMACPS outperforms irace.

Overall, these results indicate clearly that SMACPS represents a significant im-

provement over both baselines.
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Figure 4.1: Cumulative distribution functions for PAR10 scores (in CPU seconds, x-axis)
over independent configurator runs on the testing set.

Distributions of PAR10 scores over multiple configurator runs

To examine the performance of SMAC, irace and SMACPS in more detail, we stud-

ied the empirical cumulative distribution functions over individual configurator runs

(without applying the standard protocol) – see Figure 4.1. As we minimise PAR10

scores, better performance is indicated by CDFs closer to the top left corner of the

plots. We present results for four scenarios, each yielding a qualitatively distinct

outcome in our comparison.

Figure 4.1a, LPG on Satellite, is a case in which the difference between the CDFs

for SMAC and SMACPS is particularly pronounced. In this scenario, SMACPS clearly

dominates the two other configurators.

Figure 4.1b, CPLEX on COR-LAT, is a case in which irace performs better than

the two other configurators. SMAC and SMACPS give rise to similar performance

distributions. irace has an edge, reinforced by the standard protocol, which leverages

the left tail of the performance distributions.
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Figure 4.1c, Clasp on LABS, a scenario on which SMAC and SMACPS are statisti-

cally tied, looks qualitatively similar, except that the difference in the left tail between

SMAC and SMACPS is too small to be reliably exploitable using the standard proto-

col. irace, on the other side, is probabilistically dominated on this scenario.

Figure 4.1d shows a scenarios on which irace terminated prematurely (as described

in Section 4.2). However, examining the partial CDFs for the successfully completed

configurator runs, there is no reason to expect that irace would have performed sig-

nificantly better than SMAC and SMACPS.

What is the impact of focusing the search around the default value?

We proposed a simple yet effective method to probabilistically bias the sequential

model-based algorithm configurator (SMAC) (Hutter et al., 2014a) towards a given

default configuration. To do so, we replaced its uniform random sampling mechanism

with a probabilistic sampling approach for numerical parameters.

We evaluated the resulting procedure, dubbed SMACPS, against two widely used

and freely available state-of-the-art general-purpose algorithm configurators, SMAC

and irace (López-Ibáñez et al., 2016). For this comparison, we used 16 running time

optimisation scenarios from AClib, a widely used library of benchmarks for AAC (Hut-

ter et al., 2014a).

We found that SMACPS performs better than SMAC on 11 of those 16 scenarios,

and better than irace on 12 of them, and thus represents a significant improvement

over the state of the art in AAC for running time minimisation. Whether similar

results can be obtained for different performance metrics is an open question.

4.6 Conclusion

This chapter explored approaches to leverage the expert knowledge contained in the

default value. We believe that for most state-of-the-art algorithms for challenging AI

problems, default parameter values are chosen with care, in many cases not only based

on limited experiments, but also on deep insights into the heuristics controlled by the

parameters.

Answering RQ4 in Section 4.3, we demonstrated that each configurator relies on the

default parameter values in different ways. As a proof of concept and to answer RQ 5.1,

Section 4.4 introduces a näıve approach to prune the configuration space around the

default value, thereby searching only among values near it. We obtained significant
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improvement in configurator performance. However, our reduction techniques depend

on the quality of the given default values and hold the risk of excluding promising areas

of the search space if the default value was poorly chosen. It is also expected to have

a greater impact when targeting numerical parameters with wide ranges. This is the

case with many numerical parameters, because, in principle, extreme values produce

valid behaviour of the algorithm, and the effort to manually restrict the range to

good values can be considerable; thus, it is often avoided by algorithm designers. We

also expect that reducing parameter ranges too aggressively will ultimately lead to

degraded performance.

Section 4.5 introduced a more subtle incorporation of the default in the search

strategy to answer RQ 5.2. By using a truncated distribution centred around the

default value, we bias the search towards the promising area around the default while

maintaining a probability of deviating from it if the default was poorly chosen. We

compared our methods on a set of running time optimisation scenarios. We demon-

strated that, in the majority of scenarios, the introduced methods outperform con-

figurators that do not utilise the knowledge held in the default. We thus argue that

the often-overlooked insights of experts can and should be included in configurators,

as they hold the potential to guide the search. Our results are consistent with recent

work showing that the configuration landscapes (i.e., the functions relating param-

eter values to target algorithm performance) are far more benign than one might

have expected (Pushak and Hoos, 2018), which suggests that sampling around known

good parameter values provides an efficient way towards finding new good values, an

assumption also leveraged by irace.

Our work also opens an interesting path towards richer mechanisms for allowing

algorithm designers to express prior knowledge about parameter values. Note that,

following the publication of results presented in this chapter, subsequent work explored

this path further by allowing users (or algorithm designers) to define detailed priors

on each parameter (see e.g. Souza et al., 2021; Hvarfner et al., 2022).
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5
Sampling instances

to compare the performance

of algorithms

Empirical performance evaluation plays a critical role in algorithm configuration and

performance optimisation, be it automated or manual. Whilst for a configurator we

would need to compare two configurations of the same algorithm, this chapter1 focus

on approaches to compare two algorithms against each other. This problem arises

in competitions and scientific publications aimed at improving the state of the art in

solving many automated reasoning problems, such as Boolean satisfiability (SAT), con-

straint satisfaction problem (CSP) and Bayesian network structure learning (BNSL).

We explore the intuition that the decision to keep or discard an algorithm can be

taken earlier by carefully selecting on which instances to evaluate its performance.

By performing runs on carefully chosen problem instances, we minimise the compu-

tational cost of running algorithms, whilst probabilistic tests allow us to control the

desired statistical significance of observed performance differences. We describe a set

of methods for this purpose and evaluate their efficacy on diverse datasets from SAT,

CSP and BNSL. On all these datasets, most of our approaches were able to select the

correct algorithm with approximately 95% accuracy, while using less than one-third

1Parts of this chapter have been published as Matricon et al. (2021)
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of the CPU time required for a comparison on the full instance set. The best meth-

ods achieve this level of accuracy within less than 15% of the CPU time needed for

a complete comparison. Intuitively, we expect the behaviour of two algorithms to be

more distinct than that of two configurations of a single algorithm. The transfer of

the evaluated methods to automated algorithm configuration (AAC) will be further

explored in the subsequent chapter.
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5.1 Introduction

From the evaluation of early algorithms against the human ability to solve given in-

stances by hand (Davis and Putnam, 1960) to extensive competitions requiring CPU

years to determine a winner (Heule et al., 2019; Pulina and Seidl, 2019; Sutcliffe,

2020), the amount of computational resources needed to assess empirically whether

an algorithm exceeds state-of-the-art performance is growing along with the ability of

state-of-the-art solvers to tackle larger instances.

Here, we address this issue by focusing on the instance space and on techniques

for identifying instances that help discriminate between the compared algorithms. We

argue that carefully selecting instances and avoiding long evaluations that provide only

a limited amount of information allows us to decide earlier when to stop running a

less promising algorithm. Despite similarities with existing problems, such as active

learning and algorithm selection (AS), this problem has a different objective, and it is

thus not possible to apply existing methods directly.

5.1.1 Background

To the best of our knowledge, the problem we address has not been previously studied

in the literature. However, similar questions appear in other settings. Some early SAT

Competitions (see e.g. the 2002 competition Simon et al., 2005) have been organised

in two stages: first, they ran all the solvers on a subset of hand-picked instances

to extract the top performers, which were then run on all problem instances. The

subset was selected by experts, requiring extensive knowledge and understanding of

the problem instances at hand, which is not readily available to an automated system.

To decide on which instance the algorithm should run, we assign a score to each

instance (see Section 5.3) based on existing approaches from the literature. In the

context of instance generation for CP problems, Gent et al. (2014) proposed a method

for defining the discrimination power of an instance, enabling the generation of problem

instances for model selection based on samples of running times. This method does

not address our aim to reduce running time, but it could lead to selecting relevant

instances. We included this method in our comparison, with minor adjustments to

account for our objective of minimising running time. Note that after the publication

of the work described in the current chapter, Bossek and Wagner (2021) developed an

explicit-ranking method as a fitness function for evolutionary algorithms, in order to

generate instances that follow a given ranking. Their ranking maximises the similarity

between the ranking of the algorithms and the difference in their running times on
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this instance.

Once we know which instances should be solved, the next decision is whether to

stop or continue the comparison. This question also arises in other situations. In

AAC, comparing the performance of two configurations is a key element (as explained

in Section 2.2.2). SMAC and ROAR (Hutter et al., 2011b), as well as irace (López-

Ibáñez et al., 2016), pick uniformly at random the instances on which they run it,

without considering prior knowledge they gathered. irace is based on earlier work

from Maron and Moore (1997), which aimed at comparing many machine learning

models on a subset of test points to estimate their accuracy with a certain statistical

confidence. In this line of work, irace requires evidence in the form of a statistical test

to decide when to stop running a less promising configuration. SMAC and ROAR, on

the other hand, compare the raw performance metric. We included the statistical test

from irace in our experiments.

Our problem is also related to the per-instance algorithm selection (AS) problem

(Kerschke et al., 2019, see e.g.) in which one tries to predict on which algorithm a spe-

cific instance should be run to be solved with the best possible performance. However,

there are key differences that prevent us from using directly the methods developed

for AS; typically, their use requires prior knowledge in the form of instance features,

which we do not always assume to have, and the running time of the algorithms on

other instances, which we do not have available for the new algorithm. Additionally,

our primary goal is to reduce the time required to determine which one is the best.

Finally, there is a significant link with problems tackled by active learning meth-

ods (Sun and Wang, 2010), particularly the pool-based selective sampling problem,

which seeks to choose an instance from a set on which the model should be trained

next. The idea is that a relevant instance should have a high impact on the model,

(e.g. increasing its accuracy or reducing its variance). This is closely related to our

problem, but differs in that the chosen instance should also lead to low running times,

which is not a common objective in active learning. Those methods are aimed at a

machine learning model, and the choice of an instance is based on the impact it may

have on the model, (e.g. reducing its variance or expected error).

In this chapter, we assume the accessibility to the empirical performance data of

the studied algorithms. We focus on situations in which we cannot or do not want to

learn a performance model for comparing the two algorithms, e.g. in the context of

developing a new solver or running a competition. Chapter 6 will delve further into

model-based approaches when incorporating these methods into a configurator.
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5.1.2 Research question

RQ6 How can we smartly select on which instances to run our evaluation to lower the

time spent evaluating bad algorithms?

We introduce the per-set efficient algorithm selection problem (PSEAS): Given two

algorithms, an incumbent Ainc and a challenger Ach, and a set of problem instances

I, how can we minimise the computational resources (here: CPU time) required to

determine, at a required level of confidence, whether Ach performs better than Ainc on

I? In the following, we describe five methods for selecting on which instances to run

the competing algorithms, and two methods for deciding when to stop the evaluation.

We compare the ten resulting approaches on four benchmarks for classic computational

problems: SAT, CSP and BNSL. On these datasets, our approaches can determine the

better-performing algorithm with up to 98% accuracy, while using less than a third of

the CPU time required for a full comparison, and the best methods achieve this level

of accuracy within less than 15% of the CPU time for an exhaustive comparison.

5.2 Model-free instance selection

To answer our research question RQ6, we place ourselves in the context of comparing

the running time performance of two algorithms and define the problem at hand.

Definition of the per-set efficient algorithm selection problem (PSEAS)

We let I denote the set of instances, Tcut ∈ R+ the cutoff threshold, m the perfor-

mance metric that evaluates an algorithm on an instance, and c the cost function that

evaluates the cost of running an algorithm on an instance. We consider two algorithms:

the incumbent Ainc and the challenger Ach, and assume that the cost c(Ainc, I) and

performance M(Ainc, I) of running Ainc on an instance I is known for all instances,

whereas these quantities are unknown on all instances for Ach. This assumption is

consistent with the fact that Ainc represents the state of the art, hence can be as-

sumed to have been evaluated on many problems. The problem is to determine which

of the two algorithms performs best according to
∑

I∈IM(Ach, I) while running Ach

only on a subset Irun ⊂ I that minimises the cost
∑

I∈Irun
c(Ach, I).

Here, we pose A a set of algorithms, including Ainc, regarding which we have

prior knowledge in the form of their costs and performances on (at least part of) the

instances from I. Unless stated otherwise, we write I for an instance in I and A for an

algorithm in A. For simplicity, we consider the algorithms to be deterministic; hence,
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for an algorithm A ∈ A
⋃
{Ach}, we define the running time as rt(A, I) ∈ [0, Tcut]

for an instance I. We define M(A, I) = c(A, I) = rt(A, I): the running time of an

algorithm is considered as a proxy for the energy cost of running it.

The performance of an algorithm defined as the sum of the running times over

all instances, where timed out runs are penalised, following the Penalised Average

Running time (PAR) typically used in configuration scenarios.

Each methods we describe relies on a different amount and type of background

knowledge about the set of instances. This knowledge is similar to the one used in the

AS problem and thus readily accessible. We consider the following ways of specifying

the background knowledge:

• Sample-based : for each instance I and algorithm A we have the running time

rt(A, I) of A on I.

• Feature-based : for each instance I we have a feature vector fI .

• Statistics-based : for each instance I, we have a prior in the form of a probability

distribution δI over [0, Tcut], expressing that δI(t) is the probability that Ach

solves the instance I at time t. In practice, we obtain this prior by fitting a

distribution to the running times of A.

Note that above, A ̸= Ach, i.e. the background knowledge does not contain informa-

tion about the challenger algorithm. The implicit assumption is that running times of

algorithms from A and feature vectors of the instances are both predictive of the run-

ning times of Ach: for instance, if all algorithms in A solve an instance I very quickly,

then so should Ach. In other words, Ach is expected to have similar behaviour as the

algorithms in A. Similarly, if two feature vectors fI and fI′ are close for two instances

I, I ′, then their running times should be close. These assumptions are prominently

made in running-time prediction, such as in Hutter et al. (2014b) and per-instance

AAC (see e.g. Kerschke et al., 2019). In other words, the key insights and mathemat-

ical formalisation of this section are based on the background knowledge described

above to evaluate the expected performance of Ach.

5.3 Methods

Our goal is to define a strategy that sequentially chooses the instances on which to run

our challenger Ach and decides if the evidence so far gives sufficient confidence to stop

the comparative evaluation. Algorithm 5.1 formalises this iterative process using a
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Algorithm 5.1 PSEAS solving strategy
Input Ainc: the incumbent algorithm, Ach: the challenger algorithm, Cthres: the target confidence
threshold, I: the training instances.
Output Ainc or Ach: the best performing algorithm.

1: set Itorun = I and Ccurrent = 0
2: compute score(I) for all I ∈ I
3: while Ccurrent ¡ Cthres do
4: pick I∗ ∈ argmaxI∈Itorun

score(I) and remove I∗ from Itorun
5: evaluate rt(Ach, I

∗)
6: update Ccurrent

7: update score(I) for I ∈ Itorun
8: end while
9: return best performing algorithm from (Ainc, Ach)

score-based approach: each instance is assigned a score, which may be updated along

the comparison to – intuitively – reflect the interest in running this instance. Ccurrent

is the current confidence and depends on Ainc, Itorun are the instances on which Ach

has not been run There are two main components in this algorithm: one for score

computation (lines 2, 4, 7; see Section 5.3.2) and one for confidence (lines 1, 3, 6;

see Section 5.3.1). The score enables choosing the best instance to run, whereas the

confidence tells when to stop the comparison. These two components will be explained

in more detail later.

Strategy evaluation

We consider two metrics for evaluating strategies: the cost and the accuracy.

We measure the computational effort (which we want to minimise) as the ratio of

the total running time for instances in Irun, the set of instances on which Ach has

been run by the strategy, over the total running time over all instances; this results

in a number between 0 and 1. Note that the goal is not to minimise the number of

instances Ach is run on, but rather the total running time of Ach on these instances.

To evaluate our strategy, we determine this cost over many ordered pairs of algorithms

(Ainc, Ach) and consider the median. Formally, for a set of ordered pairs P:

cost(P) = median

(∑I∈I\Itorun
rt(Ach, I)∑

I∈I rt(Ach, I)

)
(Ainc,Ach)∈P

 ,

where Itorun are the instances that have not been run by the strategy during its

execution, as defined in Algorithm 5.1. We note that cost(P) only depends on Ach,

since Ainc is assumed to have already been run.
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We measure the accuracy of a strategy (which we want to maximise), as the ratio of

correct guesses made by the strategy when deciding which algorithm from an ordered

pair of algorithms (Ainc, Ach) performs best. Formally, for a set of ordered pairs P:

accuracy(P) =
∑

(Ainc,Ach)∈P 1{Âbest=Abest}

|P|
,

where Abest is the true best performing algorithm in (Ach, Ainc), and Âbest is the best

algorithm given by the strategy. Our definition of accuracy uses the mean, since the

median over the results of the indicator function would produce too limited a range of

results to be useful for comparing strategies.

We note that the choice made in line 4 of Algorithm 5.1 aims at optimising two

goals. The instance selection component tries to minimise the computational effort

by deciding on which instances to run Ach, based on a score given to each instance.

The discrimination component decides, based on the data gathered so far, whether

the expected accuracy, or confidence, is high enough to stop the comparison.

5.3.1 The discrimination component

The discrimination component aims at estimating the accuracy of the current decision

of which among Ainc and Ach performs best. However, this measure can never be

accessed, since the complete data is not available. Hence, we look at the expected

accuracy, or confidence, as a proxy for accuracy. The confidence is computed differently

for each discrimination method and is thus not comparable among them. It provides a

measure of the current state of the strategy. When the confidence reaches a threshold

Cthres (line 3 of Algorithm 5.1), the strategy stops and returns the algorithm evaluated

as being the best.

Baseline: Subset method

As a baseline, we use a fixed-size subset of instances: we fix γ ∈ [0; 1] and decide to

stop when Ach has been run on ⌊γ|I|⌋ instances. Note that this does not ensure a ratio

of γ for the total running time, as the total running time of Ach over all instances is

not available and therefore cannot be used for discrimination. The confidence for this

method is 0 until all instances of the subset have been executed; then the confidence

is 1.
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Wilcoxon test

There is a large body of literature on statistical tests, and many of them can be

used in the context of racing algorithms (Birattari et al., 2002). For instance, the

F-Race (Birattari, 2009) algorithm uses a Friedman two-way analysis of variance by

ranks. However, this test concerns a family of candidates, while here, we are inter-

ested in an ordered pair of algorithms. When only two configurations remain, the

F-Race algorithm switches to a Wilcoxon matched-pairs signed-ranks test (Conover,

1998), because it is more powerful and data-efficient than the Friedman test in that

scenario (Siegel and Castellan Jr, 1988).

The test we want to apply should satisfy the following requirements: it should be

nonparametric, and it should apply to paired data. Such a test would not need any

background knowledge. We chose the Wilcoxon test because it satisfies our requirement

while exploiting other properties of our data: data is measured on an interval scale,

the differences (between running times) are symmetric, and the magnitudes of the

differences between our paired data are exploited. This test assumes that running

times are independent and the two samples are mutually independent. While it is

not truly the case, we find that assuming independence is a good first approximation.

This test is only based on observed data; it does not take into account the remaining

instances. Through hypothesis testing, we can find out when there is enough evidence

to stop, at which point the best algorithm is the one with the lowest mean running

time. In this case, our confidence threshold Cthres is compared to the p-value of the

alternative two-sided hypothesis. Let us note that other statistical tests, such as the

Mann-Whitney U test, the permutation test, the Kolmogorov-Smirnov test, or the

paired t-test, do not satisfy our assumptions.

The distribution-based discrimination method

This method requires statistics-based background knowledge. Let us consider the

following random variable computing the difference in performances:

∆tot =
∑

J∈Irun

rt(Ach, J)− rt(Ainc, J)︸ ︷︷ ︸
constant

+
∑

I∈Itorun

rt(Ach, I)︸ ︷︷ ︸
random variable

− rt(Ainc, I)︸ ︷︷ ︸
constant

.

We are interested in determining the sign of ∆tot, meaning which of the two algorithms

performs best. For a fixed confidence threshold Cthres = 1−ε, we estimate P(∆tot > 0)

and stop if:
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• P(∆tot > 0) ≥ 1− ε, in which case Ach performs worse than Ainc,

• or P(∆tot > 0) ≤ ε, meaning P(∆tot ≤ 0) ≥ 1− ε, i.e. Ach performs better than

Ainc.

The confidence is P(∆tot > 0) for the former case and 1 − P(∆tot > 0) for the lat-

ter. Looking at the definition of the random variable ∆tot, its probability law can

be described using translations and convolutions of the distributions (δI)I∈Itorun . In

practice, many natural classes of distributions (such as Gaussian and Cauchy distribu-

tions) are closed under translations and convolutions, so P(∆tot > 0) can be effectively

computed or approximated.

Because running times are positive and algorithms are stopped when they reach

the cutoff time Tcut, the running times are bounded. A distribution matching this

behaviour would be a truncated distribution. Still, most are not closed under convo-

lution, which we have stated above as a necessary property, so they cannot be used

directly. Nevertheless, the sum of the bounds on individual running times can be

used as bounds for ∆tot, which we can model as a truncated distribution. For heavy-

tailed distributions, such as the Cauchy distribution, the confidence is higher with a

truncated distribution than without, as impossible cases are not taken into account,

enabling to stop earlier.

5.3.2 The instance selection component

With the aim of minimising the overall computational effort, our algorithm itera-

tively chooses the most relevant instance, according to a score (lines 2 and 7 in Algo-

rithm 5.1). Instances with the highest score are expected to be the most relevant ones

(i.e. intuitively giving the most information at the lowest cost).

Baseline: Uniform random sampling

As a baseline, we use a random sampling approach. In our algorithm, this corresponds

to giving the same score to all instances, and thus to a uniform random choice at each

iteration.

The discrimination-based selection method

This sample-based method is inspired by Gent et al. (2014); they developed it as a

method to find optimal parameters for instances in an instance selection approach for
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automated constraint model selection. The intuition is to choose the most discrimi-

nating instances first. Let ρ > 1 be a constant; an algorithm A is ρ-dominated on an

instance I if there exists another algorithm A′ such that rt(A′, I) ≤ ρ · rt(A, I). The

discrimination quality of an instance I, denoted G(I), is the fraction of algorithms

that are ρ-dominated on this instance. Using this measure as-is would not take into

account our goal of minimising the running time, so we divide the discrimination qual-

ity by the mean running time of the instance. The obtained score only needs to be

computed once:

score(I) =
G(I)

mean[(rt(A, I))A∈A]
.

The variance-based selection method

This statistics-based method uses the intuition that the most interesting instances are

the ones most likely to have very different running times for Ainc and Ach. For each

instance I we have a prior δI , which is the running time distribution of Ach. We

want to choose an instance with the highest variance argmaxI∈Itorun
V(δI). As for the

discrimination-based selection method, since we want to minimise the running time,

we divide by the mean running time of the instance. The obtained score only needs

to be computed once:

score(I) =
V(δI)

E[δI ]
.

The information-based selection method

This statistics-based method is based on a similar intuition to the previous method.

We are interested in instances from which we gain as much information as possible; the

variance is only one (natural) indicator of this information. Following this approach,

we can also estimate the information gained from a specific instance. The concrete

information we are after is given by the discrete random variable stating that Ach

is better than Ainc, formally defined as sign(∆tot). Let ∆I be the random variable

defined as ∆I := rt(Ach, I)− rt(Ainc, I) , such that

∆tot =
∑
K∈I

∆K =
∑

J∈Irun

∆J +
∑

I∈Itorun

∆I .

We compute the expected information brought by I ∈ Itorun; hence the information

gain is defined as follows for I:
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IG [∆I ] := Ert(Ach,I)∼δI [DKL(Q+I || Q)] with

Q = P (sign(∆tot)|∆J = rJ , J ∈ Irun)

Q+I = P (sign(∆tot)|∆J = rJ , J ∈ Irun,∆I = rI) ,

whereDKL is the Kullback–Leibler divergence, δI is the distribution of running time on

instance I, and rJ are the realisations of the ∆J since the difference for the instances

in Irun is known.

As for the previous method, to balance information and running time, we divide

by the expected running time, and therefore use the following score function, which

we update at each iteration:

score(I) =
IG [∆I ]

E[δI ]
.

The feature-based selection method

In this feature-based and statistics-based method, we assume that for each instance

I, we have a feature vector fI ∈ Rn in some dimension n. The implicit assumption is

that features are predictive of the running times of Ach. We proceed in two steps:

• Constructing a distance metric d : Rn×Rn → R≥0, such that if d(f, f ′) is small,

then two instances with features f and f ′ have similar running times.

• Assigning a score to each instance I ∈ Itorun.

Constructing a distance metric. The objective is to define a distance predic-

tive of the running times; to this end, we introduce a weight for instance features,

represented by a weight vector θ ∈ Rn. Let us consider distances of the form:

dθ(fI , fJ) =

√√√√ n∑
x=1

(θ(x) · (fI(x)− fJ(x)))
2
.

Intuitively, for a feature x, the parameter θ(x) determines the importance of x in

predicting the running times. Let us write mI for the median time over all algorithms

on instance I. We optimise over θ by considering:

θ∗ ∈ argmin
θ∈Rn

∑
I,J∈I

(dθ(fI , fJ)
2 − |mI −mJ |)

2
;

i.e., dθ∗ is the best distance in this family for predicting differences in median running
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time. The parameter vector θ∗ is the solution of a non-negative ordinary least square

optimisation problem and can therefore be computed efficiently (Lawson and Hanson,

1995). Note that the space complexity is quadratic in the number of instances and

linear in the feature space dimension.

Assigning a score. Given a distance metric d, we now define a score for a

given problem instance. Here, it is convenient to minimise rather than maximise the

following quantity with respect to d:

S(I) =
∑

J /∈Itorun

rt(Ach, J)

d(fI , fJ)
+

∑
J∈Itorun

E[δJ ]
d(fI , fJ)

and score(I) =
1

S(I)
.

The score is updated at each iteration. In all previous methods, the score of an instance

I only uses the information on I; the strength of this method is to gather and weight

information over all instances. Indeed, the score of I is a weighted average over all

running time predictions, meaning E[δJ ] when J ∈ Itorun and rt(Ach, J) otherwise,

and the prediction for J contributes to the prediction of I up to the multiplicative

factor 1
d(fI ,fJ )

.

5.4 Setup of experiments

To empirically evaluate our approaches, we implemented it with Python, using Numpy

and Scipy, and ran them on all ordered pairs of algorithms from well-known benchmark

scenarios.

5.4.1 Datasets

We use ASlib (Bischl et al., 2016), a benchmark library for AS that contains datasets

from competitions for various challenging problems, including Boolean satisfiability

and constraint programming. It provides very relevant data on which our strategies can

be tested, because such problems are the typical use-case scenario that we envisioned.

From ASlib, we use three datasets: the CSP MiniZinc 2016 dataset, which com-

prises performance data from the 2016 MiniZinc Challenge (’Free Search’ Category) (Lin-

dauer et al., 2017; Stuckey et al., 2014); the BNSL 2016 dataset (Malone et al., 2018)

from Bayesian Network structure learning; the SAT18 dataset, which consists of per-

formance data from the EXP track of the 2018 SAT Competition (Heule et al., 2019);

and, to account for more recent advances in SAT, we created the SAT20 dataset from

the results of the main track of the 2020 SAT Competition (Balyo et al., 2020). Those
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Table 5.1: Characteristics of the used datasets

Dataset CSP MiniZinc BNSL SAT 18 SAT 20

Algorithms 20 8 37 67
Instances 100 1178 353 400
Features 95 86 54 108

Mean difficulty 59.74 9.363 2458 78.88
Median difficulty 3.28 1.15 9.65 5.51

Top-3 mean difficulty 24.7 77.5 47.7 49.9

datasets were chosen to cover a broad range of prominent problems and instance sets.

For our feature-based approaches, we decided to replace missing features with the

mean value, as done by Hutter et al. (2014b). Hence, no information can be extracted

from such instances.

To get a sense of how difficult it is to discriminate between the algorithms from each

dataset, we introduce a measure of difficulty based on how different the algorithms

behave on our set of instances. We propose to use the following ratio:

Ddiscr(Ainc, Ach) =

∑
I∈I median[(rt(A, I))A∈A]∣∣∑
I∈I rt(Ach, I)− rt(Ainc, I)

∣∣ .
This measure has been chosen because it grows when the two algorithms have similar

performance, and it is invariant under scaling, so that the difficulty remains the same

if running times are multiplied by a constant factor. It is also symmetric: exchanging

Ainc and Ach leads to the same result.

In Table 5.1, we report the characteristics of our datasets as well as their mean

difficulty, median difficulty over all pairs and mean difficulty of the subset of the

best 3 algorithms. Based on this measure, we expect it to be easy to discriminate

between algorithms from BNSL, while SAT18 should provide a bigger challenge. The

large discrepancy between the mean and median value, seen for SAT18 in particular, is

caused by small groups of algorithms with very close performances. Pairs of algorithms

from those groups usually have very high difficulty, reaching up to a million for SAT18,

which affects the mean.
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5.4.2 Implementation details

Our implementation is available on GitHub2. To estimate the parameter of running

time distributions, we use maximum likelihood estimation, and we use a Cauchy distri-

bution for the distribution-based discrimination method, as motivated in Section 5.4.3.

For the timeout correction, the seed was set to 0.

For the random instance selection method, the seed was also set to 0. The parame-

ter ρ for the discrimination-based selection method was set to 1.2. For the information-

based method, we use the expression of ∆tot defined for the distribution-based method,

and to compute the expected value, which is an integral, we use Simpson’s rule. For

the Wilcoxon discrimination method, Conover (1998) recommends at least 20 sam-

ples; however, this would represent up to 20% of our instances for the CSP Minizinc

dataset. Thus, we decided to follow irace (López-Ibáñez et al., 2016), which requires

5 samples in a context similar to ours. We found no significant performance change

between different methods for managing zero differences, when paired data from both

populations is equal, as such, we report the performance using Pratt’s method (Pratt,

1959).

5.4.3 Estimation of the running time distribution

Our approach relies heavily on our ability to estimate the distribution of running times

of algorithms on the instances. This distribution is used in 3 out of the 5 instance

selection methods and one of our 3 discrimination methods. As such, the choice of the

distribution could significantly impact the performance of those strategies. Fitting a

distribution to our data requires us to decide how to handle the cutoff time and which

distribution to use.

We note that when predicting a running time, a log transformation is typically

used (Hurley and O’Sullivan, 2015; Hutter et al., 2014b). This transformation allows

better performance for predicting running times, because running times distributions

tend to be heavy-tailed as shown in the work of Gomes et al. (2000). Since in our case

we are mostly interested in predicting the mean or the sum over instances, we do not

apply this log transformation.

Handling censored running times

As explained in the problem definition, after a given cutoff time Tcut, the given algo-

rithm is stopped. Running times are thus right-censored, which limits our ability to

2github.com/Theomat/MPSEAS
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estimate the true distribution.

Our method for handling time-outs is based on the one proposed by Hutter et al.

(2011a), which itself is based on a prior work from Schmee and Hahn (1979). The

resulting algorithm is Algorithm 5.2 for instance I, with parameters M ∈ N and

tmax ∈ R+.

Algorithm 5.2 Correcting timeouts for a sample (tI,A)A∈A

1: fit Distribution on (tI,A)A∈A without the timeouts
2: set N to the number of timeouts in (tI,A)A∈A and n to 0
3: while not converged do
4: set S to M ·N + n samples from Distribution then increment n
5: for k = 1 to N do
6: set qk to quantile k

N+1
of S

7: replace timeout k with min(qk, tmax) in (tI,A)A∈A
8: end for
9: fit Distribution on (tI,A)A∈A

10: end while
11: return Distribution and (tI,A)A∈A

There is a slight difference from the original algorithm in the use of a loop counter n

to increment at each iteration the number of samples used to enable convergence when

there is a majority of timeouts on an instance. The parameter M enables reducing

the sampling variance; it is most important on instances with many timeouts. The

parameter tmax prevents overly large variations of the samples. There are two steps

in this algorithm: first, we estimate the parameters of the distribution, and second,

we replace the timeouts in the sample. They are repeated until convergence, when

the estimated parameters of the distribution are stable. We decided to stop when the

squared difference between the parameters between two iterations is less than or equal

to 1. Schmee and Hahn (1979) use the mean instead of the quantiles of a sample;

however, heavy-tailed distributions such as the Cauchy distribution have an undefined

mean. We chose to use the sampling approach used by Hutter et al. (2011a), which

enabled them to translate the uncertainty and improve the likelihood for their random

forest models.

Choosing a distribution

What is the distribution satisfying the imposed constraints that gives the best perfor-

mance?

In practice, since only a set of running times is provided, the distribution parame-

ters must be estimated. We explained how the parameters were estimated in practice
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Table 5.2: Median log likelihood of Maximum Likelihood Estimation for Levy and Cauchy
distributions over the instances of each dataset. The highest likelihood for each dataset is
shown in boldface.

CSP MiniZinc BNSL SAT 18 SAT 20

Levy -129.6 -58.08 -299.7 -573.5
Cauchy -107.5 -62.88 -183.8 -364.9

in Section 5.4, where here, we explain our choice of distribution. This choice can be

motivated by choosing the best candidate distribution that has the lowest error on the

set of all instances.

Since many running time distributions are heavy-tailed, we tested two heavy-tailed

distributions on our four datasets. We report in Table 5.2 the median log likelihood

for each distribution; the parameters of these distributions were estimated using max-

imum likelihood estimation. The Cauchy distribution provides a clear advantage over

the Levy distribution. The only case in which the Levy distribution yields a higher

likelihood shows a much smaller difference between the two distributions.

5.5 Experiments

We designed and conducted extensive experiments in order to answer our research

question RQ6, which we divided into three parts as follows:

RQ 6.1. How much can our strategies reduce the CPU time required for evaluating

a new algorithm?

RQ 6.2. How do the selection methods affect the accuracy of the strategies?

RQ 6.3. How well can our strategies discriminate between top-ranking algorithms?

A run consists of selecting an ordered pair (Ach, Ainc) and running the strategy.

On each run, all strategies have to compare the same Ach and Ainc. In all of our

experiments, we ran all of our strategies on each ordered pair of a given dataset.

General Performance Comparison

To answer question 6.1, we plotted our strategies in Figure 5.1, with a target confidence

threshold Cthres = 0.95 (see Algorithm 5.1). For each of them, the y-axis shows

accuracy (in percent) and the x-axis the median time used over all ordered pairs of
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algorithms, as defined in Section 5.3. As this corresponds to a multi-objective setup,

we highlight the Pareto fronts induced by our results. This does not imply that we can

produce a strategy that follows the Pareto front between points; however, by changing

the confidence threshold Cthres, we can obtain local curves around the performance

of each strategy. Note that while we show the performance of our strategies without

applying a penalty for timeouts, using penalty coefficients from [|1; 10|] did not affect

our findings.

On all datasets, we observe that our random baseline (random sampling a subset

of 20% of the instances) shows rather strong performance, with 89% to 100% accuracy

for about 20% of the running time. Further investigation (see Section 5.5) shows that

the accuracy of the random baseline increases steeply as we add more instances, until

reaching about 20% of the instances, after which the increase in accuracy is substan-

tially slower. Thus, increasing the amount of instances does not lead to significantly

higher accuracy. Moreover, more than half of the time, this strategy takes 17 to 22%

of the running time, which means that the running times of the instances follow a

distribution such that there are as many easy instances as hard ones.

We expect that this behaviour is linked to the nature of the competition datasets

we are using; instances were gathered by experts to be representative and to show

various levels of difficulty. We also note that the BNSL dataset, which is the one that

gives the largest advantage to the random baseline, contains very few instances that

are not solved within the cutoff time (about 10% of the instances, against about 50%

for the other datasets). Choosing unsolved instances incurs a high penalty, because

they offer no new information for deciding between the two algorithms while using up

a large amount of running time.

On all datasets, we observe that the Wilcoxon method is superior and achieved the

desired accuracy in less than 15% of the time; it thus represents the left-hand side of

our Pareto front. The subset baseline uses consistently around 20% of the time but

hardly reaches 90% accuracy on the hardest dataset; it contributes to the Pareto front

only for BNSL. The distribution-based method tends to be more conservative and run

longer but often reaches higher accuracies than the desired Cthres and thus marks the

right-hand side of our Pareto front on our two SAT scenarios; however, it performs

very poorly on BNSL, which is the scenario with the least background knowledge due

to its low number of algorithms.

The instance selection methods do not show such a clear pattern. We notice,

however, that the information-based method lies near or on the Pareto front when

combined with Wilcoxon. In contrast, the discrimination-based and variance-based
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methods show strong performance when used in combination with distribution-based

discrimination.

The evaluated strategies achieved up to 95.5% accuracy using 8.21% of the time

on the MiniZinc dataset, 95.6% accuracy using 12.3% of the time on SAT18, and

97.1% accuracy using 4.96% of the time on SAT20. For the BNSL dataset, we ob-

served a surprising 100% accuracy while using only 0.0001% of the time using the

discrimination-based selection with Wilcoxon discrimination that is hidden behind on

Figure 5.1b, running a median number of 6 instances. The observed performance of

our strategies is consistent with the ranking of the datasets according to our difficulty

metric (see Table 5.1 in Section 5.4) for the distribution-based methods, but not for

Wilcoxon, where SAT20 should have been harder than MiniZinc. Overall, in the worst

case, we managed to save 87.6% of CPU time while being 95.6% accurate, and in the

best case, we saved 95.0% of CPU time while being 97.1% accurate.

Accuracy over time

To answer question 6.2, we ran our strategies without a stopping criterion, measuring

regularly the percentage of accuracy and the time spent running Ach. Figure 5.2

shows the accuracy (in percent) of the Wilcoxon and distribution-based discrimination

methods on all our datasets.

Unlike Figure 5.1, which did not show any clear pattern regarding the instance

selection methods, this analysis reveals two groups of methods. On all but the

BNSL dataset, the information-based, variance-based and discrimination-based se-

lection methods lead to a very high accuracy after 55 to 60% running time. This is

consistent with the ratio of instances for which most algorithms time out, thus provid-

ing little discriminatory power. The feature-based method shows the lowest accuracy,

and the random sampling comes in second to last after 40% of the running time.

The BNSL dataset is different, due to a low number of timeouts and large perfor-

mance differences between the algorithms. In this case, randomly sampling instances

offers high accuracy after a few instances. None of the selection methods offers a clear

advantage, because all instances provide evidence towards the algorithm performing

best. This suggests that the random method is a good choice for easy datasets, while

more complex datasets containing instances that cannot be solved within the given

cutoff time benefit from more sophisticated selection methods to save running time.
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(d) SAT 20

Figure 5.1: Accuracy over median running time. y-axis: percentage over all ordered pairs
of algorithms in the dataset. x-axis: the time spent running the new algorithm.

Top ranking

To answer our last question 6.3, we decided to keep the top 10 algorithms according

to their performance on the SAT20 dataset and use our strategies on this new dataset;

this reflects the fact that often, the primary interest is in discriminating between

top-ranking algorithms, be it to compare a new algorithm to the state of the art or

to distinguish between the winners of a competition. As per our difficulty measure

introduced in Section 5.4, the mean difficulty of the dataset thus obtained is 163, and

the median is 22, which is higher than for any of our other datasets. Furthermore, the

number of algorithms is reduced, which should reduce the performance of our methods

based on prior knowledge. We report the results in Figure 5.3 analogous to what was
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(b) BNSL 2016

0 20 40 60 80 100
% of time

50

60

70

80

90

100

%
 o

f a
cc

ur
ac

y

(c) SAT 18

0 20 40 60 80 100
% of time

50

60

70

80

90

100

%
 o

f a
cc

ur
ac

y

(d) SAT 20

Figure 5.2: Accuracy over running time used. y-axis: percentage over all ordered pairs of
algorithms in the dataset. x-axis: time spent running the new algorithm.

done in Section 5.5; for comparative purposes, we also plot the performances on the

full SAT20 dataset. The performance of the subset method decreases by more than

10% in accuracy. The distribution-based discrimination method requires more time

for this subset, and the discrimination-based selection method drops out of the Pareto

front. Because they require prior knowledge, these methods encounter difficulties with

this more challenging dataset. The Wilcoxon method is least affected, as it does not

depend on prior knowledge; consequently, 3 out of the 4 strategies on the Pareto

front use this method. The selection methods in combination with the Wilcoxon test

are affected in different ways. The information-based and variance-based approaches

yielded a quick but less accurate decision, while random sampling resulted in a slower

decision, achieving 94.4% accuracy for 37.0% of running time.

In this experiment, which compares algorithms with similarly good performance,
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the information-based method using the Wilcoxon test suffers less than the other

strategies, both in terms of cost and accuracy. All other methods lead to either high

cost or poor accuracy.

5.6 Conclusions and future work

In this chapter, we have investigated methods for reducing the computational effort

required for comparing the performance of two automated reasoning algorithms, while

gathering sufficient statistical evidence to correctly identify the solver that performs

better on a given set of problem instances. We defined the per-set efficient algo-

rithm selection problem (PSEAS) in Section 5.2. We studied the case in which the

performance of a given algorithm is evaluated based on its running time on a set of

instances. We described a set of strategies in Section 5.3, inspired by related problems

from the literature and by novel considerations, and tested these on four datasets cov-

ering SAT, CSP and BNSL. Our experimental evaluation in Section 5.5 shows that

on these datasets, some of our strategies consistently return the correct answer with

at least 95% accuracy, while using less than 15% of the CPU time it would take to

run the full comparison. In particular, using a Wilcoxon test to decide when to stop,

while deciding the next instance to run based on the expected amount of information

it can provide, is consistently near or among the best-performing approaches.
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(b) SAT 20, top-10 algorithms

Figure 5.3: Accuracy over running time used for the full and reduced SAT20 datasets. y-
axis: percentage over all ordered algorithms’ pairs in the dataset. x-axis: time spent running
the new algorithm.
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A finer-grained analysis of our instance selection methods (see Section 5.5) provides

additional insights. We found that deciding on which instance to run based on its

discrimination power, following the work of Gent et al. (2014), or simply on a notion

of running time variance, has the potential to reduce the time required to make a

decision when a significant fraction of the given instances are difficult.

Furthermore, we tested our methods on a smaller but more challenging set of

algorithms, comprising the top 10 algorithms from the SAT20 competition. While the

overall performance is lower than on the full dataset, the Wilcoxon method still reaches

an accuracy of 94.4% in 37.0% of the overall running time. Overall, we found that

for easy datasets, which discriminate between very different algorithms on instances

that can be solved quickly, random sampling offers good performance. However, when

facing hard instances or comparing well-performing algorithms, it is beneficial to use

more sophisticated methods.

While the scope of our work presented here has been limited to comparing two

algorithms, one interesting area of future work would be to extend it to many algo-

rithms, to devise principled mechanisms for running competitions and other large-scale

performance comparisons more efficiently.

Moreover, those methods can in theory be applied to comparing pairs of configu-

rations of a single algorithm. This is the avenue studied in the following chapter.
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6
Instance selection within

automated algorithm

configuration

In the previous chapter, we showed that selecting on which instances to run two

algorithms and performing statistical tests allows us to make an accurate decision

regarding which algorithm performs best on a set of instances in a fraction of the time

it would require for running them on all instances.

Based on this evidence that selecting instances can unlock significant speed-ups in

comparing the running times of algorithms, we extend this method to compare two

configurations of the same algorithm and integrate it into an automated algorithm

configurator, specifically, SMAC. In this chapter1, we study the potential of this ap-

proach applied in the context of automated algorithm configuration (AAC). We adapt

the previously studied selection methods to leverage the empirical performance models

used in model-based configurators, and we also introduce two methods inspired by the

active learning literature.

First, we test those methods on setup of experiments representing two situations

requiring performance comparison that arise during the configuration process. Our

empirical evaluation on six benchmarks shows that, depending on the problem in-

1Parts of this chapter have been published as Anastacio et al. (2022)
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stances and their running time distributions, a decision can be reached 5 to 3000 times

faster than with uniform random sampling, the method used in current state-of-the-art

configurators. Then, we integrate the best-performing methods into the model-based

configurator SMAC and evaluate the resulting configurator on five running time opti-

misation configuration scenarios from the literature. On two out of those, we almost

double the performance improvement achieved by vanilla SMAC, allowing in one case

to reach previously unseen performances (compared to Chapter 3). Additionally, we

perform an ablation study to confirm that the instance selection mechanism is in-

deed responsible for this improvement and confirm that the selection of instances has

very substantial potential in improving the state of the art in automated algorithm

configuration.
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6.1 Introduction

Comparing the performance of two configurations of a given algorithm is a key ele-

ment of procedures for solving the AAC problem, since such comparisons are performed

many times during the configuration process. However, in an automated algorithm

configurator, the most computationally expensive task is to evaluate the quality of

candidate parameter configurations. Executing time-consuming runs of the target al-

gorithm on different problem instances to determine which parameter settings achieve

the best performance requires substantial resources, and time is often wasted on less

promising configurations as well as on instances that require a long running time to

solve, regardless of the configuration utilised. With the increasing focus on sustain-

ability, the computational resources and the environmental impact associated with

the use of AI methods should be put under scrutiny, providing additional incentives

to configure algorithms, but also to reduce the computational cost of AAC (see e.g.

Tornede et al., 2023).

Several lines of research attempt to tackle this problem, mainly focusing on the

idea of discarding configurations that are not sufficiently promising. For anytime

algorithms, such as machine learning methods, there has been work on early stopping

less promising runs based on learning curves (see e.g. Domhan et al., 2015; Luo et al.,

2019), while adaptive capping mechanisms, such as the ones included in paramILS

and irace (Hutter et al., 2009; López-Ibáñez et al., 2016), permit the early stopping

of evaluations of configurations unlikely to be competitive with previously evaluated

ones. Those lines of research are focused on the idea of discarding configurations

deemed insufficiently promising.

On the other hand, in Chapter 5 (see also Matricon et al., 2021), inspired by

the field of active learning, we explored the idea of selecting on which instances to

compare two given algorithms. We introduced the per-set efficient algorithm selection

problem (PSEAS) problem, which appears during AAC, albeit in a slightly different

form. Rather than selecting an algorithm, the configurator needs to select a specific

configuration of an algorithm among others.

In the following, Building on research from several areas, we aim to identify in-

stances that help discriminate between the compared configurations. We argue that

carefully selecting instances and avoiding long evaluations that provide only a limited

amount of information allows the configurator to decide faster whether or not it should

reject less promising configurations.
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6.1.1 Background

In a configurator, the most expensive part is to evaluate the quality of numerous

parameter configurations, executing time-consuming runs of the target algorithm on

different problem instances to determine which parameter settings achieve the best

performance. For anytime algorithms, such as machine learning methods, there has

been work on early stopping less promising runs based on the learning curve (e.g.

Domhan et al., 2015; Luo et al., 2019), i.e., the curve representing the evolution

of the performance of the model on the training (or validation) set during training.

In contrast, adaptive capping, such as the mechanism included in paramILS (Hutter

et al., 2009) and irace (López-Ibáñez et al., 2016), allows for early stopping the evalu-

ation when a configuration is already deemed not to be competitive with the current

incumbent (i.e., , the best currently known). Those lines of research are focused on

the idea of discarding configurations deemed insufficiently promising.

On the other hand, the per-set efficient algorithm selection problem (PSEAS) as

defined in Chapter 5 appears during AAC, albeit in a slightly different form. Rather

than selecting an algorithm, the configurator needs to select one of many configurations

of a given target algorithms. In a configurator, the prior information on which we can

base our instance selection comes in the form of prior runs of other configurations on

the instances and of instance features. The latter are used in particular when learning

a surrogate model, which is why we limit ourselves to model-based configurators.

Because we have a model, our work relates to the questions addressed by active learning

methods, which we therefore incorporate into our study.

6.1.2 Research questions

The work presented in this chapter addresses two main research questions, each sub-

divided into two questions addressed through our experiments.

RQ7 How can we smartly select on which instances to run our evaluation to lower

the time spent evaluating bad configurations?

We evaluated our methods outside the configurator on artificially generated run-

ning time data. We defined two phases of comparison within the configuration process.

The first phase takes place on a subset of instances on which configurations have been

run before, and the second on instances never seen before. We conducted separate

experiments to evaluate the performance of the selection methods within these two

phases, aiming to answer the following questions:
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RQ 7.1. How does the selection method perform when comparing a new configuration

to the incumbent on the subset of instances for which we already collected information

throughout the configuration run, as seen in phase 1?

RQ 7.2. How does the selection method perform when comparing a new configuration

to the incumbent on all instances, selecting instances for which we did not collect

information throughout the configuration run, as seen in phase 2?

To answer those questions, we adapted the two best-performing selection meth-

ods from Chapter 5 (also Matricon et al., 2021) with the performance model used in

model-based configurators, added two methods inspired by the active learning litera-

ture (Gu et al., 2014), and evaluated them on five benchmarks. We designed two sets

of experiments, showing that, depending on the problem instances and their running

time distribution, the decision to stop evaluating a less promising configuration could

be reached 5 to 3000 times faster than with random sampling, the method currently

used in most state-of-the-art configurators.

RQ8 How can instance selection boost the configurator performance or speed?

We included the best-performing methods in a state-of-the-art configurator and

evaluated their performance. Since SMAC (Hutter et al., 2011b) does not include any

statistical test to decide when to discard configurations as soon as there is sufficient

evidence for doing so, we implemented this test, as well as the selection mechanisms

that showed the best result on our initial evaluation. We conducted an ablation study

to evaluate the impact of the test we newly introduced without instance selection.

This allows us to answer the following questions:

RQ 8.3. Do sophisticated instance selection mechanisms allow us to improve over

picking instances uniformly at random?

RQ 8.4. How does the introduction of a statistical test during the comparison impact

the performance of the configurator – in our case SMAC?

We evaluated the resulting configurator on five configuration scenarios from the

literature and found that the method shows great potential, almost doubling the im-

provement reached by vanilla SMAC on two out of five scenarios and reaching previ-

ously unseen performances (compared to Chapter 3) on one of them (EAX solver on

rue-1000-3000). Our ablation study confirmed that the origin of the improvement

lies in the selection method or in the combined effect of both new mechanisms.
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6.2 Comparison of two configurations

We want to efficiently compare two configurations of a single algorithm. This prob-

lem is similar to the comparison of two algorithms studied in Chapter 5. However,

when comparing two algorithms, the distribution of running times for each algorithm

is potentially completely different, with each algorithm taking advantage of different

elements or structures in the problem instances. Comparing configurations of a single

algorithm requires to detect smaller changes, potentially simple shifts of the distribu-

tion of running time. It is this important to evaluate if the methods are able to detect

those changes. To do so, we need to gather enough statistical evidence while using the

least possible amount of computing time.

6.2.1 Instance selection

Following the definition of AAC in Chapter 2, I is the finite set of instances and Ω

is the set of valid configurations of the algorithm at hand. At a given step, we have

partial running time information on Iknown ⊆ I for configurations in Ωknown ⊆ Ω,

which means that for ω ∈ Ωknown, there exists information about the performance of

ω on at least one instance of Iknown.

When comparing a challenger configuration ωch to the incumbent configuration

ωinc, instance selection appears in two forms. In Algorithm 6.1, a high-level descrip-

tion of how the comparison is conducted in SMAC (corresponding to line 10 of Algo-

rithm 2.4 in Section 2.2.2), these are found in lines 6 and 10 (coloured purple), but

the same mechanisms arises in any configurator. The first of these, which we name

phase 1, corresponds to the PSEAS problem (Chapter 5), where we already know the

performance of ωinc on a set of instances Iknown and want to determine whether ωch

performs better on this set. The second, which we name phase 2, corresponds to a case

where we know the performance of both ωinc and ωch on Iknown and want to evaluate

both configurations on additional instances from I \ Iknown. This can happen, for ex-

ample, by steadily increasing the size of Iknown at each iteration of the configuration

process, or only when we do not have sufficient information to decide which one is

the best. Since with our method we would have already discarded ωch if it was worse

than ωinc, and considering our goal of lowering the number of evaluations of the target

algorithm, we will focus on this second case in the following.

In both cases, we seek to iteratively choose an instance I ∈ Ichoose ⊆ I and gather

performance information on it until we satisfy a stopping condition.
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Algorithm 6.1 Intensification for one challenger (based on SMAC Hutter et al.
(2011b))
Input ωinc: the incumbent configuration, ωch: the challenger configuration, nmax: maximum number
of new instances on which to run ωinc, I: the training instances, Iknown: the instances on which ωinc

was run.
Output ωch: the best found configuration.

1: if Insufficient runs for configuration ωinc then
2: execute a run of ωinc on an instance not run yet, sampled uniformly at random
3: end if
4: N ← 1
5: while there are instances on which ωinc, but not ωch, has been run do
6: execute runs of ωch on N instances from Iknown on which ωch has not been run
7: if ωch is worse than ωinc then
8: return ωinc

9: else N ← N · 2
10: end if
11: end while
12: while ωinc and ωch cannot be distinguished do
13: if Nrun < nmax then
14: run ωinc and ωch on an instance from I \ Iknown

15: Nrun ← Nrun + 1
16: else
17: return ωinc

18: end if
19: end while
20: return best of ωch, ωinc

In phase 1, Iknown is the subset of instances on which we have run our incumbent

ωinc so far, and ωinc is the best performing configuration known to us on Iknown. At

the first step, we have no performance information regarding ωch. At each step, we

select an instance I from Ichoose, run ωch on I and add it to Iselected. At any step,

Iselected ⊆ Iknown and Ichoose = Iknown\Iselected. During this phase, we want to discard

ωch, given sufficient evidence that it performs worse than ωinc.If ωch performs as well

or better than ωinc, we would need to run it on all instances of Iknown before applying

the second phase or continuing the configuration process, thus we do not discard ωinc

early. Moreover, ωinc already showed evidence that it performs better than previously

tested challengers and thus comes with stronger evidence of good performance. Thus,

our stopping criterion is either to have Ichoose = ∅, or to be confident that ωch is

worse than ωinc. We consider that, to select instances, we have access to an empirical

prediction model trained on all pairs (ω, I) ∈ Ωknown × Iknown, such that M(ω, I) is

known, and predicting the performance for any pair of instance and configuration.

In phase 2, we also have a subset Iknown ⊂ I, but unlike in phase 1, there is no

asymmetry between ωinc and ωch. We know their running time on all instances of
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Iknown and both can be discarded given sufficient evidence. The goal is to be able to

decide which of ωinc and ωch, whose performance on Iknown cannot be distinguished

reliably, actually is to be preferred; to achieve this, we can select instances from

Ichoose = I\Iknown and iteratively add them to Iknown. Since no configuration has been

run on any of the instances in Ichoose, we predict the performance of ωinc and ωch with

a predictive model trained on the performance of the configurations from Ωknown on the

instances from Iknown. To do so, we require instance features, as defined in previous

work for a broad range of problems, e.g. for Boolean satisfiability (SAT) (Xu et al.,

2008), mixed integer programming (MIP) (Xu et al., 2011) or traveling salesperson

problem (TSP) (Mersmann et al., 2013). In this phase, the stopping criterion is either

to be able to clearly separate the performance of ωinc and ωch on Iknown, or to reach

a predefined maximum number nmax ∈ N of instances added during the process.

In Chapter 5, we have used selection methods to decide which of two given solvers

for an NP-hard problem performs best. To do so, each instance is assigned a score

designed to reflect the relevance of choosing that instance both in terms of information

obtained and cost incurred. The highest-scoring instance is chosen iteratively until one

solver is deemed to have shown better performance than the other. Since we are work-

ing with similar types of solvers, we expect that a similar approach would be promising

in our situation. We assign scores to instances from Ichoose and select iteratively the

highest scoring instance I∗ ∈ argmaxI∈Ichoose
score(I). We adapted two of the best

methods tested on PSEAS to support the partial-information context. Note that these

methods do not take advantage of the model in phase 1, while in phase 2, they are us-

ing the predictions given by the model as if they were ground truth. We did not adapt

the information-based method, as it relies on assumptions regarding the performance

distribution that could not be made in the current context. For PSEAS, this method

relied on distributions estimated on the runs of Ωknown on all the instances from I. In
our current context, we only have information on Iknown, which is influenced heavily

by the selection method itself; the estimated distributions would hence be strongly

biased. Considering work from the active learning literature applicable to a random

forest regression model – the model used in SMAC and previously demonstrated to be

most effective for empirical performance prediction (Hutter et al., 2014b) –, we chose

to adapt the work of Gu et al., which considers active learning for terrain classification

using random forests (Gu et al., 2014). Other works (e.g. Bhosle and Kokare, 2020;

Ayerdi and Graña, 2015) have used similar ideas, focusing on the uncertainty of the

model, so we also include a measure solely based on uncertainty.
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Baseline: Uniform random sampling

This is equivalent to assigning every instance the same score, and thus sampling an

instance uniformly at random.

Discrimination

This method, originally inspired by the work of Gent et al. (2014), aims to choose the

instance that best discriminates between the best and other configurations. We say

that a configuration ω is ρ-dominated on an instance I, for a given ρ > 1, if there

exists another configuration ω′ such that M(ω′, I) ≤ ρ · M(ω, I). Thus, we define

the discrimination quality of an instance I, denoted Q(I), as the fraction of known

configurations that are ρ-dominated on this instance. The score is then defined as the

discrimination quality divided by the mean running time of the instance:

score(I) =
Q(I)

Mean(I)
.

Variance

This approach is based on the intuition that an instance with high variance is likely

to discriminate between two configurations. To also take into account the cost of

running this instance, we divide the variance by the mean running time of the instance.

Note that, according to Section 5.4.3, the underlying distribution of running times

follows a Cauchy distribution and would thus not have a well-defined mean or variance.

However, due to running times being bounded by 0 and the cutoff time, it is a truncated

Cauchy distribution, which is well-behaved and has a mean and a variance. Our score

is thus the relative variance

score(I) =
V ar(I)

Mean(I)
.

Uncertainty-Diversity-Density (UDD)

This method is inspired by the work of Gu et al. (2014) from the active learning

literature mentioned earlier. We decided to take the core ideas for their classification

model and adapt it to our regression model. We named this approach UDD, because

it is based on a combination of three scores: uncertainty, diversity and density. All

three scores are scaled and translated to the interval [0; 1] before computing score(I)
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as

score(I) = Uncertainty(I)

+ α ·Diversity(I)

+ β ·Density(I).

Uncertainty(I) is the variance of the random forest on running time predictions for

instance I and Diversity(I) = −minI′∈Iknown
D(I, I ′), where D is a distance function

over instances. Intuitively, the closer I is to instances from Iknown, the more unlikely

it is to provide additional information. Finally, Density(I) = 1
k ·
∑

I′∈Nk(I,D) D(I, I
′)2

where k ∈ N is a parameter, D is a the same distance function as for diversity and

Nk(I,D, Ichoose) returns the k closest neighbours of I in Ichoose \ {I} according to D.
Intuitively, if an instance I is close to many instances from Ichoose, then running I

should also provide information about these other instances.

Uncertainty

This corresponds to UDD with α and β set to zero, which is reminiscent of the variance

method applied to the predictions of a model instead of measured performance values.

6.2.2 Stopping criterion

At each phase, we need to decide when we consider that sufficient statistical evidence

has been gathered. In Algorithm 6.1, this decision appears in lines 7 and 12. Based

on previous work (Matricon et al., 2021; López-Ibáñez et al., 2016), we use a Wilcoxon

matched-pairs signed-rank test (Conover, 1998) with a significance level of 0.05.

6.3 Setup of experiments

The final goal of this chapter is to include the instance selection methods presented

in the previous section in a configurator at both phases and to assess the impact

of these modifications on the performance. However, directly including them without

decomposing the mechanism into smaller, more easily analysed components would give

us little to no information about which of the components shows the desired impact.

Following our research questions, our evaluation is divided into two main sections,

each subdivided into two research questions. We evaluated our methods outside the

configurator on artificially generated running time data, conducting experiments to
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evaluate the performance of the selection methods, separately for phase 1 and phase 2

defined earlier. Then, we included the best performing methods in the state-of-the-art

configurator SMAC and conducted an ablation study to evaluate the impact of the

statistical test we newly introduced with and without instance selection.

6.3.1 Datasets

We used configuration scenarios taken from the Algorithm configuration library AClib

(Hutter et al., 2014a) or derived from these. Table 6.1 reminds the features of the

considered scenarios; more details are shown in Chapter 2.

Evaluation outside of a configurator

We evaluated our method on two NP-hard problems that have been well-studied in

the algorithm configuration literature: SAT and MIP. For each, we chose two widely

used datasets from AClib and added a more recent and harder dataset to test the

limits of our methods.

For SAT, we used CF and IBM from AClib and generated a new set of cryptography

instances based on the work of Nejati and Ganesh (2019). Specifically, we used the

sha256 encoding, 16 to 60 rounds and an input size of 2n with n ∈ N, n ≤ 10. For this

last dataset, we set the cutoff time to 5000 seconds, such that 70% of the instances

can be solved by the default configuration before reaching this time limit. Based on

the results of the SAT competition 2020 (Balyo et al., 2020), we decided to configure

Kissat (Biere et al., 2020), the best SAT solver currently available.

For MIP, we used RCW2, REG200 from AClib and added a more difficult dataset

based on the work of König et al. (2021), which is comprised of challenging neural

Table 6.1: Benchmark instance sets characteristics.

Name Origin Training size Testing size Features Clusters

CF generated 298 301 113 14
IBM real-world 382 302 113 21
Crypto generated 225 225 103 8

CLS generated 50 50 148 3
RCW2 real-world 495 495 148 6
REG200 generated 999 999 148 2
MIPverify generated 92 92 206 5

rue-1000-3000 generated 50 250 64 9
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network verification problems. For this last dataset, we set the cutoff-time to 9000

seconds, such that 70% of the instances can be solved by the default configuration

before reaching this time limit . For these scenarios, we chose CPLEX, since it is well

known in the literature and also prominently used in AClib.

Evaluation inside a configurator

We chose 2 TSP scenarios and 3 MIP scenarios. Because we had to run many different

versions of the configurators, we selected well-studied scenarios with a relatively low

time budget. For TSP, we used two datasets from AClib (EAX and LKH on rue-

1000-3000) due to their short configuration time (see e.g. Pushak and Hoos, 2020).

For MIP, we used three datasets from AClib (REG200, CLS and RCW2) well-known

from the literature (see e.g. Hutter et al., 2010b). For this scenario, we use a cutoff

time of 300 seconds (following Cáceres et al. (2017)), since our method is more suited

for situations in which runs might be cut off upon reaching the time limit. Using a

cutoff time of 10 000 seconds results in all runs completing before the cutoff is reached.

6.3.2 Implementation details

Our implementations are available on GitHub2. The UDD method requires a distance

function D in the instance space; we compute this using the same procedure as in

Chapter 5, where we find weights for instance features and compute a weighted fea-

ture distance between instances. Since the discrimination and UDD methods have

parameters, we tuned those with a simple grid search on a separate scenario (Kissat

with the SWGCP dataset from AClib). For discrimination, we evaluated values in

[1.01; 2] with a step size of 0.11 and found that ρ = 1.12 performed well on both

phases. For UDD, we evaluated values in [0; 2] with a step size of 0.21 for both values

independently and found that α = 0.2 and β = 1.4 performed well on both levels.

Evaluation outside the configuration process

To carry out our empirical investigation, a dataset of configurations and their associ-

ated performance scores were required. To obtain such a set, we generated 100 random

configurations uniformly at random for each solver and ran them on all instances of

the datasets included in the respective configuration scenarios. This allowed us to

2The implementation of the first set of experiments is found at github.com/Theomat/MPSEAS and
that of the second set of experiments is found at github.com/ADA-research/SMACIS
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collect performance data on many pairs of problem instances and algorithm configu-

rations. We used the same random forest model as in SMAC (Hutter et al., 2011b)

as an empirical performance model (EPM). We trained this EPM on the previously

described performance dataset. To evaluate how efficient our methods will be along

a configuration run, we trained the EPM on various amounts of performance data:

the number of known configurations is in [10, 20, 30, 40, 50] and the amount of known

instances is a fraction of [0.1, 0.2, 0.3, 0.4, 0.5] of the full dataset.

Evaluation inside the configuration process

This evaluation required us to include the selection method in the configurator. As

our first evaluation is based on the inner working of SMAC, we included the methods

in SMAC3 version 1.1.1. However, in principle, a similar mechanism could be used in

any configuration procedure.

We included in SMAC a Wilcoxon matched-pairs signed-ranks test (Conover, 1998)

with a significance level of 0.05 between the runtime of the incumbent ωinc and the

challenger ωch to decide if the challenger can be discarded. Remember that in phase

1, we only discard the challenger in the presence of sufficient evidence that it performs

worse than the incumbent and never decide to replace the incumbent based on the test.

This means that we take the risk of discarding good configurations in case of error,

but would not risk replacing the incumbent with a worse configuration (on known

instances).

Due to the large number of statistical tests involved, we need to account for the

problem of multiple testing. First, we do not perform tests before running ωch on

at least 5 instances based on the recommended smallest number of samples for the

statistical test to be effective (Conover, 1998). Moreover, we use batches to lower the

number of tests performed. For each test, we apply a Bonferroni correction (Dunn,

1961), which means that we divide the significance threshold by the number of tests to

be performed (given by the size of Iknown divided by our batch size) before comparing

it to our confidence threshold. Note that if we use a fixed batch size, the larger

the number of instances in Iknown, the lower the p-value would need to be to reject

the null-hypothesis. Along the configuration process, more instances are added to

Iknown, and it would become very unlikely to reject a new incumbent, whilst the time

to compare configurations will become larger due to the number of runs required.

This phenomenon would counteract our goal to lower the comparison computation

cost. Thus, we decide to set our batch size relatively to the size of Iknown. Based

on the results of Matricon et al. (2021), we decided to test every 20% of Iknown;
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this corresponds to an amount of instances above which the Wilcoxon test had high

accuracy in their reported results for most of the selection methods.

Due to the large computation time required to evaluate every possible combination

of methods between phase 1 and phase 2, we had to carefully select a subset of pos-

sible experiments; specifically, we only considered the best-performing methods from

the first set of experiments at each phase of the configuration. Because our method

involves adding a Wilcoxon test to stop comparisons early, we also evaluate its im-

pact separately, to gain further insights into the observed behaviour. To compare the

performance of two versions of the configurator, we want to look at the expected best

performance of the best found configuration. Since a user would typically run the

configurator several times and select the configuration found to perform best on the

given training data (which corresponds to the so-called standard protocol), we apply

the following protocol: we run the configuration 8 times with seeds from 1 to 8, re-

peatedly sample 5 runs uniformly at random from that set of 8, and identify the best

of these according to performance on the training set. We used 1000 such samples

to estimate the probability distribution of the quality of the result produced by each

configurator on each configuration scenario. We then compared the medians of these

empirical distributions. This is similar to procedures used in the literature (see e.g.

Pushak and Hoos, 2020; Anastacio and Hoos, 2020b).

6.3.3 Execution environment

The first set of experiments was run on the high-performance compute cluster Grace,

hosted by Leiden University, running CentOS Linux operating system version 8.5.

Each node is equipped with two Intel Xeon E5-2683 CPUs with 16 cores and 40MB

cache each, as well as 94GB RAM. The second set of experiments was run on the high-

performance cluster Kathleen, hosted by RWTH Aachen University, running Rocky

Linux operating system version 9.3. Each node is equipped with two AMD EPYC

7543 CPUs with 32 cores and 256 MB of cache each, as well as 1 TB of RAM.

6.4 Evaluation outside the configuration process

This section describes the results obtained from our first set of experiments. The goal

of these experiments was to evaluate how well the selection methods perform at both

phases described in Section 6.2, independently of the whole configuration procedure

around. We show aggregated results here, but the raw results and scripts to generate
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more visualisations are available in our git repository.

6.4.1 Compare configurations on known instances

To answer the first question – How does the selection method perform to compare a

new configuration to the incumbent on the subset of instances for which we already

collected information throughout the configuration run, as seen in phase 1? – we

consider phase 1 (see In phase 1,). We populate Iknown and Ωknown with instances and

configurations, respectively, selected uniformly at random. We note that this does

not reflect accurately the way these sets are populated during a configuration run

since each configurator will bias their search according to their configuration sampling

mechanisms. We choose ωinc ∈ argminω∈Ωknown
M(ω, Iknown) and train the random

forest model on all the available data. Then we pick configurations from Ω\Ωknown as

ωch and run our iterative process; we refer to this as one run. We stop when we have

run all instances of Iselected. After each new instance is added, we report the percentage

of time that has been spent up to that point to evaluateM(ωch, Iselected) compared to

running it on all instances of Iknown, and we perform a Wilcoxon matched-pairs signed-

ranks test (Conover, 1998) with a significance level of 0.05 to decide if the challenger

can be discarded. If M(ωch, Iselected) > M(ωinc, Iselected) and the statistical test

indicated statistical significance, ωch is discarded. We compare the resulting decision

to the ground truth given by comparingM(ωch, Iknown) toM(ωinc, Iknown) to assess

the accuracy of the decision. For a given pair of (Iknown,Ωknown), we performed 10

independent runs, using different pseudo-random number seeds, and report the average

over those runs.

Figure 6.1 shows the collected accuracy over the time spent to make the compari-

son for two examples. Figure 6.1a is a case in which the discrimination and variance

methods are significantly more accurate than the three others at any given time, while

UDD and uncertainty show lower accuracy than random sampling. Figure 6.1b is a

case in which discrimination and variance methods start with an advantage over ran-

dom but quickly reach the same accuracy; once again, UDD and uncertainty perform

substantially worse.

Figure 6.2 summarises the previously described curves by computing the area under

the curve (AUC) for all tested amounts of prior data; the higher the AUC, the faster

and more accurately the decision can be taken. This visualisation allows us to examine

how the methods compare, but also illustrates the impact of the prior data used on

the empirical performance model. In all our scenarios, we can see a clear correlation

107



Evaluation outside the configuration process

0 20 40 60 80 100
% of time

50

60

70

80

90

100

% 
of 

acc
ura

cy

selection

UDD-1.4-0.2
Uncertainty

discrimination-based
random

variance-based

(a) Kissat on IBM, 50% instances, 50 config-
urations

0 20 40 60 80 100
% of time

50

60

70

80

90

100

% 
of 

acc
ura

cy

selection

UDD-1.4-0.2
Uncertainty

discrimination-based
random

variance-based

(b) Cplex on RCW2, 10% instances, 20 con-
figurations

Figure 6.1: Mean accuracy of the Wilcoxon test (p < 0.05) on which among ωch and ωinc

performs best vs the percentage of time spent on evaluations (100% means that all instances
of Iknown have been run)

between the amount of configurations in Ωknown and the AUC. This would allow the

selection method to become increasingly efficient over the course of the configuration

run, thereby avoiding wasted time in the final steps. On the other hand, adding more

instances does not seem to improve performance consistently. This is in line with the

expectation that our instance sets are built to be homogeneous; thus, adding more

instances will be unlikely to improve the model substantially.

Regarding the selection methods, randomly sampling instances performs well, but

in most cases, the discrimination and variance approaches are superior. The IBM

dataset is unusual in this context, in that the UDD and uncertainty methods perform

notably worse than random sampling. This could be explained by the large variation

in the running time required to solve the respective problem instances: There are

many instances requiring long running times, but also many that are solved within

a second or less. This means that selecting the wrong instance can have a dramatic

effect on overall running time. This would explain why random sampling does not

perform as well on this scenario as on the others, but also why adding more instances

in the prior data improves the performance of our selection methods for this scenario.
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(a) Kissat scenarios (b) Cplex scenarios

Figure 6.2: Area under the curve of the mean accuracy of the Wilcoxon test (p < 0.05) on
which among ωch and ωinc performs best against the time spent on evaluations.

6.4.2 Compare configurations on unknown instances

To answer the second question – How does the selection method perform to compare a

new configuration to the incumbent on all instances, selecting instances for which we

did not collect information throughout the configuration run as seen in phase 2? – we

consider phase 2 (see In phase 2,). We populate Iknown and Ωknown with instances and

configurations, respectively, selected uniformly at random. The random forest model

is trained on all the performance data regarding all pairs of instance and configuration

from those two sets. We choose ωinc ∈ argminω∈Ωknown
M(ω, Iselected) and collect all

ωch ∈ Ω \ Ωknown, such that the performance of ωinc and ωch cannot be distinguished
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(a) Kissat – crypto, 30% instances, 20 config-
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(b) cplex – RCW2, 40% instances, 40 config-
urations

Figure 6.3: Time used (in seconds) before deciding that one configuration is better than
the other based on a Wilcoxon test (α = 0.05) or reaching a maximum of 10 instance selected

on the instances of Iknown by a Wilcoxon test with a significance level of 0.05. We

then apply our selection methods to select up to nmax = 10 instances on which we run

both configurations until they can be distinguished using the previous test.

For each method and each considered pair of (Iknown,Ωknown), we gather the time

used to decide between the two configurations at hand, i.e. the sum of the running

times of ωinc and ωch on Iselected. Figure 6.3 shows the running times obtained for two

example scenarios.

To evaluate the performance of the selection methods, we computed the median

time used to run the instances selected by each of the methods for each prior data, see

Table 6.2. The statistical significance of differences in the medians was tested with a

permutation test (significance level of 0.05). In most cases, random is outperformed

by all other methods, with some exceptions (uncertainty performs worse on RCW2,

and random is best on MIPverify). The data shows that discrimination and variance

Table 6.2: Median time in seconds for each method over every tested prior data, with lowest
medians boldfaced (statistical significance according to a permutation test with α = 0.05).

kissat cplex
ibm cf crypto reg200 RCW2 MIPverify

random 1557 979.7 21243 576.8 4138 29470
discrimination 0.086 143.6 419.3 96.66 364.7 44390

variance 0.776 95.16 372.2 109.5 342.0 41365
udd 880.9 393.2 13483 379.7 1299 28845

uncertainty 0.033 330.8 2361.9 152.7 5974 39801
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outperform the other methods in almost all cases, with variance providing a speedup

ranging from a factor of 5.8 up to 3000 compared to random. We note that the high

speedups observed for the IBM dataset are linked to high variance in the running

time distribution of the instances, which range from milliseconds to the timeout of 300

seconds.

6.4.3 Discussion

The results shown in this section indicate that the best-performing methods to dis-

criminate between two configurations of the same algorithm within a limited amount

of time are the ones based on the running time variance on each instance and on their

discrimination power. We notice that both methods inspired by the active learning

literature are not performing as well. Whilst we wanted to assess these methods on

our problem, this was to be expected, since they were designed with a different goal

in mind. Indeed, the field of active learning focuses on improving the accuracy of the

model, whereas we only use a model to avoid having to run each configuration on each

instance. Improving the accuracy of this model can serve our purpose, but it is not

our final goal. We note that the experiments reported here made use of randomly

chosen configurations of a given algorithm. As a result, the variation in running times

between these configurations is much larger than that expected during an actual con-

figuration run, which focuses on high-performance configurations. While this certainly

does not invalidate our results, it implies that we should not expect speedups as large

as the ones observed in Table 6.2 when including our methods inside a configurator.

6.5 Evaluation inside the configuration process

As previously shown, applying instance selection and performing a statistical test

allows us to spend less time on comparing the performance of two configurations

through two expected mechanisms: early stopping of the evaluation of less promising

configurations and performance comparisons on less time-consuming instances. In this

section, we include the instance selection mechanism inside a model-based configurator

in order to evaluate whether the previously observed results can be translated to

the performance of the configurator itself. To do so, we expanded the prominent

sequential model-based configurator SMAC. However, since SMAC does not include a

statistical test, the two aspects of our methods have to be evaluated separately. First,

we evaluate SMAC-IS (SMAC with Instance Selection), a version of SMAC3 in which
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we added at both phases of the both parts of the instance selection method, namely

a Wilcoxon matched-pairs signed-ranks test (Conover, 1998) with a significance level

α = 0.05 to decide if the challenger configuration should be dropped earlier, and an

instance selection method to decide on which instance the next run should happen. To

compare the performance of SMAC3 to SMAC-IS, we followed the procedure described

in Section 6.3 and obtained for each scenario and configurator a distribution of best

configurations. The following results are based on those distributions.

6.5.1 Impact of the instance selection methods

To answer our first question, ”Do sophisticated instance selection mechanisms allow

us to improve over picking instances uniformly at random?”, we implemented the

instance selection mechanisms inside SMAC at the two phases identified earlier and

named this new version SMAC-IS. Table 6.3 shows the median performance values of

the best configurations distribution. We validate the statistical significance of the dif-

ferences with a Mann-Whitney U-test with a significance level α = 0.05. Moreover, we

show in bold methods that perform better than SMAC, our baseline (the performance

of SMAC can bee seen in Table 6.4).

Compared to vanilla SMAC, SMAC-IS showed improved behaviour for three of our

five scenarios. In particular, the EAX on rue-1000-3000 scenario (Table 6.3a), displays

improvements with most instance selection methods; at best, from a default perfor-

mance of 120.82 seconds, SMAC-IS reaches a median of 65.68 seconds, while SMAC

could only reach 92.93 seconds. A similarly impressive improvement was achieved for

CPLEX on RCW2 (Table 6.3d), on which, from a default value of 115.95 seconds,

SMAC-IS reaches a median of 57.63 seconds, while SMAC could only reach 83.96

seconds.

For CPLEX on REG200 (Table 6.3e), SMAC-IS improves slightly over SMAC,

but for CPLEX on CLS (Table 6.3c) it does not, despite being able to find a better

configuration than the default. At the other end of the spectrum, for LKH on rue-

1000-3000 (Table 6.3b) SMAC-IS returns configurations that perform even worse than

the default values in half of the cases.

6.5.2 Impact of the statistical test

To evaluate the impact of the statistical test, we examined the performance of SMAC-

IS with random sampling at both phases, which corresponds to vanilla SMAC with

a Wilcoxon test to discriminate between the performance of the incumbent and of
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Table 6.3: Median performance of SMAC-IS with the selection methods random (rand),
variance-based (var) and discrimination-based (disc) at both phases. Boldfaced values are
better than those for vanilla SMAC. The lowest median is underlined. All underlined medians
are significantly different from others based on a Mann-Whitney U-test (α = 0.05).

(a) eax rue-1000-3000

phase 2
rand var disc

p
h
a
se

1 rand 89.87 71.87 72.72
var 121.69 87.14 95.55
disc 89.80 87.34 65.68

(b) lkh rue-1000-3000

phase 2
rand var disc

p
h
a
se

1 rand 233.13 228.74 229.48
var 229.39 229.00 243.04
disc 228.76 185.62 229.19

(c) cplex cls

phase 2
rand var disc

p
h
a
se

1 rand 1.79 1.73 1.67
var 1.61 1.66 1.68
disc 1.66 1.69 1.65

(d) cplex RCW2

phase 2
rand var disc

p
h
a
se

1 rand 113.73 113.54 113.94
var 57.63 113.98 114.27
disc 86.06 114.86 114.48

(e) cplex regions200

phase 2
rand var disc

p
h
a
se

1 rand 3.68 2.95 3.35
var 3.25 3.77 3.74
disc 2.79 2.78 3.05

the challenger configuration at both phases of the configuration. We dub this variant

SMAC-W (SMAC with Wilcoxon test). We show the median of those distributions in

Table 6.4a. Similarly to the previous results, we validated the statistical significance of

the differences using a Mann-Whitney U-test (with α = 0.05) and detected statistical

significance for all observed differences.

In all except one scenario, the use of a statistical test for early stopping of the

comparison has an adverse effect. To further investigate these results, we examined the

frequency at which the challenger replaces the incumbent and the number of instances

on which the configurations are evaluated. These results are shown in Table 6.4b.

We note that the number of accepted incumbents during a run is significantly lower

when using the test. Vanilla SMAC accepts the incumbent up to twice as often than

SMAC-W for CPLEX on CLS. Moreover, since incumbents get rejected more quickly,

the number of instances on which the configurations are evaluated does not increase
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Table 6.4: Comparison of SMAC and SMAC-W, respectively, without and with a Wilcoxon
test to decide whether a challenger configuration should be kept longer.

(a) Median PAR10 of the best found configurations. The lowest medians are underlined, all
are statistically significantly lower according to a Mann-Whitney U-test (with α = 0.05).

scenario default SMAC SMAC-W

CLS 1.72 1.31 1.79
CPLEX RCW2 115.97 83.96 113.73

REG200 6.13 2.84 3.68

EAX
rue-1000-3000

120.82 92.93 89.87
LKH 229.22 157.83 233.13

(b) Mean number of changes in incumbent and number of instances in Iknown at the end of
the configuration procedure

scenario
changes instances

SMAC-W SMAC SMAC-W SMAC

CLS 3.0 7.1 50 50
CPLEX RCW2 3.1 4.2 495 495

REG200 4.5 5.6 816 823

EAX
rue-1000-3000

4.9 7.6 332 294
LKH 3.1 3.5 432 685

as quickly in SMAC-W as in SMAC. We can expect that running on a smaller number

of instances prevents the configurator from seeing the full range of instances on which

the algorithm should perform well, leading to overfitting. This is especially evident

for the LKH scenario, on which the expected performance of SMAC-W is worse than

the default on the test set. We also noticed that the only case in which the number

of instances seen during configuration is higher for SMAC-W corresponds to the only

scenario in which SMAC-W performs better than SMAC. Based on those results, we

can answer our research question and state that in most cases, adding a Wilcoxon test

to SMAC hinders its performance.

6.5.3 Discussion

Since the instance selection mechanism did not allow us to improve over SMAC on

all scenarios, we looked into the characteristics of each scenario to better understand

what might allow instance selection to reach its full potential.

When we look at each selection phase separately, there is no clear trend in terms of
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which method performs best at any of those. One expectation was that for scenarios

with a low running time, the overhead induced by our methods would hinder the

process. Still, SMAC-IS performed slightly better than SMAC on one out of our two

scenarios with short running times (CPLEX on CLS and REG200), so this hypothesis

does not hold in our experiments. Another expectation was that the homogeneity

of the dataset would strongly impact the ability to select the right instances and to

decide accurately which configurations to drop. However, the best and worst outcomes

were obtained on the same dataset, rue-1000-3000, on which we found 9 clusters of

instances when applying a simple mean shift algorithm, which is the highest number

among our datasets. Moreover, two seemingly homogeneous datasets, namely CLS

and REG200, show very different outcomes. However, the number of clusters does not

capture how far those clusters are from each other, which would impact the difficulty

of selecting representative instances.

Thus, based on our results, we do not see a clear trend regarding what kinds of

scenarios would benefit (or not) from our instance selection mechanism. We note, how-

ever, that in two out of five scenarios, we were able to nearly double the improvement

obtained by SMAC. This improvement demonstrates that in some scenarios, selecting

the instances on which to run the configurations at hand can significantly improve the

performance of a general-purpose algorithm configurator.

6.6 Conclusion

Inspired by the success of instance selection when comparing algorithms (see Chap-

ter 5), we adapted four methods from several fields (Matricon et al., 2021; Gu et al.,

2014) that could be applied to select instances in the context of automated algorithm

configuration (AAC). We identified two steps of AAC procedures at which the selec-

tion mechanism could be applied and designed two sets of experiments to assess the

performance gains that are thus obtainable. In the first, we considered a situation in

which the performance of an incumbent configuration on a set of instances is known,

and we want to determine whether the challenger configuration, whose performance is

unknown, performs better on this set. In the second, two similarly performing config-

urations have to be evaluated on unknown instances. Our results show that in both

cases, there is considerable potential in the use of those methods, in particular the

ones based on the variability in running time or on discrimination power.

Based on those encouraging results, we included the two best selection mechanisms

identified in the first phase of our study at both identified steps of the configuration
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process within the prominent and state-of-the-art SMAC3 configuration system. On

half of the considered scenarios, selecting on which instances to run the first and second

phase, on top of performing a Wilcoxon test to decide when to stop the comparison

between the current incumbent and a challenger configuration, makes it possible to

reach better performing configurations within the same configuration budget, some-

times reaching major improvement compared to SMAC and all previously evaluated

configurators according to the results shown in Chapter 3. However, we have not yet

found a straightforward way to decide which instance selection method to apply or

which scenarios have the potential to benefit from them. Moreover, we studied the

impact of solely adding the Wilcoxon test and found that, in most scenarios, using

the test degrades the configuration process of SMAC. We note that on the scenar-

ios we have studied, use of the test lowers the number of accepted challengers, likely

discarding well-performing configurations by mistake, and tends to slow down the ad-

dition of new instances to the pool of instances on which configurations are evaluated.

This second point could potentially lead to a form of over-fitting. Those observations

confirm that the selection mechanism is responsible for the observed improvements.

This work opens the door to a more principled approach for deciding on which

instances the configurations should be evaluated. While more research is needed to

determine which specific method to apply in practice, selecting instances during au-

tomated algorithm configuration shows great potential.
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In this thesis, we conducted a detailed investigation of the sampling strategies in the

context of general-purpose algorithm configurators for running time optimisation tasks

(as defined in Chapter 2).

7.1 The work achieved so far

Before developing our own methods, it was essential to gain a deeper understanding

of the current state of the art. We compiled a set of widely used AAC scenarios for

running time optimisation and used them to evaluate state-of-the-art algorithm config-

urators. Current configuration approaches are based on various search algorithms such

as racing (Birattari et al., 2010), genetic algorithm (Ansótegui et al., 2009), Bayesian

optimisation (Hutter et al., 2011b) and golden search (Pushak and Hoos, 2020). Each

of those methods demonstrated its own strengths in a set of scenarios when introduced

to the research community. However, we are not aware of any extensive comparison

between them for running time scenarios. In Chapters 2 and 3, we addressed this

gap (through RQ1, RQ2 and RQ3). We ran a carefully selected set of configurators –

ROAR, SMAC2 and 3, irace, GGA++, GPS and paramILS – on a set of 20 scenarios

spanning four different NP-hard problems, eight target algorithms and ten datasets

of problem instances. Additionally, in Chapter 2, we identified 16 general character-

istics of the configuration scenarios, highlighting in the process that the commonly

used benchmark AClib lacks variety in some of those characteristics. Specifically, it is
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limited to one default configuration, whereas some configurators can handle multiple

of them, and it contains mostly non-deterministic algorithms and randomly generated

datasets. In Chapter 3, we analysed the performance of the configurators in general

and with regard to the scenario characteristics specifically. This allowed us to draw

high-level conclusions regarding their strength and weaknesses. Specifically, we found

that, despite learning on a discretised search space, paramILS is the best performing

configurator on almost half of the considered scenarios. We further described the av-

erage ranking of the configurators, showing that SMAC2 has the best average ranking,

statistically tied with paramILS, SMAC3 and ROAR. We exposed good complemen-

tarity between the top performing configurators using Shapley values and attempted

to find which characteristics of a scenario impact the performance of the configurators

the most. However, it remains challenging to understand what makes some scenarios

more difficult than others or which configurator should be used for specific scenarios.

We observed that in any configurator, there are two key elements to sample: new

target algorithm configurations to evaluate and instances on which to run them. In the

subsequent chapters of this thesis, we explored whether there are simple, yet effective

ways to refine the sampling strategies at those points.

First, we examined the sampling strategies for new configurations. Each configu-

rator has its own approach to generating new configurations based on insights gained

during the configuration run. However, most overlook a prior typically given with an

algorithm: the default configuration. This configuration is typically set based on the

algorithm designers’ insight regarding their method, coupled with prior experiments

results. In Chapter 4, we hypothesised that the default contains meaningful informa-

tion. To test this, we first explored the impact and usage of these default parameter

values in current configurators (RQ4). We compared the performance of configurators

depending on the given default configuration and showed that it has a large impact on

irace but a limited one on SMAC. We then proposed approaches to either reduce the

search space to keep only configurations close to the given default or sample following

a truncated normal distribution centred on the default value (RQ5). We tested these

approaches in a state-of-the-art configurator on 20 configuration scenarios, showing

that they improve performance for a majority of the studied scenarios.

Second, we examined how configurators decide on which instances to run the next

configuration during its evaluation. Most configurators simply select an instance uni-

formly at random. We hypothesised that two algorithms or two configurations thereof

could be accurately and efficiently compared on a smaller set of well-chosen instances.

Chapter 5 provided evidence in support of that intuition in the context of the com-
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parison of algorithms (RQ6). We evaluated 5 selection methods including random

sampling, and two statistical tests to stop the comparison of two algorithms. We

showed that, by selecting instances with either a high variance in their running time

or a high discrimination power, statistical tests can decide which algorithm is best after

collecting algorithm performance data for less than 15% of the CPU time required for

a complete comparison. Then, Chapter 6 translated the previously developed methods

for the comparison of two configurations of a single algorithm to study how they could

help in the context of automated algorithm configuration. First, we designed exper-

iments to evaluate how efficiently two configurations of the same algorithm can be

compared and how quickly we can abandon bad configurations using the two best per-

forming methods for instance selection in the context of algorithm comparison (RQ7)

and two methods inspired from the active learning literature. We tested the selection

methods on randomly generated configurations, and obtained significant speed-ups,

from 5 to 3000 folds, which encouraged us towards the next step. We implemented

the best-performing selection methods – based on variance and discrimination power –

within the state-of-the-art model-based configurator SMAC and evaluated their impact

on the configuration process (RQ8). Although there is no clear guideline allowing us to

determine which selection method to apply when, we found that including these mech-

anisms into algorithm configurators could unlock previously unseen performance. In

particular for EAX on rue-1000-3000, one of the five studied scenarios, our modified

version of SMAC3 nearly doubled the improvement of vanilla SMAC3 and performed

better than the best performing method from Chapter 3.

7.2 Future work

The continuation of this line of research could involve implementing our methods in

other configurators such as paramILS and SMAC2 – the top performing according

to Chapter 3 – and evaluating them according to the framework used in Chapter 3

to assess in more detail which kinds of scenarios benefit from using them and which

are not. For the latter, identifying the reasons for such a discrepancy could lead to a

better understanding of what makes a scenario challenging and how to handle those

challenging scenarios more effectively. For example, the instance selection methods

from Chapters 5 and 6 would likely have a larger impact on datasets containing prob-

lem instances with large variations in running time, whilst the sampling strategies

from Chapter 4 would benefit scenarios with a large search space and well-thought

default values based on long-standing research.
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The work done in Chapter 3 could also be extended to more types of algorithm

configuration problems, such as multi-objective configuration or configuration for other

performance metrics besides running time optimisation (see e.g. Blot et al., 2016). It

also opens the door to the development of a configurator selector, which would predict

for a specific scenario which configurator should be applied based on its characteristics.

However, for this last point, we conducted preliminary experiments to learn a multi-

class random forest model on the data collected in Chapter 3 and did not reach any

promising results. We might need more expressive characteristics than those listed in

Chapter 2 or design scenarios with more variations in those characteristics to allow

the model to learn more from them.

The work conducted in Chapter 5 opens up ways to make the development and

evaluation of solvers for hard problems more sustainable. For example, instance selec-

tion methods would allow a developer to receive quick feedback on new ideas without

running their solver on too many problem instances. These methods could also re-

duce the amount of computation needed to declare the winners of a competition by

only running the algorithms on more instances if there is a probability for them to

land in the top. Since the less performing algorithms are also the ones consuming the

most resources, this would have a large impact on the required computing time, e.g.

in 2020 the top 10 algorithms of the SAT competition ran for about a tenth of the

time required for the 49 others. Compared to the 2-round design used in the early

instalment of the competition (see e.g. Simon et al., 2005), the choice of benchmarks

would be based on statistics rather than be hand-picked by the organisers.

Following up on our work regarding instance selection in Chapter 6, similar mech-

anisms could be designed in a machine learning context to focus the learning effort

on relevant data rather than processing as much data as possible. The challenge here

would be to decide what is applicable in that context. Further work is already ongo-

ing to apply similar techniques for automated algorithm selection (Kuş et al., 2024).

The key difference between our methods and the ones found in active learning is that

the active learning community often assumes that acquiring a data point has a fixed

cost which is the same for each data point. On the other hand, we account for the

price of each point on top of how informative they are. This problem has also been

studied with cost-aware active learning (see e.g. Tomanek and Hahn, 2010; Guillory

and Bilmes, 2009) and more work can be done at the intersection of our fields.

Another element that we did not explore is the target algorithm itself. It could be

interesting, following our work on algorithm selection (Pulatov et al., 2022), to define

algorithm features for algorithm configuration that would inform the model used by
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configurator about the meaning and impact of a specific parameter value on the inner

working of the target algorithm. The challenge in this would be to describe features

that represent the different configurations and are dependent on the configuration.

Such feature could for example represent the amount and complexity of code activated

by a Boolean parameter. There might also be a way, through source code inspection

(such as e.g. program slicing Gallagher and Kozaitis, 2025), to find out relationships

between parameters or predict how much they impact the performance. However, the

differences in programming languages and code style might have a significant impact

on this kind of research, for example, the syntax trees we built for the features analysed

in our prior work (Pulatov et al., 2022) were largely different between the solvers in C

and the ones in Java.

7.3 Final word

In this thesis, we addressed key challenges in the design of general-purpose automated

algorithm configurators for running time optimisation, focusing on their sampling

strategies. We provided a deeper understanding of the strength and weaknesses of

current configurators through empirical analysis and developed methods to improve

them. Our contributions show the potential of simple refinement to substantially im-

prove the state of the art in AAC.

This work paves the way towards more flexibility in algorithm configuration, where the

right approach would be applied to each configuration scenario. The methods we de-

veloped, in particular the ones related to instance selection, also offer the opportunity

to be applied to other domains with costly evaluations and a focus on sustainability.

Our hope is that this thesis encourages further research into the underlying question:

How to design flexible systems that adapt to the problem at hand and learn more from

less?
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Franzin, A., Cáceres, L. P., and Stützle, T. (2018). Effect of transformations of nu-
merical parameters in automatic algorithm configuration. Optimization Letters,
12(8):1741–1753.
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T. (2016). The irace package: Iterated racing for automatic algorithm configuration.
Operations Research Perspectives, 3:43–58.

131



Bibliography

Malone, B., Kangas, K., Järvisalo, M., Koivisto, M., and Myllymäki, P. (2018). Em-
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