Automatically Improving the Anytime
Behaviour of Optimisation Algorithms
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Abstract
Optimisation algorithms with good anytime behaviour try to return as high-quality solutions
as possible independently of the computation time allowed. Designing algorithms with good
anytime behaviour is a difficult task, because performance is often evaluated subjectively, by
plotting the trade-off curve between computation time and solution quality. Yet, the trade-off
curve may be modelled also as a set of mutually nondominated, bi-objective points. Using
this model, we propose to combine an automatic configuration tool and the hypervolume
measure, which assigns a single quality measure to a nondominated set. Our goal is to
improve the anytime behaviour of optimisation algorithms by means of automatically finding
algorithmic configurations that produce the best nondominated sets. Moreover, the recently
proposed weighted hypervolume measure is used here to incorporate the decision-maker’s
preferences into the automatic tuning procedure. We report on the improvements reached
when applying the proposed method to two relevant scenarios: (i ) the design of parameter
variation strategies for MAX-MIN Ant System, and (ii ) the tuning of the anytime behaviour
of SCIP, an open-source mixed integer programming solver with more than 200 parameters.
Keywords: metaheuristics, anytime algorithms, automatic configuration, offline tuning

1. Introduction
Many optimisation algorithms generate a sequence of feasible solutions that are increasingly better approximations of the optimal solution. The main advantage of this design is
that a run of the algorithm may be terminated at an arbitrary time or after a predefined
termination criterion is reached. Upon termination, the algorithm returns the best solution
found since the start of the run. For such an algorithm, the choice of the termination criterion
may crucially determine its performance. If the parameter settings of an algorithm result in
fast convergence to good solutions, the same parameter settings may prevent the algorithm
from adequately exploring the search space to find better solutions if given ample time. On
the other hand, algorithms designed with higher exploration capabilities may produce poor
results if terminated too early.
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An illustrative example is MAX-MIN Ant System (MMAS) [31]. MMAS is a highperforming ant colony optimisation (ACO) algorithm [13] that was designed to have a relatively long initial exploration phase with a subsequent transition to a strong exploitation
phase. When rather long runs are performed, e.g., 1 000 or more algorithm iterations, MMAS
is among the best ACO algorithms for travelling salesman problem (TSP) instances of up
to a few thousand cities [31]. For shorter runs, however, other ACO algorithms, such as ant
colony system [12], show a faster convergence and, hence, they outperform MMAS [13, 32].
ACO algorithms are just an example of metaheuristics, which often have several parameters that allow the user to control the trade-off between exploration of new solutions and
exploitation of the best solutions found. However, a default parameter configuration is often
used in practice, without taking into account differences in computational environment or
termination criteria. This practice frequently leads to suboptimal results.
One way to address this issue is to not rely on default parameter settings, but instead
to automatically configure the parameter settings for the particular termination criterion at
hand. In the case of MMAS, it is well-known that different parameter settings significantly
accelerate its convergence and, hence, its performance with shorter termination criteria. This
approach, however, requires to reconfigure the algorithm for every possible termination criterion. Instead, it would be desirable to have an algorithm that produces good results independently of the termination criterion. Such algorithms are said to have good anytime
behaviour [35].
Going back to the example of MMAS, recent results [27, 32] have shown that non-default
settings and a dynamic variation of parameter settings may significantly improve its anytime behaviour. Finding these settings is an arduous task, since the original single-objective
problem, where the goal is to obtain the best solution quality with a predefined termination criterion, is now transformed into a bi-criteria problem, where both solution quality and
computation time are considered.
In this paper, we formulate the problem of finding parameter settings that improve the
anytime behaviour of an algorithm as a set-valued bi-objective optimisation problem. In this
formulation, the output of an algorithm run is not simply the quality of the best solution
found, but a set of (quality, time) vectors, each of which represents an improvement of the
best solution found at a particular time from the start of the algorithm. The optimisation
problem becomes to find the configuration that produces the best possible set. In this paper,
we propose to automatically configure algorithms for this bi-objective optimisation problem.
The experimental results presented here indicate the large potential of this approach.
The outline of the paper is as follows. Section 2 reviews the concept of anytime optimisation and introduces our proposal for modelling the anytime behaviour as a bi-objective
optimisation problem. In Section 3, we propose how to use this model to perform automatic
algorithm configuration with the goal of improving anytime behaviour. In Section 4, we apply
this proposal to the design of parameter adaptation strategies for MMAS. Section 5 discusses
how our proposal enables a decision maker to incorporate preferences regarding the anytime
behaviour of an algorithm to the automatic configuration procedure. A second case study is
considered in Section 6, where we tune the anytime behaviour of SCIP, an open-source mixed
integer programming solver with more than 200 parameters. Finally, Section 7 provides a
summary of our results and discusses possible extensions of the present work.
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Figure 1: Example of the SQT curves of three algorithms A, B, and C.
2. Modelling the anytime behaviour of an algorithm as a bi-objective optimisation
problem
Dean and Boddy [10] describe an anytime algorithm as one that, first, may be interrupted
at any moment and return a solution and, second, it keeps steadily improving its solution
until interrupted, eventually finding the optimal. Most metaheuristics and other optimisation
algorithms satisfy this condition, and, hence, they are anytime optimisation algorithms. A
concept of anytime behaviour more useful in the context of metaheuristics was introduced
by Zilberstein [35], who highlights that algorithms with good anytime behaviour return as
high-quality solutions as possible at any moment of their execution.
The anytime behaviour of a single run of an optimisation algorithm can be described by
plotting the quality of the best solution achieved at each time step by the algorithm. These
plots are called performance profiles [35] or solution-quality over time (SQT) curves [19], and
they can be described as a set of points representing an improvement of solution quality at
a particular time. Even until recently, the most common approach to compare optimisation
algorithms in terms of anytime behaviour relies on visually inspecting such curves [26, 32].
Figure 1 gives an example of the SQT curves of three algorithms A, B and C on the same
problem instance. These points can also be seen as solutions to a bi-objective problem, where
both time and quality must be optimised.
In bi-objective optimisation problems, there are two conflicting objective functions that
must be optimised at the same time. Without preference information about the importance
of each objective, solutions are ordered according to Pareto-optimality. More formally, and
assuming minimisation of all objectives without loss of generality, an objective vector f~(s) =
(f1 (s), f2 (s)) dominates another objective vector f~(s0 ) = (f1 (s0 ), f2 (s0 )) iff fi (s) ≤ fi (s0 ),
i = 1 or 2, and fj (s) < fj (s0 ), j 6= i. When neither objective vector dominates the other,
we say that they are nondominated. A set of mutually nondominated vectors is called a
nondominated set. The goal of a multi-objective optimisation problem is to find the optimal
nondominated set, that is, the set of solutions whose image in the objective space is not
dominated by any other feasible solution.
As pointed out above, the anytime behaviour of a single-objective algorithm may be modelled as a bi-objective optimisation problem [8, 11], where the output of the algorithm is not
the lowest cost found, but a nondominated set of pairs (time, cost). These pairs are obtained
by recording the time and the solution quality whenever a new best-so-far solution is found
during the run of the algorithm. Since these pairs are by definition mutually nondominated,
the curve of solution quality over time is a nondominated set, and we can measure its quality
3

with respect to other nondominated sets produced by different algorithms. In particular, we
say that a nondominated set is better than another one in the Pareto-optimality sense, if they
are not equal and every solution of the latter is equal or dominated by at least one solution
of the former. It is often the case, however, that neither nondominated set is better than
the other, i.e., they are incomparable. In the example shown in Fig. 1, sets A and B are
incomparable, since some points of A are not dominated by B and viceversa. In such cases,
it is typical to measure the quality of nondominated sets with respect to a quality indicator.
Unary quality indicators assign a value to each nondominated set, while binary indicators
assign a value to a pair of nondominated sets. Unary quality indicators are less powerful than
binary ones, but their results are much easier to analyse and interpret, since they transform
a multi-objective problem into a single-objective one.
The hypervolume measures stands out as the only unary quality indicator that is always
able to discriminate when a nondominated set is better than another in the Pareto-optimal
sense [36]. In the bi-objective case, the hypervolume computes the area of the objective
space that is dominated by a nondominated set and bounded by a reference point. This
reference point should be dominated by all points in all possible nondominated sets. By
definition, a nondominated set that is better in terms of Pareto-optimality than another will
have a larger area. Moreover, when two nondominated sets are incomparable, the one that
dominates a larger area of the objective space will be considered better by the hypervolume
measure. Finally, another benefit of the hypervolume, which we will explore in this paper, is
the possibility of defining preferences by means of the weighted hypervolume [3, 37].
3. Automatic configuration of anytime algorithms
Our proposal is to tackle the automatic configuration of anytime behaviour by integrating
the unary hypervolume measure into an automatic configuration tool.
Automatic configuration [5], also known as offline tuning, aims at simplifying the task of
properly configuring optimisation algorithms. Given a description of the parameter space of
an algorithm, a set of training instances representative of the problem, and a tuning budget
(e.g., a maximum number of runs of the algorithm), the automatic configuration problem is
to find the best configuration of the algorithm for unseen instances of the same problem.
A notable example of an offline automatic configuration tool is I/F-Race [6, 25], which
is based on the F-race procedure for selection of the best configuration over a sequence of
training instances [5]. I/F-Race iteratively updates a probabilistic model of the parameter
space that is used to sample new parameter configurations in subsequent iterations. I/F-Race
is able to handle a large number of numerical and categorical parameters, and parameters
subordinate to the settings of other parameters. These features make it ideal for the case
studies tackled in this paper.
Existing automatic configuration tools, including I/F-Race, were designed for singleobjective algorithms [4, 6, 20]. By means of unary quality measures, these tools have recently
been applied to the configuration of multi-objective algorithms. Wessing et al. [33] automatically tune the variation operator of a multi-objective evolutionary algorithm applied to
a single problem instance. Simultaneously, López-Ibáñez and Stützle [22, 24] automatically
instantiate new designs of multi-objective ant colony optimisation (MOACO) algorithms for
the bi-objective travelling salesman problem from a framework of MOACO algorithmic components. More recently, Dubois-Lacoste et al. [15] applied this latter approach to outperform
the state of the art in several bi-objective permutation flow-shop problems. We follow in
4

this paper the same approach used in these two latter works, that is, the integration of the
hypervolume measure into the iterated F-race (I/F-Race) automatic configuration tool. This
approach allows us to apply automatic configuration tools to improve the anytime behaviour
of an algorithm.
The automatic configuration of the anytime behaviour of an algorithm should not be
confused with parameter tuning as a multi-objective problem [14], where the aim is to produce
a set of parameter configurations that are mutually nondominated with respect to multiple
criteria. By contrast, in this paper, our aim is to produce a single parameter configuration
that generates an anytime behaviour that is as good as possible.
There have been some recent attempts at tackling this problem. The proposal closest
to ours is by den Besten [11], who combined a racing procedure for selection of the best
and a performance measure based on the binary -indicator. The use of a binary measure
involves computing a matrix of -measure values, comparing each alternative with the rest,
and transforming it into ranks. More recently, Branke and Elomari [7] combined a meta-level
evolutionary algorithm and an ad-hoc ranking procedure for tuning the mutation rate of a
lower-level algorithm for multiple termination criteria in a single tuner run. Their ranking
method is not based on a multi-objective quality measure. Instead, it ranks each configuration
with respect to the number of discrete time steps in which the configuration was better than
other configurations. The proposal was tested by tuning a single parameter of one algorithm
on a single problem instance.
In the next sections, we evaluate two applications of the proposed technique. The first
case study is the design of parameter variation strategies to improve the anytime behaviour of
MMAS in the TSP. This case study arises from our own practical experience, and it illustrates
how automatic configuration may save a significant amount of human effort, while leading to
improved results. The second case study evaluates the improvement in anytime behaviour
that may be achieved when automatically configuring an off-the-shelf optimisation software
with a very large number of parameters, namely the open-source mixed integer programming
solver SCIP [1]. In this case, we attempt to configure 207 parameters of SCIP, which were
suggested by the SCIP developers as being the most relevant. This number of parameters is
three times larger than the largest attempt we are aware of, i.e., the automatic configuration
of CPLEX [20].
4. Case Study: Design of parameter variation strategies for MAX-MIN Ant System on the TSP
Parameter adaptation [2, 16], that is, the variation of parameter settings while solving a
problem instance, enables metaheuristics to adapt the parameters to different phases of the
search, and to balance exploration of the search space and exploitation of the best solutions
found. Hence, parameter adaptation may make algorithms more robust to different termination criteria. Designing and comparing parameter adaptation schemes is, however, an arduous
and complex task. Here, we show that our proposed method for the automatic configuration
of the anytime behaviour can help to implement parameter adaptation strategies.
In previous work [27, 32], we studied parameter adaptation strategies for ant colony optimisation (ACO) algorithms. In particular, we studied the anytime behaviour of MAX-MIN
Ant System (MMAS) by experimenting with various static parameter settings and parameter
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variation strategies. The experiments carried out in these preliminary works involved testing various settings that were deemed interesting, and visually comparing the resulting SQT
curves. Needless to say, this was a human intensive task that required many iterations of
experimentation and analysis. We roughly estimate that the overall effort for obtaining the
best configurations was close to one person-year. The result of this effort is that the best configurations are significantly better in terms of anytime behaviour than the default settings of
MMAS [27, 32]. In the present paper, we use this scenario as a case study for the automatic
configuration of anytime behaviour. First, we briefly introduce MMAS. Then, we present
several parameter variation strategies. Finally, we compare the configurations obtained after
automatic configuration with the ones obtained by manual configuration.
4.1. MAX-MIN Ant System
MMAS is an ACO algorithm that incorporates an aggressive pheromone update procedure
and mechanisms to avoid search stagnation. When applying MMAS to the TSP, each ant
starts at a randomly chosen initial city, and constructs a tour by randomly choosing at each
step the city to visit next according to a probability defined by pheromone trails and heuristic
information. In particular, the probability that ant k chooses a successor city j when being
at city i is given by

[τij ]α · [ηij ]β


P
if j ∈ N k
α
β
pij =
(1)
h∈N k [τih ] · [ηih ]



0
otherwise,
where τij is the pheromone trail strength associated to edge (i, j), ηij is the corresponding heuristic information; α and β are two parameters that influence the weight given to
pheromone and heuristic information, respectively; N k is the feasible neighbourhood, that is,
a candidate list of cities not yet visited in the partial tour of ant k.
Departing from the original MMAS but following previous work [28, 30], we also incorporate the pseudo-random action choice rule of ACS [12], which allows for a greedier solution
construction. With a probability q0 an ant chooses next a city j ∈ N k such that
j = arg max {[τih ]α · [ηih ]β } ;
h∈N k

(2)

otherwise, the ant performs the probabilistic selection based on Eq. 1. A value of q0 = 0
reverts back to the original MMAS.
The pheromone update of MMAS updates all pheromone trails as

τij ← max τmin , min{τmax , (1 − ρ) · τij + ∆τijbest } ,
(3)
where ρ, 0 < ρ ≤ 1, is a parameter called evaporation rate and

1/f (sbest ) if edge (i, j) ∈ sbest ,
best
∆τij =
0
otherwise,

(4)

where f (s) is the tour length of solution s, and sbest is either the iteration-best solution,
the best-so-far solution or the best solution since a re-initialisation of the pheromone trails
(restart-best). In MMAS, these solutions are chosen alternately [31].
Finally, solutions constructed by the ants may be further improved by the application of
a local search algorithm. In this paper, we will use MMAS with 2-opt local search, as was
done in previous work [27, 32].
6

Table 1: Default settings of the parameters under study for MMAS with 2-opt local search.
Algorithm

TimeCPU

α

β

ρ

m

q0

MMAS

500 s

1.0

2.0

0.2

25

0.0

4.2. Parameter variation strategies in MMAS
As a first case study, we apply our proposal to automatically configure parameter variation
strategies in order to improve the anytime behaviour of MMAS.
Following our previous work [32], we focus on two basic schemes for parameter variation in
MMAS, which we call henceforth delta and switch strategies. The delta strategy applied, for
example, to parameter β increases the value of β at each iteration of the algorithm by a certain
amount ∆β, starting from βstart and stopping at βend . If βstart > βend , then the parameter
value is decreased by ∆β instead of increased. Conversely, the switch strategy switches the
value of parameter β from βstart to βend at iteration βswitch . An additional parameter βvar
controls the variation strategy, which is either delta, switch or none, where none means that
the parameter value stays constant throughout the run of the algorithm. As a result, we add
to MMAS five additional parameters: βstart , βend , ∆β, βswitch and βvar .
We apply these parameter variation strategies to parameters β, ρ, the number of ants
(m), and q0 . Hence, we add five additional parameters for each parameter that is dynamically
varied. Other parameters are set to default values [31], in particular, α = 1. Table 2 describes
the domains used in the tuning of these new parameters.
The automatic configuration tool is the implementation of I/F-Race provided by the irace
software package [25]. As explained above, we incorporate the hypervolume measure to the
irace software in order to evaluate the anytime behaviour of a single run of MMAS. We
use a publicly available implementation of the hypervolume measure [17], and the MMAS
implementation provided by the ACOTSP software [29].
We consider MMAS with 2-opt local search on instances of 3 000 cities. We divide each
set of instances into a training (tuning) set and a test set of 50 instances each. In a first step,
we tune separately the variation strategy of one parameter at a time. That is, we perform
one run of I/F-Race for each parameter {m, β, q0 , ρ}. In each run, the variation strategy is
fixed to none for all parameters except one, and, hence, there are six parameters to tune (see
Table 2). We give each run of I/F-Race a budget of 1 000 runs of MMAS. Each run of MMAS
is stopped after TimeCPU seconds (Table 1). In a second step, we automatically configure all
parameter variation strategies at the same time, that is, we configure 24 parameters instead
of six. Since the parameter space is much larger now, we assign a larger tuning budget to
this run of I/F-Race, specifically 10 000 runs of MMAS.
After each run of I/F-Race finishes, we apply the resulting parameter configurations (Table 4) to the test instances. In addition, we also run on the test instances the default parameter
configuration of MMAS (Table 1) without any variation strategy and several variation strategies previously found by manual ad-hoc experimentation (Table 3) [32]. We present these
results in the following sections.
4.3. Analysis of the results
4.3.1. Automatic configuration vs. manual configuration
Our goal is to improve the anytime behaviour of MMAS over the whole set of test instances.
Hence, we analyse the overall results by plotting the average solution quality over time for
7

Table 2: Parameter space for variation strategies of MMAS.
Parameter
mvar , βvar ,
ρvar , q 0var
m
β
ρ
q0
∆m
∆β
∆ρ
∆q 0
mswitch , βswitch ,
ρswitch , q 0switch
mstart
mend
βstart
βend
ρstart
ρend
q 0start
q 0end

Domain

Constraint

{ delta, switch, none }
[1, 100]
[0, 20]
[0.01, 1.0]
[0.0, 1.0]

if var = none

{0.01, 0.05, 0.1, 0.25, 0.5, 1, 2, 5}
{0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1.0}
{0.001, 0.002, 0.005, 0.01}
{0.0001, 0.0002, 0.0005, 0.001, 0.002, 0.005}

if var = delta

[1, 500]

if var = switch

1
[1, 500]
[0, 20]
[0, 5]
[0.001, 1.0]
[0.001, 1.0]
[0.0, 1.0]
[0.0, 1.0]

if var ∈ {delta, switch}

Table 3: Parameter configurations found by a human expert when varying one parameter at
a time in MMAS [32].
Configuration

Parameter settings

manual
manual
manual
manual

mvar = delta, mstart = 1, mend = 25, ∆m = 0.1
βvar = switch, βstart = 20, βend = 3, βswitch = 50
ρvar = none, ρ = 0.9
q 0var = delta, q 0start = 0.99, q 0end = 0, ∆q 0 = 0.0005

var
var
var
var

ants
beta
rho
q0
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Table 4: Parameter configurations found by I/F-Race for MMAS.
Configuration

Parameter settings

auto var ants

mvar = delta, mdelta = 0.05, mstart = 1, mend = 417

auto var beta

βvar = delta, βdelta = 0.05, βstart = 9, βend = 4

auto var q0

q 0var = switch, q 0switch = 200, q 0start = 0.96, q 0end = 0.30

auto var rho

ρvar = delta, ρdelta = 0.001, ρstart = 0.82, ρend = 0.84

auto var ALL

mvar = delta, mdelta = 1, mstart = 1, mend = 384, βvar = switch,
βswitch = 79, βstart = 5, βend = 0,
q 0var = delta, q 0delta = 0.002, q 0start = 0.87, q 0end = 0.57,
ρvar = none, ρ = 0.68

auto fix

β = 5.9, ρ = 0.62, m = 84, q 0 = 0.099

auto var no anytime

mvar = switch, mswitch = 50, mstart = 1, mend = 317, βvar = delta,
βdelta = 0.5, βstart = 8, βend = 2,
q 0var = switch, q 0switch = 139, q 0start = 0.6241, q 0end = 0.2725,
ρvar = switch, ρswitch = 493, ρstart = 0.338, ρend = 0.7495

all test instances at once. More concretely, for each algorithm configuration, we have the
best solution quality found frit on run r on instance i at time t. We compute the relative
percentage deviation (RPD) from the optimal solution for each instance as RP Drit = 100 ·
frit /fiopt , where fiopt is the optimal tour length of instance i. Then, we compute the mean
RPD over
instances and over all 15 independent runs of each algorithm as RP Dt =
P50 all
P50
15
1
·
i=1
r=1 RP Drit . Each line in the plots in Fig. 2 corresponds to the RP D t of one
50·15
algorithm configuration. Finally, we compute the hypervolume of each run on each instance
by normalising both time and solution quality to the interval [1, 2] and using (2.1, 2.1) as the
reference point. Then, for each algorithm configuration we compute its mean hypervolume
over all its runs on all test instances, and we give this value in the legend of each plot.
The first important observation is how the value of the hypervolume matches the quality of the anytime behaviour of the different configurations: A larger hypervolume value
indicates a better anytime behaviour. The first four plots (a,b,c,d) in Fig. 2 show a large
improvement in the anytime behaviour of the manually tuned configurations with respect to
the default configuration of MMAS. Nonetheless, the automatically found configurations are
able to match, and in most cases surpass the manually tuned configurations in terms of hypervolume, despite the fact that the manually tuned configurations were found by extensive
experimentation under the guidance of human expertise.
Fig. 3 compares the configuration obtained after automatically configuring all parameter variation strategies at once versus the best configurations obtained after automatically
configuring the variation strategy of one parameter at a time. In our previous study, the
manual tuning and analysis of all parameter strategies at once was ruled out as infeasible,
given the extremely large number of potential configurations and interactions among different
parameters. Here, we see that automatically configuring all parameters at once leads to an
additional improvement in anytime behaviour.
The above plots show the mean hypervolume over all runs and all test instances. To assess
whether the observed differences are statistically significant, we perform a statistical analysis
of the results over the whole set of test instances. The analysis is based on the Friedman test
for analysing non-parametric unreplicated complete block designs, and its associated post9

Table 5: Various configurations of MMAS ordered according to the sum of ranks with respect
to the hypervolume obtained over all test instances. The numbers in parenthesis are the differences of ranks relative to the best ranked configuration. All configurations are statistically
significantly worse than the best one (auto var ALL).
∆Rα
9.87

Configurations (∆R)
auto var ALL (0), auto var q0 (34), manual q0 (94), auto var rho (125),
manual rho (189), auto var ants (236), auto var beta (294),
manual ants (345), manual beta (380), default (433)

test for multiple comparisons [9]. First, we calculate the mean hypervolume of the 15 runs of
each algorithm for each instance. Then, we perform a Friedman test using the instances as
the blocking factor, and the different configurations of MMAS as the treatment factor. The
null hypothesis is that the configurations have identical effect on the ranking according to
the hypervolume within each instance. If the Friedman test rejects the null hypothesis given
a significance level of α = 0.05, we proceed to calculate the minimum difference between the
sum of ranks of two configurations that is statistically significant (∆Rα ). In this manner, we
identify which configurations are significantly different from the best ranked one, i.e., the one
with the lowest sum of ranks.
Table 5 summarises the results of the statistical analysis. It shows the value of ∆Rα for
α = 0.05, the different configurations of MMAS sorted by increasing sum of ranks, and the
difference between the sum of ranks of each configuration and the best configuration (∆R).
For each parameter considered, the ranking shown in Table 5 always ranks higher the
configurations found automatically than their counterparts found by ad-hoc experimentation
(auto vs. manual, respectively). More importantly, it shows that the best ranked configuration
is the one that automatically configured all parameters at once, and that the difference in
ranks between this configuration and the rest is statistically significant.
4.3.2. Hypervolume vs. final quality
Here, we show that the use of the hypervolume as the tuning criterion is the key factor
for improving the anytime behaviour. Fig. 4 shows four configurations of MMAS: the default
configuration (default); the one resulting from automatically tuning all variation parameters
(auto var ALL); a configuration obtained by tuning all variation parameters with respect to
final quality, that is, the solution quality obtained at 500 seconds (auto var no anytime); and
a configuration obtained by tuning the classical MMAS parameters, without any variation,
with respect to final quality (auto fix). The plot clearly shows that, independently of whether
MMAS uses parameter variation or not, the results not tuned with respect to the hypervolume
have worse anytime behaviour.
A possible concern of tuning for anytime behaviour is a significant loss of final quality.
Hence, we examine the final quality achieved by these four variants of MMAS in Fig. 5.
According to the boxplots, there is an important improvement in the final quality achieved
in comparison with the default configuration of MMAS, even for the configuration tuned
for anytime behaviour. The boxplot does not show a large difference between the three
automatically configured variants. Nonetheless, the Friedman test indicates that the final
quality obtained by the variant tuned for anytime behaviour is statistically worse than the
variants tuned for final quality (Table 6). In order to bound the amount of loss, we perform a
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Figure 2: Anytime behaviour of manually tuned vs. automatically configured variants of MMAS.
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Figure 4: Anytime behaviour of automatically configured variants of MMAS vs. the default
configuration.
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Figure 5: Final quality achieved by several variants of MMAS.
Table 6: Configurations of MMAS ordered according to the sum of ranks with respect to
the final solution quality obtained. The numbers in parenthesis are the difference of ranks
relative to the best configuration. Configurations that are not significantly different from the
best one are indicated in bold face.
∆Rα

Configurations (∆R)

13.68

auto var no anytime (0), auto var ALL (48), auto fix (52), default (132)

Student’s t-test and compute the associated 95% confidence interval on the mean difference
in final quality between the configuration tuned for anytime behaviour and the best ranked
configuration, which is [0.0244, 0.0480] measured in RPD. Although the loss in final quality
when tuning for anytime behaviour is small in this case, an anytime algorithm should aim to
match the best possible final quality in the ideal case.
5. Articulation of preferences in automatic configuration of anytime algorithms
The use of the hypervolume for automatic tuning of anytime algorithms has an additional
advantage compared to other unary measures, that is, the possibility of specifying the decisionmaker’s preferences. A recent proposal extends the hypervolume indicator by a weight function over the objective space [3, 37]. A weight function that assigns a higher value to a certain
region of the objective space will bias the hypervolume indicator to favour nondominated sets
that dominate that region. We show here that this formulation can straightforwardly be used
to introduce a bias in the anytime behaviour produced by automatic configuration.
As an example, let us assume that the decision maker’s preference is to obtain as good
final solution quality as possible, while still giving some minor importance to achieving a good
anytime behaviour. In other words, the decision maker prefers configurations that generate
solution-quality curves that are better towards minimising the solution quality (in our case,
the second objective). Zitzler et al. [37] suggest to model this preference by considering the
following weight function (adapted here to minimisation):
wqual (z) = e20·(1−z2 ) /e20
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(5)

where z = (z1 , z2 ) ∈ Z is an objective vector, with z1 representing time and z2 representing solution quality, and Z = [0, 1] × [0, 1] represents the normalised bi-objective space of
time×quality.
The weighted hypervolume is computed as the integral of the weight function over the
region dominated by a set of nondominated points and bounded above by a reference point.
To give a rough idea of this integral when using the weighted function wqual , Figure 6 (left)
shows the value of the weighted hypervolume for each individual vector in the normalised
objective space Z and with reference point (1, 1). The plot shows that vectors with very
small values of z2 are assigned a high hypervolume, but vectors with values of z2 higher than
0.2 are assigned a hypervolume close to zero. By comparison, Figure 6 (left) shows the value
of the non-weighted hypervolume, which is symmetric around the diagonal, that is, without
a preference for either objective.
We can assign a positive hypervolume value to more regions of the objective space by
weighting also the z1 component (corresponding to time), but then we have to increase the
exponent associated to z2 in order to keep a strong preference for low solution quality. This
is done with the following weight function:
wxqual = e10·z1 /e10 + e100·(1−z2 ) /e100

(6)

The weighted hypervolume using this weight function for each individual vector in the
objective space Z is shown in Fig. 6 (right). In this case, more regions of the objective space
have a positive hypervolume. Yet, the value of the hypervolume increases exponentially in the
direction of decreasing z2 (solution quality), while it stays roughly constant along z1 (except
for very high values of z1 ).
We illustrate the differences between the original hypervolume and the two weighted
variants above with an example. Figure 7 shows five SQT curves in the normalised objective
space Z. The plot shows the region z2 ∈ [0.0, 0.15], where we can see that the curves are
ordered according to the final quality achieved, with curve a being the best and curve e
being the worst. The legend provides three numbers for each curve, which correspond to
evaluating the curve with the classical hypervolume, the hypervolume weighted by wqual and
the hypervolume weighted by wxqual , respectively. Table 7 gives the curves in increasing order
of preference according to each measure.
In this example, the classical hypervolume ranks curve a, which is the curve with the best
final quality, worse than other three curves. The weighted hypervolume functions increase
the preference for curve a, and our proposed variant wxqual gives it the highest rank.
Next, we test the effect of these two weighted hypervolume functions on the automatic
configuration procedure. In particular, we carry out additional runs of I/F-Race using
the weighted hypervolume variants described above, i.e., wqual (Eq. 5) and wxqual (Eq. 6).
I/F-Race is run with the same setup as for tuning all parameter variations at once in Section 4.2, in particular, with a budget of 10 000 runs of ACOTSP. These additional tuning
runs produce two new configurations of MMAS, which we ran 25 times with different random
seed on each test instance.
Figure 8 plots the mean RPD over all runs of the resulting four configurations of MMAS:
the default configuration (default); the one resulting from automatically tuning all variation
parameters at once using the classical hypervolume (auto var ALL); the configuration obtained
with the same tuning setup but using the weighted hypervolume with wqual (whv qual); and the
configuration obtained using the weighted hypervolume with wxqual (whv xqual). In addition,
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computed as the integral of the weight function over the region dominated by the point and
bounded above by the reference point (1, 1).
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Table 7: Ranking of the SQT curves in Fig. 7 according to various preferences
Ranking (best to worst)

final quality
hypervolume
wqual
wxqual

abcd
cbda
cbad
acbd

e
e
e
e

0.05

0.10

a (0.928058; 0.496443; 1.121131)
b (0.960397; 0.572763; 1.105872)
c (0.965690; 0.610949; 1.113041)
d (0.952474; 0.488793; 1.039587)
e (0.912283; 0.399583; 0.992997)

0.00

Solution quality

0.15

Preference

0.0

0.2

0.4

0.6

0.8

1.0

Time
Figure 7: For each SQT curve, the legend shows the classical hypervolume, and the
weighted hypervolume variants wqual and wxqual .
the legend provides three numbers for each curve, which correspond to evaluating the results
with the classical hypervolume, the hypervolume weighted by wqual and the hypervolume
weighted by wxqual , each of them averaged over all runs.
In terms of final quality, the two configurations tuned with the weight functions (wqual and
wxqual ) are slightly better than the one tuned with the classical hypervolume, as indicated by
the boxplots given in Fig. 9. Moreover, the configurations tuned with the weight functions
obtain the lowest final quality in most instances. In fact, according to the Friedman test, these
configurations are significantly better than configurations obtained by tuning for the classical
hypervolume and for final quality (Table 8). The main conclusion of these experiments is
that the weighted hypervolume allows us to set preferences on the trade-off between quality
and time. For example, the weighted function wxqual imposes a strong preference for good
final quality.
6. Case Study: Automatic configuration of an anytime MIP solver
6.1. Experimental setup
In this second scenario, we apply our proposed approach to a very different problem with
a large number of parameters. In particular, we tune 207 parameters of SCIP [1], a mixed
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Table 8: Configurations of MMAS ordered according to the sum of ranks with respect to
the final solution quality obtained. The numbers in parenthesis are the difference of ranks
relative to the best configuration. Configurations that are not significantly different from the
best one are indicated in bold face.
∆Rα

Configurations (∆R)

23.16

whv (xqual) (0), auto var no anytime (11), whv (qual) (47),
auto var ALL (94), auto fix (99), default (199)

integer programming (MIP) solver. This number of parameters is three times larger than
the configuration scenario that included the largest number of parameters that we are aware
of [20]. The number of parameters is too large to be detailed here, but details can be found
in the supplementary page [23].
The benchmark set is composed of 2 000 MIP-encoded instances (200 goods, 1000 bids) of
the NP-hard winner determination problem for combinatorial auctions [21] previously used
by Hutter et al. [20]. The benchmark set is split in two equal sets for training and testing.
In a combinatorial auction, bids are placed for subsets of goods. The goal in the winner
determination problem is to find an assignment of goods to bids that maximises the total
value of the winning bids.
For our experiments here, we use SCIP version 2.0.2 linked with the linear programming
solver SoPlex 1.5.0. We set the maximum memory limit of SCIP to 350 MB. During our experiments, we discovered that some parameter configurations produced an incorrect behaviour
of SCIP, and we assign those configurations the worst possible hypervolume. We give SCIP a
time limit of 300 seconds, and we allow 5 000 runs of SCIP for each run of irace. We carry
out the tuning as before, that is, we combine irace with the hypervolume measure in order
to improve the anytime behaviour of SCIP. We seed the automatic configuration procedure
with the default configuration of SCIP.
For the purposes of comparison, we perform two additional tuning runs with two different
objectives: (1) minimising the run time to find the optimal solution, and (2) maximising
the final objective value obtained after 300 seconds. This way we obtained two additional
configurations of SCIP, which we label as auto time and auto quality, respectively. We use
these configurations to asses the potential loss of either run time or final solution quality,
when tuning for improving the anytime behaviour.
Finally, we run all configurations of SCIP obtained from the various tuning setups plus
the default configuration one time on each instance from the test set.
6.2. Analysis of SCIP configurations
As a first step in our analysis, we graphically examine the solution quality over time.
For each configuration, we compute the mean RPD over the 1 000 test instances at each
time step. Next, we plot the mean RPD over time in Fig. 10. We also give in the legend
the mean hypervolume value corresponding to each configuration of SCIP. The plot uses a
logarithmic scale for the x-axis (time), since the largest differences appear on the first half of
the computation time limit.
The plot shows that the configuration tuned with the hypervolume (auto anytime) obtains
a better anytime behaviour (and a higher hypervolume) than the rest. Moreover, both the
configuration tuned for final quality and the one tuned for solving time show worse anytime
18
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Figure 10: Mean RPD over all test instances for different configurations of SCIP. The number in parentheses is the mean hypervolume corresponding to that configuration.
behaviour (and lower hypervolume) than the default configuration of SCIP. The differences
observed in the hypervolume values (and, hence, in the anytime behaviour) of each SCIP
configuration are more evident in Fig 11(a), which shows that the hypervolume values corresponding to auto anytime are much lower than those corresponding to the other configurations
of SCIP.
Improving the anytime behaviour does not necessarily mean that instances are solved
faster to optimality. Fig. 11(b) shows the time required by each configuration to solve each of
the 1 000 test instances. The best configurations of SCIP according to this criterion are the
default configuration and the configuration tuned specifically for this criterion (auto time).
This result is not surprising, since this is the most popular evaluation criterion in mixedinteger programming, and, hence, we presume that SCIP is by default tuned for it.
We also examine the potential loss of final quality. Fig. 11(c) shows the RPD from the
optimal at the cut-off time of 300 seconds. All configurations solve most of the instances to
optimality (or very close to it). However, the configuration tuned for anytime (auto anytime)
is the one that diverges most often from near-optimality. Hence, there is some loss of final
quality when tuning using the hypervolume.
If we look at the solution quality up to a different cut-off time, the situation is certainly
different. For example, if we consider solution quality up to 10 seconds (Fig. 11(d)), there is a
large difference between the configurations. While the auto anytime configuration obtains an
RPD value much lower than 10% in most cases, the RPD values of the default configuration
are frequently larger than 10%.
The observations above are further confirmed by statistical analysis. We carry out four
independent Friedman tests (as described in Sec. 4.3.1), one for each evaluation criterion
shown in Fig. 11. The results of the four tests are reported in Table 9. As expected, the
best configuration in terms of hypervolume is the one tuned for that criterion (auto anytime),
which is significantly better than the rest by a large margin. The auto anytime configuration
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Table 9: Configurations of SCIP ordered according to the sum of ranks with respect to four
different evaluation criteria. The numbers in parenthesis are the difference of ranks relative
to the best ranked configuration. Configurations that are not significantly different from the
best one according to the Friedman test are indicated in bold face.
∆Rα

Configurations (∆R)

Evaluation criterion
Hypervolume

68.1

auto anytime (0), default (1377), auto quality (1658), auto time (2481)

63.7

Time to best found
auto time (0), default (195.5), auto quality (1845.5), auto anytime (2009)

76.8

Quality after 10 seconds
auto anytime (0), default (766), auto quality (1302), auto time (2230)

∞

Final quality (300 seconds)
default (0), auto time (2), auto anytime (21), auto quality (21)

is also the clear winner in terms of the solution quality obtained if stopped after 10 seconds.
Moreover, in terms of final quality, the differences between the strategies are not statistically
significant. In fact, the difference in the sum of ranks between auto anytime and default is
only 21.
Finally, by using the weighted hypervolume as explained in Section 5, we are able to find
a configuration of SCIP with good anytime behaviour and that ranks better than default according to final quality. However, the differences in ranks are still not statistically significant.
Hence, for conciseness, we do not discuss the results of using the weighted hypervolume for
tuning SCIP here, but we provide the results as supplementary material [23]. The results
provided here are sufficient to conclude that the proposed method was able to find a configuration of SCIP that has better anytime behaviour than the default, without a significant loss
of final quality.
7. Conclusions
In this paper, we have shown that the combination of I/F-Race and the hypervolume
quality measure is effective at improving the anytime behaviour of optimisation algorithms.
We have presented two representative and challenging scenarios. The first scenario compares
the results obtained automatically against those obtained by a human expert. The conclusion
from this scenario is that both approaches obtain similar algorithmic configurations, but
the automatic method saves significant human effort. In the second scenario, we apply our
approach to an off-the-shelf optimisation software, with a very large number of parameters.
Despite the more challenging scenario, we also obtain here a significant improvement of the
anytime behaviour.
The choice of the hypervolume measure also allows us to incorporate preference information into the automatic configuration process by means of the weighted hypervolume. We
propose a weighted formulation that emphasises a good final quality but still takes into account the overall anytime behaviour of the algorithms.
An open question is how to extend the results to longer termination criteria than the
ones that are feasible to test during automatic configuration. A problem that may arise is
that configurations produce good results up until the tested termination criterion, but the
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Figure 11: Boxplots of the results obtained by four different parameter configurations of
SCIP according to various evaluation criteria.
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performance becomes unsatisfactory for longer runs. Woodruff et al. [34] have studied how to
predict the point of diminishing returns, which may be used to dynamically set a termination
criterion. Survival analysis techniques may help to estimate the behaviour of the algorithms
for longer runtime [18]. We are convinced that our approach contributes towards the final
goal of designing algorithms that are more robust to different termination criteria and, hence,
applicable to a wider range of scenarios, without sacrificing solution quality.
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