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Abstract
Access to high-quality benchmark instances is essential for developing new algorithms and

constraint models, as well as for comparing existing approaches. However, hand-crafted instances
are often time-consuming to produce and may offer limited coverage of the relevant instance
space. Consequently, automated benchmark instance generation has been widely studied across
optimisation and related fields. In this work, we study AutoIG, a previously proposed constraint-
based automated instance generation framework that combines automated algorithm configuration,
constraint modelling, and constraint solving to generate instances of a specified difficulty for a target
solver. A key limitation of AutoIG is that it does not explicitly encourage diversity among the
generated instances. This can lead to benchmark sets that satisfy the desired difficulty requirements
but provide limited variation in solver behaviour. As a preliminary step towards addressing this
limitation, we investigate three simple mechanisms for promoting diversity in the performance space.
That is, we aim to generate instances that not only meet a target difficulty level, but also induce
diverse performance from the target solver. Experiments on two problem classes and two solvers
show promising potential, while also revealing several open challenges, including how diversity should
be defined and measured, and how diversity-promoting mechanisms affect the search process during
instance generation.
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1 Introduction

Empirical evaluation is central in solver development, and the choice of benchmarking
instances is an important factor of consideration. Benchmark datasets are typically chosen
by researchers to ensure comparability between studies and maintain standardisation. Many
benchmarks exist for different combinatorial problem communities, whether it be through
curating crowd-sourced data [29, 8], semi-automated generation processes [28], or domain
specific fully automated instance generators [21] [16] [4]. However, many datasets become
benchmarks due to availability or inclusion in competitions, rather than formal, analytical
rigour. Consequently, the limited understanding of bias within these datasets risks poor
generalisation of developed algorithms, especially to real-world problems [9] [3].

It is desirable that a benchmarking set contain a large quantity of diverse instances. This
diversity can either be in performance space (e.g. time taken to solve) or in instance feature
space (e.g. number of decision variables). For this study, we focus on performance space,
i.e. the time it takes for a solver to either solve an instance (with proof of optimality for
optimisation problems) or to prove unsatisfiability.

We will explore generating diverse instances within the performance space using AutoIG [6],
a domain-independent constraint-based framework for generating problem instances. AutoIG
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leverages constraint modelling to let users describe the components of a problem instance, and
the constraints among those components, as a constraint model. This makes it broadly useful
for generating benchmark instances that reflect problem-specific structure, while helping
users explore solver performance across instances of a specific level of difficulty or instances
that highlight performance differences between solvers. However, a central limitation of
AutoIG is the lack of explicit mechanisms to ensure diversity of the instances generated.

This study uses AutoIG to generate instances with a specific level of difficulty for a target
solver. Such instances are called graded instances, and are defined as solved within a targeted
range of solving time. We introduce three simple mechanisms to promote diversity in the
solver performance space, two of which make use of a global view of all graded instances
generated so far, while the remaining one focuses on local information to promote instance
subspaces where diverse solver performance potentially lie in. We empirically evaluate those
mechanisms on two problem classes (the multi-agent collaborative construction problem [12]
and the lot sizing problem [30]) and two solvers (chuffed [5] and OR-Tools [20]).

2 Related Work

The generation and selection of benchmark instances has long been studied in combinatorial
optimisation and constraint solving. Benchmark libraries and instance generators have
been developed across different problem domains, including scheduling [14], timetabling [7],
nurse rostering [4], bin packing [19], knapsack [21], SAT [2], and AI planning [1]. These
works highlight the importance of constructing instance sets that are not only sufficiently
challenging, but also representative of the broader instance space.

A closely related line of work is Instance Space Analysis (ISA) [24, 26], which studies
algorithm performance across feature-based representations of an instance space. ISA has
been used both to analyse existing benchmarks and to generate new instances that fill
under-represented regions of the space, often using evolutionary algorithms [25, 27]. This
line of work demonstrates that diversity and coverage are important properties of benchmark
sets, and that benchmark generation should go beyond simply producing hard instances.

Several automated instance generation approaches have also focused on producing in-
stances with particular algorithmic properties, such as hardness or discriminating performance
between solvers [11, 17]. AutoIG belongs to this line of work, but differs from ISA-style
approaches in its use of constraint modelling to describe valid instance spaces and constraint
solving to generate instances from them.

3 Automated Instance Generation using AutoIG

In this section, we give a brief overview of how AutoIG supports generating graded instances,
i.e., instances with a specific level of difficulty for a target solver. AutoIG takes as input a
target solver and two constraint models. The first constraint model specifies the combinatorial
problem that we want to generate instances for. The second one is a generator model, which
describe components of the problem instances and any constraints among those components
that reflect the desired problem structure. Graded instances, whose solving times fall within
a desired range by the target solver and whose components satisfy the desired problem
structure described in the generator model, are found using a combination of irace [13],
an automated algorithm configurator, and constraint solving. The role of irace is to tune
the generator model’s parameters so that we can get as many graded instances from the
generator as possible. Concretely, at each iteration of the instance generation process, irace
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is used for sampling a number of generator configurations – instances of the generator model.
Each generator configuration covers a subspace of the problem instance space under study,
and a problem instance covered by a generator configuration can be produced by solving this
generator configuration using any constraint solver. AutoIG then evaluates the quality of
those generated instances by running the target solver on the instances to see whether the
solving time is within the desired graded range. After this evaluation step, each configuration
receives a score, which is given back to irace to help it decide which configurations are more
likely to generate graded instances (and therefore will be used to guide the sampling in the
next iterations). In the rest of this section, we first describe the irace’s tuning process of
generator configurations, then describe the process by which these configurations are scored.

3.1 irace’s Tuning Process
irace [13] is an automated algorithm configuration tool for optimising configurations of a
parameterised algorithm. At the core of irace is the idea of racing [15], which uses ranked
statistical tests (e.g. the Friedman test) to discard underperforming configurations early.
Each race is split into multiple steps (called instances in irace, though we use steps to avoid
ambiguity), where each surviving configuration is evaluated and ranked against others in the
same step. irace uses these rankings to identify and retain the best-performing, or elite,
configurations during races. Between races, the sampling distributions are updated using the
elites’ values and new configurations are generated from these updated distributions. Races
are repeated until an evaluation budget is consumed, after which the best configurations are
returned.

By default, irace uses an elitist racing mode to prevent elite configurations from being
discarded due to an unlucky series of evaluations. To achieve this, elite configurations are not
discarded before non-elite configurations have been evaluated on the same steps. Each race
starts with a number of new steps where all configurations are evaluated. Subsequently, a
shuffled set of previous steps is appended, preserving prior scores of elite configurations while
the new configurations are evaluated. Only when the new configurations are statistically
better are the existing elites discarded. As such, elitist racing mode should lead to faster
convergence. However, the elitist racing mode assumes that scores from previous evaluations
remain unchanged. This assumption fails as we begin to evaluate instances based on diversity.
Configurations that initially expand coverage may no longer do so as areas of the performance
space become saturated. Therefore, the historical scores become obsolete and may cause
irace to retain configurations longer than desired.

3.2 Scoring the Generator Configurations
Generator configurations are scored in a two-step process. First, the generator configuration
is solved using a constraint solver (the minion solver [10] is used by AutoIG) to get a problem
instance. If no problem instance is produced for any reason (e.g., timeout or the generator
configuration is unsatisfiable), the configurator receives a high penalty score. Otherwise,
the generated problem instance is given to the target solver. If the solving time meets the
user-defined graded range, the instance is marked as graded and the generator configuration
receives a reward score.

The original AutoIG framework assigns identical reward scores and treats all graded
instances equally. This scoring scheme does not actively encourage diversity in the instances
generated. In the next section, we address this limitation by proposing three scoring
mechanisms to promote diversity during irace’s tuning process.
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4 Diversity Scoring During Instance Generation

To encourage diversity in the performance space during the instance generation process,
we introduce three scoring methods to AutoIG. Two of these are global methods, which
measure the impact of new instances on diversity in reference to all previously generated
instances. The third method is local, which only tracks the history of instances generated
by each configuration. We implement this dual approach as the origin of diversity within
the generation process remains unknown. It may be configuration-specific, where a single
configuration defines a complex instance space that inherently generates diverse instances.
Alternatively, if it is driven by the broader instance space, achieving diversity requires
exploring and retaining varied configurations. Having established the rationale for this dual
approach, the remainder of this section details the two global methods, followed by the local
one.

4.1 Global Change in Normalised Entropy
Our first metric measures the impact of newly generated instances on the uniformity of
the distribution via Shannon entropy [23]. To achieve this, we discretise the graded time
range into B bins and calculate the frequency of instances in each bin, represented by
c = (c1, c2, . . . , cB). From this, the normalised Shannon entropy is defined as:

Hnorm = − 1
log(B)

B∑
j=1

pj log(pj)

where nm is the total number of instances and pj = cj

nm
. The difference between entropy

values before and after adding a new instance serves as the evaluation score. Specifically,
instances that decrease uniformity are penalised, while those that increase it are rewarded.

4.2 Maximising Distance to Closest Neighbours
A limitation of the first metric is that it ignores the distance between instances and focuses on
the uniformity of their frequencies. For example, in a five-bin distribution with one instance
in each of the first two bins, the entropy metric is indifferent to whether an instance is added
to the adjacent third bin or the distant fifth bin. However, intuitively, the latter is preferable
due to its distance from existing instances. To capture this, our second metric uses distance
as a proxy for diversity, aiming to maximise the separation between instances.

Because irace requires a single numeric score that is comparable when evaluating
configurations in parallel, our second metric encodes instance separation into a single
optimisable score. We first discretise the graded time range into B bins, each represented by
a single digit in base B. When a new graded instance is generated, we calculate the absolute
temporal distance to its k closest neighbours, mapping each distance to its respective bin
digit. By sorting these digits in ascending order and concatenating them, we create a single
numeric score that can be lexicographically compared. By optimising this score, the process
is forced to find instances that maximise the distance to its nearest neighbours.

4.3 Local Normalised Entropy
While the first two metrics encourage diversity in the broader configuration space, the
third metric focuses on finding configurations with strong diversity. For this approach,
we again employ Shannon entropy. However, rather than evaluating the global history of
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graded instances, we apply it on only instances local to an individual configuration. In
addition, instead of measuring the change in entropy caused by a new instance, we use the
absolute entropy value as the score for configurations. This prioritises configurations that
can independently generate a uniform distribution of instances.

5 Experimental Setup

For the empirical evaluation, we select two problem classes, multi-agent collaborative con-
struction problem (MACC) [12] and Lot-Sizing [30], alongside two solvers: chuffed [5] and
OR-Tools [20]. All experiments are conducted on a high-performance computing cluster with
AMD EPYC 9224 processors. While each experiment uses up to 24 CPU cores for parallel
evaluation, each solver invocation is limited to a single core via the MiniZinc toolchain [18]
and memory capped at 8 GB via the runsolver tool [22]. Every experiment is allocated an
evaluation budget of 2000 runs, and the graded time range is set between 10 seconds and 20
minutes.

For the global entropy method, we divide the time range into 120 bins, obtaining approx-
imately 10 seconds per bin. While the choice of 10 second intervals is arbitrary, this choice
balances the trade-off between overly fine-grained binning that fails to distinguish between
heavily skewed distributions and non-skewed distributions and excessively coarse-grained
binning that obscures meaningful variations within the bins. For the global lexicographic
metric, we discretise the time differences into ten bins for simplicity during concatenation
as we remain in base ten. Finally, for this metric, we evaluate the distance to the nearest
ten neighbours so that enough differences exist to make a comparison while staying within
integer encoding limits.

The evaluation is split into two phases. The first set of experiments determines whether
the elitist racing mode should remain enabled. To test this, we generate graded instances for
each solver-problem combination using the global lexicographic measure, with elitist racing
both enabled and disabled.

Informed by the first set of experiments, a second set of experiments compare the three
proposed scoring methods using the elitist racing mode. For each solver-problem combination,
we generate graded instances using each of the three metrics, alongside a default baseline
without any diversity metric.

6 Experimental Results

First, we compare the empirical results of enabling versus disabling elitist racing mode,
concluding that it should remain enabled. Next, we analyse the outcomes of the second
phase of experiments, visualised in histograms. Finally, we quantitatively assess the diversity
of the generated instance sets and discuss the open challenges associated with any approach
towards quantification.

6.1 Disabling Elitist Racing Mode
The distribution and volume of generated instances for both modes can be seen in figures
1 and 2. While Figure 2 demonstrates non-elitist racing resulting in significantly broader
coverage over the time range, covering the 200-400 seconds range, this behaviour was not
replicated across the other three experiments. The other experiments align more closely with
the pattern seen in Figure 1, where disabling elitist racing mode achieves similar coverage to
elitist racing mode, but consistently generates fewer instances per bin.
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Figure 1 Distribution of chuffed solving times for the lot-sizing problem, comparing elitist racing
enabled and disabled. Solving times are grouped into 20 bins of approximately one minute each.The
y-axis shows the number of generated instances in each bin.

Figure 2 Distribution of OR-Tools solving times for the MACC problem, comparing elitist racing
enabled and disabled. Solving times are grouped into 20 bins of approximately one minute each.The
y-axis shows the number of generated instances in each bin.

Notably, across the three similar experiments, maximising the distance to nearest neigh-
bours is able to generate instances that spanned the graded range, while for the outlier
experiment it failed to do so. This suggests that combining non-elitist racing with a diversity
metric may be beneficial when a problem is particularly trivial for a solver. However further
experimentation is needed to fully explore this phenomenon.

Without further data to justify a switch to non-elitist racing mode, we leave elitist racing
mode enabled for the next phase of experiments.

6.2 Comparing Three Diversity Scoring Metrics
We move on to evaluate the effectiveness of the three diversity scoring metrics proposed in
Section 4 (with elitist racing mode enabled for all experiments).

For all experiments, the solving time distributions are heavily skewed towards computa-
tionally easy instances. This is particularly pronounced for the MACC problem (see Figures
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Base Maximising Distance
to Closest Neighbours

Global
Entropy

Local
Entropy

Chuffed MACC 773 649 1035 1066
Chuffed Lot-Sizing 528 380 501 470
OR-Tools MACC 1125 1004 949 871
OR-Tools Lot-Sizing 452 394 504 573

Table 1 Total number of graded instances generated for each experiment

Figure 3 Distribution of chuffed solving times on the Lot-Sizing problem for three diversity
metrics and the baseline (AutoIG without any diversity scoring), discretised into 20 approximately
one-minute bins. The y-axis shows the number of generated instances in each bin.

Figure 4 Distribution of chuffed solving times on the MACC problem for three diversity metrics
and the baseline, discretised into 20 approximately one-minute bins.

4 and 6), where AutoIG fails to generate instances above 600 seconds using most metrics.
For such computationally simple problems, utilising diversity metrics seems to encourage the
generation of more difficult instances. Examples include applying the maximising distance to
closest neighbours (or the global lexicographic) metric to chuffed or global entropy to OR-
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Figure 5 Distribution of OR-Tools solving times on the Lot-Sizing problem for three diversity
metrics and the baseline, discretised into 20 approximately one-minute bins.

Figure 6 Distribution of OR-Tools solving times on the MACC problem for three diversity metrics
and the baseline, discretised into 20 approximately one-minute bins.

Tools. In the chuffed example, instances were found beyond the baseline range, populating
nearly every minute-sized bin.

However, this increased coverage tends to be at the cost of the total volume of instances
generated. As is demonstrated with the previous two mentioned experiments, generating
124 and 176 fewer instances in comparison to the baseline respectively (see Table 1). There
are exceptions to this pattern. For example, applying the individual entropy metric to the
Lot-Sizing problem with OR-Tools (Figure 5) maintains the same coverage as the baseline,
but increases the number of instances generated.

A distinction will need to be made in future experiments based on whether the baseline
is independently able to cover the graded time range. Perhaps a smaller range of time is
necessary to explore how the metrics perform in a saturated time range.
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6.3 Diversity Measures for Graded Instance Sets
While analysing histograms visually for diversity is tenable for a small number of experiments,
some quantification of this diversity is required to make analysis scalable. The difficulty
arises when trying to pin down exactly what to include in such a quantity. Intuitively, even
coverage over the entire graded time range is the most diverse and should be rewarded. In
addition, the total number of instances needs to be considered to avoid a metric winning by
reducing skew through reducing the number of instances generated. Following this intuition,
we develop two quantifications metrics which we describe below.

6.3.1 Scaled Normalised Shannon Entropy
Normalised Shannon entropy naturally arises as one of the methods when trying to measure
evenly distributed coverage. However, Shannon entropy does not include a measure for the
number of instances. Therefore, to create a metric where both are considered, we multiply
the entropy score with the log-scaled volume of instances:

score = Hnorm log(1 + nm)

6.3.2 Softened Lexicographic Coverage Score
A fundamental limitation of the entropy score is that it does not specifically look at the
filling of bins, rather assuming that uniformity will naturally distribute instances between
bins. To create a metric that prioritises coverage, we define a lexicographic coverage profile:

L(m) = (L1(m), L2(m), L3(m), . . .)

where Lk(m) represents the number of bins containing at least k generated instances. So
L1(m) is the number of bins containing at least one generated instance, L2(m) is the number
of bins containing at least two generated instances and so on. By comparing this score
between instance sets lexicographically, we are able to prioritise the coverage of bins a layer
at a time.

However, relying solely on the lexicographic coverage profile will be overly penalising
to instance sets that may have missed one bin but otherwise provides good coverage and
volume. To soften the penalty, we introduce a tunable variable ρ ∈ (0, 1) that defines the
diminishing returns of repeated bin coverage. This soft coverage metric is defined as:

Dsoft = 1
B

K∑
k=1

ρk−1Lk, 0 < ρ < 1

6.3.3 Post-hoc Diversity Analysis
We now apply the post-hoc diversity metrics to the instance data from the experiments
(Figure 7 and 8), with ρ = 0.5. The baseline method scores well on either metric, usually
coming in second place. The global entropy method performs best between all the different
configurations and across metrics, while the local entropy tends to perform the worst. The
implication is that for the studied problem classes, diversity arises from the generator instance
space, and not from individual generator instances. Improving the rate at which new valid
generator configurations are discovered will be critical to improve upon the diversity of the
results.
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Figure 7 Post-hoc diversity analysis using the softened lexicographic ordering metric

Figure 8 Post-hoc diversity analysis using the scaled normalised Shannon entropy metric

It is notable that according to the histogram in Figure 4, the global lexicographic method
should demonstrate much greater diversity for the MACC problem using chuffed, yet only
the softened lexicographic ordering metric demonstrates this clearly. This is due its emphasis
on coverage first, which is useful for distinguishing between skewed and non-skewed datasets.

It should also be acknowledged that these metrics do not consider distance between
instances: a distribution filling adjacent bins is scored similarly to one filling distant bins.
Further work is needed to develop a distance aware metric.

7 Conclusion and Future Work

In this study we introduce three diversity metrics, two global and one local, to the AutoIG
framework to encourage diverse instance generation. We first explore the effects of disabling
elitist racing mode in combination with the global lexicographic metric. Having seen
inconsistent results, we set the racing mode back to its default and leave further investigation
as future work. We then empirically evaluated the three methods on a combination of the
MACC and Lot-Sizing problems with the chuffed and OR-Tools solvers. While some of
the metrics were visually better than the baseline, the best method was inconsistent across
different experiments. Further experiments using more problem classes are required to decide
on the efficacy of the methods.

In addition, two post-hoc diversity analysis metrics were created in order to find a scalable
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quantifier for diversity. Applying these metrics to the results, it seems that global entropy
dominates the other methods, with the baseline coming in second. Further improvement can
be done by introducing distance awareness into the metrics to avoid clustered distributions.
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