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ABSTRACT
Algorithm selection, aiming to identify the best algorithm for a
given problem, plays a pivotal role in continuous black-box opti-
mization. A common approach involves representing optimization
functions using a set of features, which are then used to train a
machine learning meta-model for selecting suitable algorithms.
Various approaches have demonstrated the effectiveness of these
algorithm selection meta-models. However, not all evaluation ap-
proaches are equally valid for assessing the performance of meta-
models. We highlight methodological issues that frequently occur
in the community and should be addressed when evaluating algo-
rithm selection approaches. First, we identify flaws with the "leave-
instance-out" evaluation technique. We show that non-informative
features and meta-models can achieve high accuracy, which should
not be the case with a well-designed evaluation framework. Second,
we demonstrate that measuring the performance of optimization al-
gorithmswithmetrics sensitive to the scale of the objective function
requires careful consideration of how this impacts the construc-
tion of the meta-model, its predictions, and the model’s error. Such
metrics can falsely present overly optimistic performance assess-
ments of the meta-models. This paper emphasizes the importance
of careful evaluation, as loosely defined methodologies can mislead
researchers, divert efforts, and introduce noise into the field.

CCS CONCEPTS
• Computing methodologies→Machine learning; Learning
latent representations; Supervised learning; • Theory of com-
putation → Design and analysis of algorithms.

1 INTRODUCTION
Benchmarking plays a crucial role in the development of algorithms
and techniques across various fields, providing a standardized
framework for performance evaluation. However, poorly designed
evaluation practices can lead to misleading results [3, 9, 10, 19, 33].
In this paper, we focus on algorithm selection (AS), a central topic in
continuous black-box optimization [14]. The goal of AS is to deter-
mine the most suitable optimization algorithm for a given problem.
The most common approach to addressing this challenge begins by
representing optimization problems from a benchmark suite using
features, such as Exploratory Landscape Analysis (ELA) [17] or one
of the other existing feature sets [5]. Next, optimization algorithms
from the algorithm portfolio are evaluated on each problem individ-
ually to obtain their performance. Subsequently, a machine learning
meta-model is trained to predict the most suitable optimization al-
gorithm for a new problem based on its feature representation.

At the time of writing, the practices for performing and eval-
uating AS are not entirely standardized within the community.
As a result, researchers employ various strategies, as there is no
single, definitive way to evaluate AS methodologies [31]. Practition-
ers are free to choose from benchmark suites such as COmparing
Continuous Optimizers (COCO) [7] or IEEE Congress on Evolu-
tionary Computation (CEC) Special Sessions and Competitions on
Real-Parameter Single-Objective Optimization [32], and often se-
lect algorithm portfolios based on the availability of code for each
specific optimization algorithm. For the meta-model, standard tab-
ular data models, such as random forests or neural networks, are
commonly used. Additionally, practitioners can reformulate the
problem as a classification task, aiming to predict the single best
algorithm [31], or as a multi-class classification task [29], where the
goal is to recommend a set of algorithms. One can even treat AS as a
regression task, where the objective is to predict the ranking of algo-
rithms [21], its performance relative to the other algorithms [5] or
by how much the optimization algorithms will fall short of optimal
values commonly known as target precision [11].

With such a flexible methodology, there is potential for misuse,
whether intentional or accidental. Past approaches have reported
varying levels of success [1, 5, 6, 11, 14, 15, 18, 21]. It is possible to
combine the aforementioned components and develop evaluation
methodologies that lack rigor, allowing nonsensical meta-models to
significantly outperform baselines and existing models, purely due
to flaws in the evaluation approach. In this paper, we highlight two
such issues with the methodology commonly used in the commu-
nity, where incorrect evaluation can lead to wrong or conflicting
conclusions.

The first issue we investigate is the use of the COCO benchmark
in AS. Originally designed for benchmarking optimization algo-
rithms, COCO consists of 24 problem classes, each with multiple
problem instances. These instances are often shifted or translated
versions of the original problem to prevent optimization algorithms
from overfitting to a specific objective function or search region.
Consequently, problem instances within the same problem class
most often have properties that are more similar to each other
than to instances from different classes [16, 26, 28], resulting in
a somewhat comparable performance of optimization algorithms
within instances of the same class [16]. Later adopted by the AS
community, COCO has become a common benchmark for evalu-
ating the capabilities of AS meta-models. In the context of AS on
the COCO benchmark, two main evaluation techniques are used:
the "leave-instance-out" (LIO) method and the "leave-problem-out"
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(LPO) method. With the LIO method, the train and test sets con-
tain all 24 problem classes, with instances of each problem class
being split between the train and test sets. Due to instances of the
same class appearing in both the train and test sets, this approach
is relatively forgiving. A more challenging evaluation is the LPO
evaluation method, where the train set typically contains instances
from 23 problem classes, and the test set contains instances from
the remaining problem class. In our paper, we demonstrate that
the LIO methodology, commonly used with COCO, is flawed when
used to benchmark AS meta-models, as it can lead to misleading
results. Meta-models achieve high performance due to spurious
correlations between features and the target, rather than genuine
predictive capability.

The second issue, which we believe is common, is the use of
scale-sensitive metrics to measure the performance of optimization
algorithms and the subsequent use of these metrics as targets to be
predicted by the meta-models. This approach can lead to several
issues. For instance, when problem instances are not on the same
scale, as is the case with the COCO benchmark, comparing and
aggregating these metrics without accounting for scale becomes
problematic. Furthermore, scale-sensitive metrics can mislead meta-
model construction, as the models may incorrectly attribute impor-
tance to features influenced by scale. Finally, developing baselines
for meta-models trained on such metrics is challenging and can
result in misleading outcomes, where meta-models appear to out-
perform baselines significantly due to the properties of the metrics
rather than genuine model improvements.

Our contribution: In this paper, we identify two significant
shortcomings commonly observed in the evaluation of landscape
features and meta-models. Specifically, we highlight issues related
to the evaluation of LIO and the use of scale-sensitive metrics for
meta-model construction. For both methodological shortcomings,
we provide comprehensive explanations outlining the severe weak-
nesses of the current methodologies and propose potential strate-
gies for their improvement. We argue that the existing benchmark-
ing practices for landscape features and meta-models are flawed,
leading to potentially erroneous conclusions. Due to these short-
comings, we believe that some evaluations of landscape features
and algorithm selection meta-models are likely unreliable due to
flawed evaluation techniques.

Outline: The structure of the following sections is organized as
follows: Section 2 examines the application of the LIO methodology
within the context of AS meta-model evaluation. This is followed by
Section 3, which addresses challenges associated with using scale-
sensitive metrics in model evaluation. Finally, Section 4 presents
concluding observations and remarks.

Reproducibility: The experiments conducted can be replicated
using the code available in the Github repository, accessible at [22].

2 LEAVE-INSTANCE-OUT EVALUATION
In this section, we make the following claim: The "leave-instance-
out" evaluation is flawed, as - due to spurious correlations -
it can result in non-informative features and meta-models
still achieving high performance, producing misleading and
over-optimistic results. To demonstrate this, we adopt an ap-
proach where we deliberately construct non-informative features

that would be deemed useless by most practitioners for the AS
task. Despite this, these features are used to train and evaluate
meta-models within the LIO methodology, which achieves rela-
tively good results and significantly outperforms the single best
solver. This outcome suggests either that the proposed features are,
in fact, useful for AS, or that the LIO methodology itself is flawed
and unsuitable for evaluating meta-models.

Before presenting the full methodology, we will illustrate the
problem of spurious correlations and correlated subgroups using an
example from a different domain. This example will demonstrate
how these issues can significantly impact a classifier’s perceived
accuracy. A well-known example from the computer vision domain
highlights the challenges of spurious correlations when building
machine learning models. In the "Husky vs. Wolf" dataset, the goal
is to classify whether an image contains a wolf or a husky. Initial
attempts achieved high accuracy, often surpassing human experts.
However, these models struggled to generalize to new images and
performed poorly in real-world scenarios, failing to differentiate
between wolves and huskies effectively. The reason became evident
with the application of explainability techniques: most images of
wolves were taken in snowy settings, while husky images rarely
featured snow [27]. Consequently, the models learned to identify
the presence of snow rather than distinguishing the animals them-
selves. This example illustrates how spurious correlations, such
as background features, can undermine model construction and
render any accuracy improvements meaningless. It is important to
note that this issue is not unique to convolutional neural networks
that were used in the study. Even manually crafted features, such
as a ratio of white to non-white pixels, would boost accuracy based
on this irrelevant correlation, rather than capturing a meaningful
distinction between the breeds.

To demonstrate the issue with the LIO methodology, consider a
scenario where a new landscape feature is introduced, and we want
to assess whether it is useful for AS, without being interested in
other tasks such as classification. Additionally, let us make a mild
assumption that the performance of the optimization algorithm
differs between problem classes but is to some degree similar for
the instances of the same problem class [22]. With LIO, there are
four possible cases: (a) the feature is not beneficial for either AS or
problem classification, (b) the feature performs well for AS but not
for classification, (c) the feature performs well only for classification
but not for AS, and (d) the feature performs well for both tasks. The
problematic cases in LIO are (c) and (d), where the feature performs
well for classification. In such cases, if problem instances are highly
similar, the feature may provide a good estimate of an algorithm’s
performance on a specific instance, simply through memorization
(i.e. based on samples identifying to what problem class instance
belongs). Additionally, features that encode the problem class of a
particular instance are likely to be valuable, as they enable accurate
performance estimation by indicating the problem class to which
the instance belongs.

2.1 Methodology
In this section, we outline the methodology used to evaluate the
claim that spurious correlations, together with LIO, may cause
over-optimistic results.
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Our methodology begins by splitting problems into training and
testing sets based on LIO or LPO approaches. Samples are then
obtained from each problem instance to compute features, using
three different feature sets: one based on ELA and two additional
sets introduced below. Optimization algorithms are evaluated on
the training set to assess their performance, which is captured by
ranking the algorithms in terms of the objective function value of
their best-found solution. Given a set of features and algorithm
ranks, meta-models are subsequently trained to map the features
to their respective ranks. These meta-models are then evaluated
on the test set based on their ability to rank algorithms, as mea-
sured by Pairwise Ranking Error, detailed below. This methodology
aligns with approaches commonly used in other studies and is sim-
ilar to standard evaluations in AS. All the details about the exact
methodology used are described below.

Benchmark suite used in this study is the COCO benchmark,
as introduced earlier. We employ the COCO benchmark suite to
highlight potential pitfalls in its application for evaluating AS tech-
niques. Specifically, we use all 24 problem classes, selecting the
first 15 problem instances from each class. In this study, we only
focus on 5𝐷 problems. Note also that other benchmarks do not use
the concepts of problem classes and instances, so they may not be
applicable.

Optimization algorithmportfolio used in this paper is defined
asA = {𝑎1, . . . , 𝑎𝑘 } and includes the following algorithms from the
pymoo [4] framework: Genetic Algorithm (GA) [12], Differential
Evolution (DE) [25], Particle Swarm Optimization (PSO) [13], Evo-
lutionary Strategy (ES) [2], and Covariance Matrix Adaptation Evo-
lution Strategy (CMA-ES) [8]. All the algorithm hyperparameters
were configured using the default values defined in the pymoo [4]
framework version 0.5.0.

Optimization algorithm performance is measured by run-
ning each optimization algorithm 30 times on each problem instance
to obtain its mean rank, which is subsequently used as the target of a
meta-model. All algorithms are evaluated using 1000 function eval-
uations per dimension (i.e., fixed-budget). For our 5-dimensional
problems, this results in a total of 5000 function evaluations.

Feature sets utilized in this paper are derived using three distinct
approaches. Candidate solutions are generated through LHS with
a sample size of 250𝐷 , where fitness values are scaled between 0
and 1 prior to feature extraction. The three techniques employed
for feature extraction are:

i) The first is the well-known ELA feature set [24], with a total
of 85 features used to construct a meta-model.

ii) The second uses the so-called non-informative features. These
features are designed to identify the class of a problem but are not
useful for performing AS. We design non-informative features in
the following way. First, 𝑛 candidate solutions X = {®𝑥1, . . . , ®𝑥𝑛}
are obtained and evaluated Y = {𝑓 ( ®𝑥1), . . . , 𝑓 ( ®𝑥𝑛)}, same as with
ELA features. In the next step, the vector of fitness values 𝑌 is
transformed into a feature 𝑓𝑖 using the following feature construc-
tion template 𝑓𝑖 = 𝑎𝑔𝑔(𝑡𝑟 (𝑠𝑐Y)). In this case, 𝑠𝑐 is a randomly
selected scalar, 𝑡𝑟 is a randomly selected transformation, and 𝑎𝑔𝑔
is an aggregate function. This is repeated to obtain multiple fea-
tures by repeatedly creating functions by randomly selecting ag-
gregate function 𝑎𝑔𝑔 ∈ {𝑚𝑒𝑎𝑛(𝑥),𝑚𝑒𝑑𝑖𝑎𝑛(𝑥), 𝑠𝑡𝑑 (𝑥), 𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒5 (𝑥),

𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒25 (𝑥), 𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒75 (𝑥), 𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒95 (𝑥)}, transformation func-
tion 𝑡𝑟 ∈ {𝑠𝑖𝑛(𝑥), 𝑐𝑜𝑠 (𝑥), 𝑥

1
6 , 𝑥

1
3 , 𝑥

1
2 , 𝑥2, 𝑙𝑜𝑔(𝑥 + 1)}, and scalar 𝑠𝑐 ∈

{0.2, 0.3, 0.5, 0.7, 1, 2, 3, 5, 7, 9}. These features do not use any infor-
mation about where candidate solutions were sampled X but only
the fitness values of candidate solutions Y. Additionally, the first
feature uses the same randomly selected scalar, aggregate, and
transformation functions across all objective functions, and the
same applies to the second feature, etc. Although this methodology
allows us to construct as many features as we like, we created the
same number of features as were used with ELA.

iii) Lastly, to demonstrate the worst-case scenario, we add an
additional feature set. This feature set contains only one feature:
the problem class to which each individual instance belongs. This
serves mainly as a demonstration of what happens if features are
strongly (or perfectly) correlated with the problem class and how a
non-informative feature, in the context of AS, can achieve extremely
good results with LIO evaluation.

Meta-models in our study minimize the MSE between the
ground truth and the predicted ranks. They utilize the random
forest regressor from the scikit-learn library [20] with default hy-
perparameters. Meta-models used in this section are the following:

i) The randommeta-model, which randomly orders optimization
algorithms;

ii) The mean meta-model, which predicts the mean rank of each
optimization algorithm, functioning similarly to a single best solver
in the context of ranking;

iii) The ela meta-model, where ELA features are used to predict
ranks;

iv) The non-inf meta-model, where non-informative features
capture basic and relatively non-informative statistics about objec-
tive function values and use them to predict ranks; and

v) The class meta-model, which uses the class of a problem
instance as a feature in rank prediction.

Meta-models’ error metrics used to evaluate the accuracy of
a meta-model is the Pairwise Ranking Error (PRE) defined as:

𝑃𝑅𝐸 =
1

|A| · ( |A| − 1)
∑︁

(𝑎𝑖 ,𝑎 𝑗 ) ∈A2, 𝑎𝑖≠𝑎 𝑗

𝑟 (𝑎𝑖 , 𝑎 𝑗 ) (1)

𝑟 (𝑎𝑖 , 𝑎 𝑗 ) =
{
0 if 𝑟𝑝 (𝑎𝑖 , 𝑎 𝑗 ) = 𝑟𝑔 (𝑎𝑖 , 𝑎 𝑗 )
1 if 𝑟𝑝 (𝑎𝑖 , 𝑎 𝑗 ) ≠ 𝑟𝑔 (𝑎𝑖 , 𝑎 𝑗 )

(2)

In this context, let 𝑎𝑖 and 𝑎 𝑗 represent algorithms within the port-
folio, with 𝑟𝑝 (𝑎𝑖 , 𝑎 𝑗 ) and 𝑟𝑔 (𝑎𝑖 , 𝑎 𝑗 ) serving as functions that denote
the rank differences between these optimization algorithms. Specif-
ically, 𝑟𝑝 (𝑎𝑖 , 𝑎 𝑗 ) outputs values of -1, 0, or 1, indicating whether the
predicted rank of algorithm 𝑎𝑖 is lower than, equal to, or higher
than the rank of algorithm 𝑎 𝑗 , respectively. Similarly, 𝑟𝑔 (𝑎𝑖 , 𝑎 𝑗 )
follows the same rule, but instead relies on rankings based on the
ground truth. This approach ensures that 𝑟𝑔 (𝑎𝑖 , 𝑎 𝑗 ) yields values of
-1, 0, or 1 by referencing the actual rankings established through
100 runs of each optimization algorithm. The PRE metric evaluates
the effectiveness of ranking algorithms by quantifying the percent-
age of pairs of algorithms where the order of ranks between them
was guessed correctly. A PRE value of 0.0 signifies a perfect match
between the predicted and true order. When ranks are assigned
randomly, the error value is 0.5, indicating that half of the item
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pairs are correctly ordered. A PRE of 1.0 represents the extreme
case where all pairs are misordered, reflecting a scenario in which
the predicted ranking is entirely reversed from the true order.

2.2 Results
This subsection presents the results of evaluating various meta-
models and feature sets for both the LIO and LPO methodologies.
Figure 1 show the PRE of different meta-models across two eval-
uation methodologies. We begin with the LIO evaluation. As ex-
pected, the random meta-model performs the worst, with a PRE of
approximately 0.5, followed by the mean meta-model, which out-
puts the mean ranks of optimization algorithms calculated on the
training set, achieving a PRE of around 0.3. The remaining meta-
models—ela, non-inf, and class—substantially outperform the
baselines, each achieving a PRE below 0.15. Among these threemeta-
models, the non-inf meta-model has the highest PRE at approxi-
mately 0.13, followed by the ELA-based meta-model at 0.1. However,
the best-performing meta-model is class, which uses a single fea-
ture—the problem instance class—and achieves a PRE of 0.05. This
suggests that even trivial summary statistics in the non-inf fea-
tures can yield performance close to that of meta-models using
ELA features. Furthermore, theoretically, if a feature could per-
fectly identify the problem class of an instance, such a meta-model
would outperform the ELA meta-model. This strongly indicates
that within the LIO framework, features effective in classification
can significantly reduce meta-model error, even if the meta-model
has no practical application for AS, as is the case with the problem
class feature. For completeness, LPO validation is also presented.
With LPO, all meta-models, except the random, achieve comparable
performance, revealing that while class and non-informative fea-
tures may show low PRE or even outperform ELA under LIO, this
is due to LIO’s tendency to reward irrelevant features that correlate
with the target—a phenomenon not observed in the LPO evaluation.

class ela mean non-i
nf
rando

m

Meta-model

0.1

0.2

0.3

0.4

0.5

PR
E

Leave-instance-out

class ela mean non-i
nf
rando

m

Meta-model

0.0

0.2

0.4

0.6

0.8

Leave-problem-out

Figure 1: PRE of different meta-models with the LIO eval-
uation strategy (top) and LPO evaluation strategy (bottom).
Each dot represents one train/test split of the data.

2.3 Discussion
Here, we discuss the results from the previous subsection. As ex-
pected, we observe entirely contradictory outcomes between LIO
and LPO, as one evaluation technique is much more challenging
than the other [31]. However, what is unexpected is how well the
meta-model using non-informative and class features performs
with LIO. We believe the main reason for this is the presence of
spurious features—features that reflect some property of a problem
which, while not directly helpful for AS, may correlate with perfor-
mance due to similarities between the problems in the training and
test sets. Instances belonging to the same problem class can have
extremely similar features, and in most cases, optimization algo-
rithms perform similarly on instances of the same class [22]. With
that in mind, there is a high likelihood that spurious correlations
substantially improve the performance of meta-models without any
actual progress. Any meta-model that achieves accuracy between
that of mean and class cannot be claimed to perform AS due to
identifying important problem properties, but rather due to spuri-
ous correlations. Although we do not present the results here due
to space constraints, training meta-models using a single feature
for both ELA and the proposed features, and then evaluating them
on LIO, reveals a strong correlation between classification accuracy
and the PRE of the meta-model. This suggests a potential similarity
between classification and AS in the context of LIO tasks. In other
words, it indicates that features deemed important for classification
might erroneously be considered important for AS when LIO is
used as the evaluation metric.

To draw a parallel with the computer vision example from the
beginning of the section: features that are able to perform AS sim-
ply because they correlate with the class would be conceptually
similar to the ratio of white pixels in the "Husky vs. Wolf" example.
With such a feature, differentiating between wolves and huskies is
not possible. However, given this feature alongside a flawed eval-
uation methodology, achieving high performance becomes much
easier. In essence, non-informative features can significantly boost
performance when faulty evaluation techniques are used.

We would also like to emphasize that the methodology presented
here cannot, in general, be used to test whether feature sets are
informative or not. If a feature set has similar performance charac-
teristics to our non-informative features, that does not necessarily
mean those features are also non-informative. We only show that
non-informative features can perform well with the LIO methodol-
ogy.

We aim to caution researchers against using LIO evaluation and
accepting it as a standard, as it will likely:

• Produce overly optimistic results due to the meta-model captur-
ing spurious correlations that may artificially improve performance.

•Allow for the publication of new, non-informative features that
appear effective solely due to faulty LIO evaluation techniques, but
will never generalize to objective functions that differ from those
in the test set.

• Yield misleading conclusions on feature importance that rely
solely on LIO evaluation, as these will not accurately indicate which
features are crucial for generalization but will reward features that
are good at identifying the class of a problem instance. Using ex-
plainability techniques and claiming that features identified as



The Pitfalls of Benchmarking in Algorithm Selection: What We Are Getting Wrong

important are actually relevant for algorithm selection in general
is misleading. For example, blindly applying feature explainability
techniques on a dataset where the goal is to differentiate between
wolves and huskies and overgeneralizing could lead to the following
conclusion: what differentiates huskies and wolves is not domesti-
cation, appearance, or behavior, but the snowy background.

The argument that LIO serves as a simpler stepping stone to-
wards LPO is misguided. While achieving strong performance on
LIO may seem like progress, it does not inherently translate to
improved LPO outcomes. COCO, with its diverse yet limited set of
problems, is not ideally suited as a benchmark for AS in the con-
text of LPO due to insufficient problem quantity and dissimilarity
among them. Consequently, treating LIO as an easier benchmark
alternative to LPO can yield misleading results, as demonstrated
in this section. If LIO is used, the authors should clearly demon-
strate why their problem set is unique and justifies the use of LIO
methodology, especially in cases where the training and test set
instances represent the same objective function but may be slightly
shifted, scaled, or rotated. While we do not address other tasks, we
believe the same is true for high-level property prediction where
exactly the same problems with spurious correlations can arise.

3 SCALE-SENSITIVE METRICS
This section focuses on the metrics used to measure the perfor-
mance of optimization algorithms and how they affect meta-models.
We make the following claim: Scale-sensitive metrics used to
evaluate the performance of optimization algorithms, in
combination with certain meta-models, can produce highly
misleading results. Using objective functions with different
scales may show a substantial improvement in the meta-
model’s performance, even when this is not the case.

We will first define a more concrete definition of what we mean
by scale-sensitive and scale-independent metrics, as to the best of
our knowledge, this has not been defined in the context of AS.
We define a scale-sensitive performance metric to be one that
changes when the objective function is rescaled. In contrast, a
scale-independent metric for comparing algorithm performance re-
mains unchanged even when the scale of the problem changes. For
example, target precision [11], computed as the difference between
best-found values and the optimal value of the objective function
(defined below) is strongly correlated with the scale of the problem,
as rescaling the problem will almost certainly alter the difference
between the optimum value and the best-found solution. On the
other hand, assuming the trajectory of optimization algorithms is
not affected by the rescaling of the objective function, a metric such
as an algorithm’s rank would be much more stable if the problem is
rescaled. However, be aware that precise definitions can be tricky.
While most optimization problems today, including those discussed
in the paper, are relatively invariant to the problem’s scale (i.e.,
differently scaled objective functions do not significantly alter the
algorithm’s search trajectory), this is not always the case [16]. A
metric might be sensitive to scale with one portfolio of algorithms
but not with another.

A similar concept of metric sensitivity to scaling has been thor-
oughly explored in other domains such as time series forecast-
ing [30]. For example, let us consider the case of a bank with two

individuals forecasting the price of oil. One is based in Europe and
makes forecasts in euros, while the other is based in Japan and
makes forecasts in yen. Both individuals use an identical forecast-
ing model to predict the future price of oil. Their future predictions
are evaluated based on the mean absolute error (MAE). Since 100
yen is approximately 0.6€ (assuming this exchange rate remains
fixed), the same forecasting model will yield different MAE values
depending on the currency used for evaluation. A 1% forecasting
error might translate to a difference of a few hundred yen, but
when measured in euros, it would correspond to only a few euros.
Such an evaluation technique presents several challenges. Since
both time series operate on completely different scales, their errors
will likely reflect this disparity. For instance, an MAE of 20 might
be negligible for forecasts in yen but substantial for forecasts in
euros. Additionally, simply aggregating the errors without account-
ing for the scale of the time series would produce meaningless
results. Using scale-sensitive metrics like MAE makes it impractical
to compare errors across time series with different scales. How
should a bank aim to maximize profit, allocate further funds, and
measure the success of multiple individuals forecasting different
securities? If MAE is used without accounting for differences in
exchange rates, all funds would likely be allocated to the European
individual simply because their MAE appears lower. Such a per-
formance metric is clearly flawed in this context. When hundreds
of securities and currencies are involved, the bank must develop
a strategy to incorporate this knowledge into its decision-making
process effectively. The same principle applies to AS meta-models
combined with scale-sensitive metrics, where similar issues could
arise due to the inappropriate handling of scale differences.

When a meta-model is trained to predict a scale-sensitive per-
formance metric, such as the MAE, using a time series represented
by a set of features, its task becomes quite tricky. A high predicted
MAE could either indicate that the time series is hard to forecast
or simply that the series has a larger scale. In this case, the scale-
sensitive nature of the performance metric means its value can vary
significantly, not only based on forecasting difficulty but also on
the scale of the series itself. Thus, a time series that is harder to
forecast might still have a smaller MAE than a series that is trivially
forecastable but has a larger scale. This makes the meta-model’s
job more complex, as it must learn to separate the effects of scale
from the inherent forecasting difficulty.

Additionally, a consideration with scale-sensitive metrics and
time series of different scales is the need to carefully construct the
baseline for a meta-model. But what would be a reasonable baseline
meta-model in our case of predicting the performance of forecasting
algorithms? The simplest baseline we could construct is a meta-
model that predicts the mean MAE observed during the training
phase. But is such a baseline really reasonable? If MAE accounts for
both the scale of the time series and its difficulty in being forecasted,
then such a baseline is rather meaningless. Any meta-model that
can learn how a time series is scaled will outperform the scale-
agnostic baseline that only predicts the mean MAE independent
of the problem scale. For that reason, scale-sensitive metrics for
measuring the performance of forecasting algorithms are almost
never used for meta-model construction [23].
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3.1 Methodology
To demonstrate how the use of scale-sensitivemetrics for evaluating
optimization algorithm performance can influence the construction
of meta-models and highlight how simply interpreting meta-model
errors can be misleading, the following methodology is employed: a
meta-model is trained to predict an optimization algorithm’s target
precision using a single feature that is correlated with the scale of
the objective function. For the LPO evaluation, this meta-model is
compared against a baseline model that predicts the mean target
precision to determine whether it outperforms the baseline. Addi-
tionally, alongside meta-models predicting target precision, another
set of meta-models is trained to predict the ranks of optimization
algorithms. All the meta-models are then compared to evaluate if
there are any discrepancies between the use of scale-sensitive and
scale-free metrics. Any substantial differences between the metrics
would indicate that, in one case, meta-models might achieve smaller
errors simply due to learning the strong correlation between scale
and target precision through the use of scale-sensitive features.

The methodology is largely the same as in the previous section,
with the Benchmark suite and Optimization algorithm portfo-
lio remaining the same. Note that at no stage of our methodology
did we intentionally rescale the COCO benchmark problems. We
keep them as they are in the COCO framework with large differ-
ences in scale between problem classes. The major difference with
this approach lies in the way we measure performance and the
features used to train the meta-models.

Optimization algorithm performance is measured using a
metric called target precision, which evaluates how close the op-
timization algorithm gets to the optimal value. In other words,
optimization algorithms are assessed in terms of target precision,
defined as 𝑓 ( ®𝑥𝑏𝑒𝑠𝑡_𝑓 𝑜𝑢𝑛𝑑 ) − 𝑓 ( ®𝑥𝑜𝑝𝑡 ), where 𝑓 ( ®𝑥𝑏𝑒𝑠𝑡_𝑓 𝑜𝑢𝑛𝑑 ) repre-
sents the best value found by a specific algorithm, and 𝑓 ( ®𝑥𝑜𝑝𝑡 )
denotes the optimum value for the given problem. This value is
then used as a target for meta-model training. All the other metrics
are the same as in the previous subsection.

Feature set in this section consists of only a single feature
named 𝑓𝑠𝑐𝑎𝑙𝑒 , constructed in the following way. Given candidate
solutions that are evaluated to obtain 𝑌 = {𝑓 ( ®𝑥1), . . . , 𝑓 ( ®𝑥𝑛)}, the
feature 𝑓𝑠𝑐𝑎𝑙𝑒 is defined as 𝑓𝑠𝑐𝑎𝑙𝑒 = max (Y) −min(Y). This feature
essentially captures how the problem is scaled based on the initial
set of samples.

Meta-models used in this section are as follows:
mean-precision, which predicts the mean precision obtained on
the training data without using any features; mean-rank, which
is identical to the previous model but predicts ranks instead
of precision; and rf-precision and rf-rank, which predict
precision and rank, respectively, based on a single feature defined
above. All meta-models are set up to minimize MSE between
predicted target precision and ground truth target precision, or, in
the case of ranks, between ground truth ranks and predicted ranks.

Meta-models’ error metric is defined as follows. Meta-
models trained to predict target precision (rf-precision and
mean-precision) are evaluated using MSE on raw predictions
and PRE when target precision values are transformed into ranks.
On the other hand, rank prediction meta-models (rf-rank and
mean-rank) are evaluated solely using PRE.

3.2 Results
The first part of the results section addresses the sensitivity of
metrics to scaling and how this affects scale-sensitive and scale-free
metrics. Figure 2 illustrates this characteristic of the metrics. We
plot target precision and rank relative to scale for two of the five
optimization algorithms on the first instances of problems classes 4,
13, and 24. Clear patterns emerge, showing that, in this scenario, the
precision metric is highly correlated with the scale of the instance,
while rank remains relatively consistent, regardless of scale. This
points to the fact that one can arbitrarily increase/decrease the
target precision singly by rescaling the objective function, while
the same is not true for ranks. Additionally, using a target precision
can be a poor indicator of problem difficulty as comparisons in
terms of target precision between problems on different scales (as
is the case with COCO problems) are meaningless.
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Figure 2: Comparison of target precision and rank metrics (y-
axis) for quantifying the performance of algorithms for the
first instance of COCO problems 4, 13, and 24. All instances
are artificially rescaled and their scale is measured with 𝑓𝑠𝑐𝑎𝑙𝑒
feature (x-axis). Results are reported for only two out of five
algorithms in the portfolio.

In the second part of this section, we focus on the discrepancy
between scale-sensitive and scale-free metrics and why setting
up a baseline is so difficult with scale-sensitive metrics. First, we
plot the MSE of mean-precision and rf-precisionmeta-models
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in Figure 3 using the LPO methodology. The MSE is aggregated
over all five optimization algorithms, and each individual point
shows the error of a meta-model on one of the 24 splits. From
this, we can conclude that the rf-precision meta-model, using
only a single feature 𝑓𝑠𝑐𝑎𝑙𝑒 defined above, gives extremely good
results. Its accuracy is an order ofmagnitude better than the baseline
mean-precision. This is confirmed with theWilcoxon signed-rank
test (p < 0.05), where we observe a statistically significant difference
in the performance of the two meta-models. But how is it possible
to achieve such impressive results using only a single feature, when
even more advanced meta-models [5, 6, 31] struggle to achieve this?
And are these results really as impressive as they appear? Surely,
such a good target prediction meta-model should be capable of
correctly ranking optimization algorithms from best to worst, even
for the LPO methodology.

The next step is to use the rf-precision and mean-precision
meta-models to rank optimization algorithms. This is performed
as follows: among the five algorithms, the one with the lowest pre-
dicted target precision is ranked as the best, the second lowest target
precision as the second best, and so on for all five. The obtained
ranks are then compared with the PRE metric to measure the error
between the predicted and ground truth ranks of the optimization
algorithms. Figure 3 shows the PRE of all four meta-models. To
our surprise, the rf-precision meta-model is no longer effective
when evaluated with a scale-free metric. Even more surprisingly,
there is no longer any difference in performance between the four
meta-models. Using the Friedman test for statistical comparison at
a significance level of 0.05, the performances do not differ in any
significant way. So how could rf-precision meta-model go from
significantly outperforming the baseline when evaluated with the
MSE when predicting a scale-sensitive target precision metric to
showing no difference between meta-models on a scale-free metric?
We discuss this in the next section.

3.3 Discussion
Achieving a target precision of 0.03 in an optimization problem is
hard to evaluate without knowing the objective function’s scale.
Precision depends on scaling; 0.03 might be negligible for a function
ranging from 0 to 10,000 but unacceptably high for one ranging
from 0 to 1. Thus, target precisions from differently scaled functions
cannot be directly compared without normalization, as they repre-
sent varying relative accuracies and risk misleading conclusions.

A similar issue arises when predicting target precision errors
using a meta-model. For objective functions of different scales, one
can expect the errors to follow a similar pattern, meaning the meta-
model will have larger errors for objective functions with larger
scales. This implies that reporting metrics like MSE or MAE for a
meta-model’s predictions of target precision compared to the true
target precision would also be meaningless without considering
scale. When performing k-fold cross-validation, different train/test
splits could result in errors that differ by order ofmagnitude, making
the evaluation inconsistent and unreliable without proper scaling.

The second issue we discuss is the contradictory results between
using scale-sensitive and scale-free metrics to measure the per-
formance of AS. Both use similar baselines (mean precision and
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Figure 3: Left: MSE calculated between true and predicted
target precision for two meta-models aggregated across all
five optimization algorithms. With only a single feature, the
rf-precisionmeta-model outperforms the mean-precision
by orders of magnitude. Right: Evaluating four different
meta-models to determine their success in ranking five op-
timization algorithms in the LPO setting. Two of the meta-
models directly predict the ranks, while the remaining two
meta-models predict target precision, which is then trans-
formed into ranks. The large differences between the meta-
models are now nonexistent.

mean rank), the same features, and a similar method of construct-
ing the meta-model (random forest), yet the results are completely
different. Why is this the case? We believe the main reason is the
following: the target precision metric concurrently measures two
aspects. When a particular problem is harder to solve (for example,
in terms of multimodality), the optimization algorithm will, in most
cases, find inferior solutions compared to an unimodal problem,
thereby resulting in worse performance in terms of target precision.
However, this is not the sole factor contributing to an increase in
error for scale-sensitive metrics. Even if the problem’s difficulty
remains constant, scaling the problem can also increase or decrease
the precision error. Consequently, such errors have two components
that are often challenging to untangle. If a meta-model is evaluated
on its ability to predict target precision, there are two ways to re-
duce the error. The first is to learn what makes a problem more or
less difficult, and adjust the expected error that the optimization
algorithm will make based on that. The other way to improve the
performance of such a model is to include features that capture the
scale of the problem and adjust the prediction accordingly.

Suppose we have two objective functions for which we need to
predict performance, measured by target precision, without any
additional information. The best we could do in this case would
be to predict the mean precision calculated from the training set.
However, if information on the problem’s scale is provided, we
can significantly improve precision simply by predicting the mean
error conditioned on the objective function’s scale. This approach
can substantially reduce the error without actually improving the
ability to select the best algorithm. The same is not true for scale-
independent metrics like the PRE metric, since the rank of the
optimization algorithm does not change with scale. This points
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to a rather alarming fact that even if the meta-model is good at
predicting target precision, this will not necessarily translate into a
good AS model.

One might argue that the scale-sensitive feature used here is not
relevant in practice and that no one would actually use it. While
this is true, many ELA features, for instance, are also sensitive to
the problem’s scale [34], which would similarly introduce scale-
dependent information into the meta-model. To create a proper
baseline for evaluating precision, the baseline must account for the
problem’s scale; otherwise, it is too weak to be useful.

We believe the following recommendations should be applied
when evaluating AS meta-models:

• Using scale-sensitive metrics to measure algorithm perfor-
mance, such as target precision, can be interpreted in multiple ways.
A large error may indicate that a particular objective function is
either more difficult to solve or is differently scaled. Comparing
algorithms based on scale-sensitive metrics is tricky for differently
scaled objective functions. Aggregating such metrics should be
avoided as it can lead to misleading results.

• A meta-model trained to predict a scale-sensitive metric of
optimization algorithm performance might struggle to learn how
the algorithm’s performance relates to the difficulty and scale of
the problem. As a result, it may only capture how the features are
related to the scale of the objective function.

• Trained meta-models should be evaluated using appropriate
metrics. Metrics like classification accuracy, PRE, or similar alterna-
tives are more suitable in such cases, as the meta-model only needs
to learn which algorithm to select, independent of scale. Reporting
the success of meta-models in predicting scale-sensitive metrics (in
terms of MSE, MAE, or similar metrics) is largely meaningless, as
such meta-models may not necessarily perform well for the task of
algorithm selection.

• Using any sort of explainability techniques together with meta-
models trained on scale-sensitive metrics will produce misleading
feature importance values, as scale-sensitive features will have their
importance artificially inflated. This indicates that the larger the
differences in scale, the more important the scale-sensitive features
will appear.

4 CONCLUSION
This study highlights some common but often overlooked pitfalls
in algorithm selection evaluation methodologies that can lead to
overly optimistic and misleading results. We presented two exam-
ples where improper evaluation practices can result in incorrect
conclusions. First, we demonstrated how the use of the LIO method-
ology applicable when using COCO benchmark can produce mean-
ingless meta-models with seemingly good performance. This occurs
due to strong correlations between features and algorithm perfor-
mances when similar problem instances appear in both the training
and test sets. Second, we addressed the issue of using scale-sensitive
metrics, where improvements over baseline models may seem sig-
nificant but are artifacts of flaws in the metrics themselves. For both
issues, we provided a detailed analysis explaining their causes and
outlined strategies to mitigate them. We acknowledge that no eval-
uation methodology is perfect. However, we believe that current

approaches to algorithm selection are inadequate, with significant
effort being invested in methodologies that are ineffective.

In this work, we have highlighted key methodological challenges
and addressed specific gaps in the current landscape of AS. We
believe that the presented pitfalls are not simply "small" errors that
are to some degree expected when writing a paper. Examples of
such minor issues include incorrectly reporting some of the default
hyperparameter values of an algorithm or applying inappropriate
statistical tests. The pitfalls addressed in this paper, if not properly
handled, can invalidate many of the core claims that authors in
the community often make. This discussion is not intended as a
critique of any specific papers, and especially not to question the
value of widely recognized benchmarks like COCO or techniques
such as ELA features, both of which remain perfectly valid and have
significantly advanced the field, even though they are sometimes
used within the faulty methodologies we discuss. We deliberately
chose not to list specific papers where the approaches we described
as problematic have been employed, focusing instead on fostering
constructive discussions about methodological improvements. We
acknowledge that we, the authors, have also previously employed
some of the approaches we now advocate against using.

Future research should focus on refining benchmarking prac-
tices through more rigorous and accurate evaluation methodologies.
While this paper primarily points out the weaknesses of current
approaches used in the community, further work is needed to es-
tablish best practices for reliable assessments of AS meta-models
and landscape features.
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