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Instructions

1. Familiarize yourself with the most successful method for continuous black-box 

optimization, the CMA-ES evolutionary algorithm (see Hansen, 2006).

2. Get acquainted with the surrogate modeling approach for black-box optimization, 

particularly regarding the CMA-ES algorithm (see, for example, Bajer et al., 2019).

3. Learn about the Comparing Continuous Optimizers (COCO) tool, developed at Inria 

Saclay, which is used to test black-box optimization methods and their surrogate models.

4. Explore the following four types of modern artificial neural networks:

   a) Multi-layer perceptron with kernel parameterization (see, for example, Paria et al., 

2022)

   b) Variational autoencoder (see, for example, Kim et al., 2023)

   c) Generative adversarial networks (see, for example, Lu et al., 2022)

   d) Networks for learning the prior distribution of data (see Müller et al., 2023)

5. Based on the knowledge gained in points 1-4, your professional interests, and 

considering the implementation challenges of integrating CMA-ES with the selected 

network, select one or two of these networks to evaluate their effectiveness as surrogate 

models for CMA-ES.

6. Using a suitable implementation of CMA-ES, implement a new version of CMA-ES that 

uses your chosen network(s) as surrogate model(s).

7. Test the implemented version of CMA-ES using the COCO tool, which will compare it 

with several dozen other versions of CMA-ES, including those using surrogate models 

(and, if you are interested, with other methods for black-box optimization).
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Abstract

The Covariance Matrix Adaptation Evolution Strategy (CMA-ES) was com-
bined with ensembles of networks with different activation functions as a surro-
gate model. Over a year of rigorous experimentation, these ensembles demon-
strated an ability to estimate uncertainty. However, while they showed po-
tential, they did not prove to be a universal solution, yielding mixed results
across different functions and dimensions.

Significant focus was placed on dimension 2, where enhancements in per-
formance were observed, albeit with varying success in other dimensions where
results often deteriorated. This investigation posits that, with an investment
of time comparable to that required for Gaussian Process (GP)-based surro-
gates, similar or better outcomes might be achieved. Yet, the practicality of
such an investment is questioned, especially considering the existing efficacy
of advanced methods like DTS-CMA-ES and lq-CMA-ES.

A principal contribution of this thesis is the development of a mini-framework
for surrogate testing, designed to lower the barriers to entry for researchers and
practitioners interested in applying surrogate models to CMA-ES.

Keywords derivative-free optimization, evolution strategy, ES, surrogate-
modelling, NN, RAF, evolution control, EC

Abstrakt

Metoda CMA-ES byla zkombinována s ansámbly sítí s různými aktivačními
funkcemi jako náhradní model. Během ročního důkladného experimentování
tyto ansámbly prokázaly schopnost odhadovat nejistotu. Ačkoli ukázaly poten-
ciál, neprokázaly se jako univerzální řešení, přinášely smíšené výsledky napříč
různými funkcemi a dimenzemi.

Značná pozornost byla věnována dimenzi 2, kde bylo pozorováno zlepšení
výkonu, ačkoliv s různým úspěchem v ostatních dimenzích, kde výsledky často
zhoršovaly. Toto vyšetřování předpokládá, že s investicí času srovnatelnou
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s tou, která je vyžadována pro náhradní modely založené na Gaussovských
procesech (GP), by mohly být dosaženy podobné nebo lepší výsledky. Nicméně
praktičnost takové investice je zpochybňována, zejména vzhledem k existující
efektivitě pokročilých metod jako jsou DTS-CMA-ES a lq-CMA-ES.

Hlavním přínosem této práce je vývoj mini-frameworku pro testování náhrad-
ních modelů, který je navržen tak, aby snížil bariéry pro vstup pro výzkumníky
a praktiky zajímající se o aplikaci náhradních modelů na CMA-ES.

Klíčová slova Optimalizace bez známých derivací, Evoluční strategie, ES,
Náhradní modelování, NN, RAF, Kontrola evoluce, EC



Introduction

Often in life, we strive to make the best decisions but cannot foresee the
outcomes. In mathematics, this is called derivative-free optimization.

0.1 Derivative-free Optimization
Derivative-free optimization is a field where the only accessible information
about the function being optimized is its values evaluated at given points. In
this setting, there are no assumptions about the function’s shape or struc-
ture, and there is no access to its gradients[1]. The discipline of derivative-free
optimization has a rich scientific history. It’s unsurprising, given its broad
range of applications, spanning aerodynamics design [2], hyper-parameter op-
timization of machine learning algorithms, and materials science, such as al-
loy design and synthesis of short polymer fibers, as well as bio-engineering
tasks like 3D bio-printing and molecule design[3]. The field is also known
by other names, including gradient-free optimization, optimization without
derivatives, or zeroth-order optimization; a prominent sub-field is black-box
optimization[4].

▸ Definiton 0.1 (Archive). The archive is a collection of evaluated points and
their function values. We can say the archive grows during the optimization.

0.1.1 Evolutionary Algorithms (EAs)
Evolutionary Algorithms (EAs) are a prominent approach for derivative-free
optimization, inspired by biological evolution. One of their strengths is the
ability to deal with complex, multi-modal, and noisy functions. This robust-
ness is rooted in directing the search by a population of candidate solutions[5].

EAs operate through cycles called generations. In each generation, a
stochastic variation-often small-is introduced to the current population, fol-
lowed by the selection of the fittest individuals[6]. Variation operators, such
as mutation or crossover, help explore the search space while taking into ac-
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count the information already gathered about the problem. Meanwhile, the
selection process directs the search towards promising regions, effectively bal-
ancing the exploration-exploitation trade-off[5].

Despite these advantages, a major limitation of EAs is the high number of
function evaluations typically required. This becomes prohibitive in scenarios
where evaluations are expensive, a common case in real-world applications.

Evolution strategies (ES), as a subset of evolutionary algorithms, date back
to the 1960s. They are best suited for black-box optimization in continuous
search spaces. Algorithmically speaking, ES methods generate new candidate
solutions stochastically, typically sampling from a multivariate normal proba-
bility distribution [6].

0.2 CMA-ES
Among evolution strategies, the Covariance Matrix Adaptation Evolution Strat-
egy (CMA-ES) is considered one of the state-of-the-art methods for black-box
optimization[7]. One of its design goals was to be able to solve ill-conditioned
and non-separable problems[8]. In CMA-ES, a population of search points
(individuals, offspring) x1, ..., xλ is sampled from the multivariate normal dis-
tribution N (m(g),C(g)) where the mean and covariance matrix are adapted
based on the function values of the search points.

The new mean, m(g+1), is calculated as the weighted average of the fittest
subset of the population, with weights assigned such that better points receive
larger weights.

Similarly, the new covariance matrix C(g+1) is estimated using a weighted
subset of the population. Because estimating the covariance from a single
population can be unreliable, especially for smaller populations, adaptation
procedures: rank-µ-update and rank-one-update are employed[8].

Figure 1 CMA-ES step example - Left: Search points sample, Middle: Weighing
best points, Right: New mean and covariance estimates[8].

Step-size σ(g) Adaptation While the Covariance Matrix Adaptation pri-
marily influences the search direction, the step size σ(g) controls the scale
of the search. By default, CMA-ES performs a Cumulative Step-size Adap-
tation (CSA), which utilizes an evolution path, i.e., a cumulative sum of
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successive steps. The length of this path is compared to its expected length
under random selection, where each step is independent and uncorrelated.
If the evolution path is longer than expected, indicating a consistent di-
rection in the steps, σ is increased to allow for larger steps. Conversely, if
the steps tend to cancel each other out, suggesting that the step size may
be too large, σ is decreased [8]. An alternative is the Two-Point Step-size
Adaptation (TPA) [9].

Active CMA-ES This variant, also a default setting, leverages information
about unsuccessful offspring to actively reduce variances in the mutation
distribution along less promising directions of the search space [10].

Population Size λ The default population size is set to 4+ ⌊3 ln n⌋. Increas-
ing λ generally enhances the global search capabilities but at the cost of
more function evaluations[11].

IPOP-CMA-ES This is a restart strategy in CMA-ES, where the population
size is increased for each restart (IPOP), usually by a factor of 2. As noted
above, this adjustment makes the search progressively more global after
each restart[12].

Boundary Handling In situations where the solution is not expected to be
close to the infeasible region, a straightforward approach is to set any value
outside the boundaries to the maximum (reasonable) value or to resample
the points outside the feasible region. However, these approaches do not
work well when the solution lies close to the boundary. For such cases,
techniques, termed "repair", exist to address this issue. It is important to
note that naive solutions, such as clipping to the boundary, can lead to
problems such as divergence or too fast convergence of the step-size. The
default configuration for CMA-ES is to operate on the RD[8].

0.3 Surrogate Modeling
Due to the nature of evolutionary algorithms, they typically require a large
number of function evaluations. However, in many real-world applications,
evaluating the optimization function can be time-consuming or costly. In these
situations, employing an approximate model, also known as a meta-model or
surrogate, to estimate some function values and save on their evaluations can
be of great help [13].

The term "surrogate model" is also used in Bayesian optimization (BO)
with a slightly different meaning. Bayesian optimization is another recognized
approach for derivative-free optimization, particularly well-suited for functions
that are expensive to evaluate. It traditionally constructs a probabilistic sur-
rogate model, which places a prior on the function being optimized and con-
tinuously updates this model based on new evaluations. The decision of which
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points to evaluate next is made by an acquisition function, such as Expected
Improvement, that utilizes the posterior distribution modeled by the surro-
gate[3]. In simple terms, the acquisition function chooses points with a high
probability of finding a new optimum.

In this work, the Evolution Strategy (ES) requires values for all search
points, not just the most promising ones based on the model. Therefore,
the surrogate’s role is not only to identify the most promising points but to
estimate all the values, effectively reducing the number of evaluations required.
This approach is intuitively based on the premise that the function values of
many points can be sufficiently approximated using the data already observed.

0.4 Benchmarking
Quantifying and comparing performance is a vital aspect of research on opti-
mization algorithms. Several benchmark suites are available, some of which are
listed here[14]. This work specifically targets the Noiseless Functions from the
Black-box Optimization Benchmarking (BBOB) test suite, which comprises 24
noise-free real-parameter single-objective functions [15].

0.4.1 BBOB Noiseless Functions
According to the authors, the functions were selected to assess the performance
of optimization algorithms against typical challenges encountered in continu-
ous domain search. The goal was for the collection to represent a balanced
range of difficulties, emphasizing characteristics known to pose challenges in
practice, such as ill-conditioning, non-separability, non-convexity, and rugged-
ness. Easier functions were considered of lesser interest [15, 16, 14].

Dimensionality D All functions are arbitrarily scalable in dimension[17].
Throughout this work, D without further specification refers to dimension.

Domain Each function is defined and evaluable over RD, with the actual
search domain specified as [−5, 5D], within which global optimum is always
located[18].

Optimum For the majority of functions, the global optimum is uniformly
distributed over [−4, 4]D. The optimum’s value is drawn from a Cauchy
distribution, with a zero median and about 50% of the values lying between
−100 and 100[18].

Instances For most functions, neither the location of the optimum nor the
function value is fixed. This variability allows for the generation of in-
stances (potentially random) for each function by shifting both the op-
timum’s location and value. The underlying assumption for subsequent
analysis is that different instances of the same test function present similar
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difficulties. This concept of instances enables a fair comparison between
deterministic and stochastic solvers and prevents solvers from exploiting
specific properties of a particular function instance, such as the position of
the optimum[14].

Problem A specific instance of a given function is often referred to as a
"problem" to distinguish it from the generic function type. For example, a
Sphere function may appear in multiple dimensions and instances, whereas
a specific Sphere problem can be evaluated or optimized by a solver. The
default problems in the BBOB test suite span dimensions (2, 3, 5, 10, 20,
40) and comprise 15 instances each[14].

Conditioning Generally, a function is considered ill-conditioned if, for points
with similar function values, the minimal displacement in the search space
required to achieve a given improvement in function value differs by orders
of magnitude[19].

The noiseless functions are divided into 5 groups based on separability,
conditioning, modality, and global structure.

Separable Functions

Figure 2 Functions (from the left) 1. Sphere, 2. Ellipsoidal, 3. Rastrigin, 4.
Büche-Rastrigin, 5. Linear Slope[18].

Functions with Low or Moderate Conditioning

Figure 3 Functions (from the left) 6. Attractive Sector, 7. Step Ellipsoidal, 8.
Rosenbrock, 9. Rosenbrock rotated[18].
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Functions with High Conditioning and Unimodal

Figure 4 Functions (from the left) 10. Ellipsoidal, 11. Discus, 12. Bent Cigar, 13.
Sharp Ridge, 14. Different Powers[18].

Multi-modal Functions with Adequate Global Structure

Figure 5 Functions (from the left) 15. Rastrigin, 16. Weierstrass, 17. Schaffers
F7, 18. Schaffers F7 ill-conditioned, 19. Composite Griewank-Rosenbrock F8F2[18].

Multi-modal Functions with Weak Global Structure

Figure 6 Functions (from the left) 20. Schwefel, 21. Gallagher’s Gaussian 101-
me Peaks, 22. Gallagher’s Gaussian 21-hi Peaks, 23. Katsuura, 24. Lunacek bi-
Rastrigin[18].

0.4.2 Performance Measurement
Budget The budget refers to the allowed number of function evaluations,

typically specified as a multiple of the dimension. There is no inherent
predefined budget (see Anytime Assessment Approach). As a result, all
results are comparable up to the smallest chosen budget in the solver set.
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The larger the budget, the more data are generated for comparison with
other algorithms[14].

Runtime The runtime of a solver for a target is the number of evaluations per-
formed until the target value is reached or surpassed for the first time[14].

Expected Runtime (ERT) Expected Runtime (ERT), or Averaging Run-
time for a target, is calculated from a set of trials as “the sum of all evalu-
ations in unsuccessful trials plus the sum of the runtimes in all successful
trials, both divided by the number of successful trials”[20].

Target A target is a specified function value. Solver performance is measured
by the runtimes of these targets. Targets can be defined based on distances
to the optimal value, which can be considered precisions, e.g., a problem
was solved with a precision of 10−5.

Anytime Assessment Approach The performance is measured over the
whole run of the solver, not just after reaching a specific runtime, budget,
or target [14].

Budget-based Target Values In addition to using predefined precisions,
targets can be defined based on budgets and a finite set of solvers. For
any given budget, the easiest target is chosen such that the expected run-
time of every solver for that target exceeds the specified budget. These
budget-based or run-length-based targets depend on the solver set and are
specific for each function and dimension.



Chapter 1

Related Work

There is nothing wrong with reinventing the wheel from time to time, but
not every day on your way to work.

Surrogate modeling has proven itself as a valuable improvement to the already
powerful CMA-ES algorithm [5]. In this chapter, I first briefly describe the
most recent attempt known to me to enhance CMA-ES with Neural Networks.
Subsequently, I discuss two state-of-the-art surrogate methods: DTS-CMA-ES
and lq-CMA-ES. I present an overview of their main components.

1.1 Neural Network Assisted CMA-ES
“Over the past decade, neural networks have emerged as a potential candidate
to play the role of surrogate model in black-box optimization”[3].

Multi-layer perceptrons were extensively tested as surrogate models[21].
However, specifically with CMA-ES, to the best of my knowledge, it was only
done by Yaochu et al.[2, 22].

“it allows us to take advantage of the self-adaptation of the covariance
matrix in online training of the neural network model. The basic idea is that
the new data points that lie along the direction in which the evolutionary
algorithm proceeds should be given larger weight in online learning”[22]

The MLP network used has one hidden layer with 20 nodes. The evolution
control is generation-based, where the ratio of using approximated values is
proportional to the mean current error[22].

“The most important question is how many individuals or how many gen-
erations should be controlled to guarantee the correct convergence of an evo-
lutionary algorithm when false optima are present in the approximate fitness
function. To answer this question, simulations have been carried out on the
Ackley function [35] and the Rosenbrock function [36], which have been studied
widely in the field of evolutionary computation. Based on these empirical stud-

8
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ies, a framework for model management in generation-based evolution control
is proposed.”[22]

1.2 DTS-CMA-ES
Is an approach where the surrogate model is a Gaussian Process. In each
generation, a GP is trained on a transformed subset of the Archive. The
current evaluation ratio α(g) of points with the greatest acquisition function
values are evaluated, and the second model is trained with these additional
evaluated points. The predictions of the second model are used as surrogate
values, offset by the so far best optimum[23].

▸ Definiton 1.1 (Double Population Bigger Sigma CMA-ES). In DTS they
used initial step-size σ(0) = 8

3 and initial population size λ = 8 + ⌈6 ln D⌉[23]
which (is up to +1) double the CMA-ES default 4 + ⌊3 ln n⌋[8].

▸ Definiton 1.2 (Closest to Each Test Point Bounded by rAmax and Nmax

Subset). This method maximizes the equality of the number of closest (in Ma-
halanobis distance) train points for each test point, regarding the maximum
distance rAmax and maximum number of train points allowed[23].

▸ Definiton 1.3 (CMA-ES Distribution Feature Transformation). The train
points are standardized with regards to the current CMA-ES mean and standard
deviation corrected with the step-size[23].

▸ Definiton 1.4 (Subset Standardization Target Transformation). The train
point values are standardized with mean and standard deviation estimated from
the train subset[23].

▸ Definiton 1.5 (Double Training). The model is trained twice in the gener-
ation, first on the train subset, and second time on the train subset plus some
search points that were already evaluated[23].

▸ Definiton 1.6 (RDE Controlled Ratio EC). The points to evaluate are
chosen as the α(g) ratio of the points with the greatest acquisition function
values. The α(g) is driven by the smoothed error from the previous generation
between the first and second model predictions[23].

1.3 lq-CMA-ES
The surrogate model performs Linear to Full Quadratic Regression based on
the number of Archive points available.

“lmm-CMA-ES [ 20 ] uses local meta-models to compute a different sur-
rogate for each solution (offspring). Our approach is different in that i) we
maintain only a global model on which all offspring are eventually evaluated;
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ii) our regression weights are based on a distance in f-space (i.e. fitness) in-
stead of a distance in x-space; iii) we compare to the true ranking (instead of
rank changes from adding data) in order to decide when to accept the model;
iv) the internal computational complexity is smaller by the order of λ/log(λ).
Compared to both above approaches, we i) start already after three or four
evaluations to build a model; ii) change the model complexity and estimate also
linear and diagonal-quadratic models before have gathered 1.1(n(n+ 3)/2+ 1)
data samples to estimate a full quadratic model; iii) utilize the model opti-
mum to inject in the population in the next iteration, and iv) use CMA-ES
with active covariance matrix update”[24]

▸ Definiton 1.7 (Last N Sorted Generation Subset). The lq-CMA-ES subsets
the Archive as the last n points, where n is driven by the model’s degrees of
freedom. The points are sorted inside each generation, so the last point that
remains from the previous generation is the one with the best function value
compared to the rest of that generation[24].

▸ Definiton 1.8 (Weights 20 to 1). The regression uses linear weights from
20 to 1, where the greatest weights go to the points at the end, i.e., with the
best value[24].

▸ Definiton 1.9 (Train With New Data). Every time when a prediction is
needed, there is a check if the model was trained with the newest evaluated
points; if not, then the regression weights are re-estimated[24].

▸ Definiton 1.10 (Smart Offset). Calculate the difference between the small-
est prediction and the point’s function value and offset all predictions by this
difference[24].

▸ Definiton 1.11 (Evaluate Until Kendall Under Threshold). This evaluation
control evaluates points sorted from the best prediction to the worst. Calculates
Kendall coefficient, if it is greater than 0.85, for the rest of the points the model
value is offset by the "smart offset" and used. For details see[24].

[24]

1.4 Surrogate Model - Evolution Control Interplay

In this paper[7], Pitra et al. showed that the three prominent surrogate models
can be successfully decoupled from the evolution control they were originally
published with.



Chapter 2

Choosing the Approach

In this chapter, I’m going to discuss proposed neural network architectures
and their possible application in the domain of surrogate modeling. Also, I
show the reasoning behind my decisions and the plans that are connected to
them.

2.1 Proposed Neural Networks

2.1.1 VAE
Variational autoencoder is an NN architecture, built upon the autoencoder
with restrictions on the latent space.

“VAE-GP uses a VAE trained ahead of time on an unlabelled dataset
representative of X . This allows us to encode complex input spaces, such as
chemical molecules, into a continuous latent space over which conventional
GP-based BO methods can be applied”[25].

This approach could be interesting for surrogate modeling since there were
recent attempts to use ANN-GP[26, 27]; it would be interesting to see whether
VAE-GP would do better. Especially when “To our knowledge, this is the first
time that ANN+GP combinations have been investigated for possible appli-
cation in surrogate modeling”[27]. I was, explicitly told not to use Gaussian
processes, so I chose a different approach to pursue.

2.1.2 GAN
GAN showed itself to be a great tool for modeling the distribution of a potential
function minimum[28]. It would be interesting to compare it with CMA-ES.
However, after discussing it with my supervisor, we didn’t see a straightforward
way to use the GAN. Having the distribution would be great for choosing which
points to evaluate, but the modeled values would still be needed.

11
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2.1.3 PFNs
Prior-data Fitted Networks (PFNs)[29] was shown to be a strong surrogate
model in terms of Bayesian Optimization. Substituting Gaussian Processes,
which would fit this domain neatly. However, I didn’t choose this approach
for these reasons: In the small dimensions, e.g. 2 with a budget multiplier of
250, at the end of the training, you have a maximum of 500 points. What is
even worse, often some of them differ in the function value in the order of 10−7
while others in the order of 104, so using all the 500 points is optimistic at best.
So, my premise was that the model should be learned while the optimization
can not be too complex. However, there was an interesting idea: to record
data from multiple functions and instances and learn the prior on this data.
Unfortunately, I didn’t see it doable in the scope of my master’s thesis, so I
wanted to choose something where my chances of moving forward were bigger.

2.1.4 NTK
Currently, the research of correspondence between NN in the infinite width
limit and GP induced by Neural Tangent Kernel (NTK) is making a lot of
progress, and it is a hot research topic[30, 31]. The advantage of this approach
was the similarity to the Gaussian Processes already examined, so it could
be a nice comparison of how well the wide neural network substitutes the
Gaussian Processes. However, as I was told, this thesis should not be about
Gaussian Processes as it’s already been thoroughly studied by others, and
it was recommended to me that trying to apply a method that should be
equivalent, not better, and only in the infinite-width limit doesn’t seem like a
good idea to start with.

2.2 Findings, Motives, and Decisions
So far, I haven’t chosen a way I would consider leading to the completion of
these four. So, I started experimenting with plain NNs and Gaussian Processes
with NTK parametrization as surrogate models to see where it would take me.
At first, I realized that subseting the train dataset was key for both plain NN
and NTK. Standardization is expected by the GPs, but it also helped the NNs
a lot.

Also, I started with the (second) easiest function, Sphere, in dimension
2, because the plain CMA-ES finds the optimum in about 200 evaluations
±100, so it was a quick iteration cycle to see if something works or not. In
this phase, I realized I like the uncertainty predictions given by the NTK and
it looked as if because the values were standardized, I could have a rule as
simple as predictions with std > 0.025 or std > 0.05 needs to be evaluated and
the certainty of the prediction for the rest is good enough to use the model.
Especially, when CMA-ES weights the points only based on the order, not
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the actual values, so the predictions can be as bad as they keep the right
order. I chose the std thresholds based on a histogram of std values which
were measured alongside the plain CMA-ES optimization. For one example
see figure 2.1.

Even this simple strategy worked well for Sphere, e.g., reducing the number
of evaluations to about 60-150.

Figure 2.1 NTK-GP standard deviations over Sphere optimization: evolution
(left), histogram (right).

So I choose I want to explore some approach based on predicting also the
uncertainty. The NTK was often in papers or supplemental materials, com-
pared to an ensemble of NNs[31]. So I made a dummy dataset of a transformed
sine wave to see how the point estimates of the Ensemble of neural networks
predict the uncertainty compared to the NTK. Very soon, I noticed it predicts
very poorly because the networks, even though randomly initialized, converge
to similar solutions, i.e., their outside-of-distribution predictions are usually
very degenerated and nothing compared to NTK-GP. I tried it with different
activation functions (AF), but the effect was the same. The out 1D out-of-
distribution tails degenerate "always" in a similar fashion no matter what AF I
used. However, the solutions are unlike each other across the activation func-
tions. For e.g. saturating AFs such as sigmoid, hardsigmoid, hardtanh usually
ends up with constant prediction higher or lower than the last point depend-
ing on whether the function ended upwards (higher) or downwards (lower), In
contrast, activation functions which are at least on one side not constrained
e.g. RELU, GELU, SELU, ... tends to predict the last trend, either linear or
other depending on the function. The idea was born: let’s use an Ensemble of
different activation functions for uncertainty predictions.
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Figure 2.2 Example of sine modeling using an ensemble of ReLU, ELU, ERF,
tanh, sigmoid, and hardtanh AFs

2.2.1 Ensemble of Activation Functions
When I saw how much better it works compared to a simple ensemble (ex-
trapolating and interpolating uncertainty), I thought I could not be the first
one to notice this. But to my surprise, the topic of the ensemble of activation
functions is not a thoroughly researched topic. Ensembles of activation func-
tions were used to improve the performance with CNNs[32]. To the best of
my knowledge a little research was done on leveraging it for uncertainty esti-
mation. The following quote illustrates the maturity of this research “"to the
best of our knowledge, ours is the first work to investigate their [NN ensem-
ble] usefulness for predictive uncertainty estimation"”[33]. To emphasize the
quote from 2017, it is about ensembles with the same activation function. The
only research I found using an ensemble of activation functions for uncertainty
estimation is Randomized Activation Functions (RAF)[34], which proposes it
as a modification of the Anchored Ensemble[35]. Unfortunately, there is no
evaluation of the ensemble without the anchored loss function. Besides these,
there are other methods for uncertainty estimation with NNs such as Deep En-
semble or Bayesian Neural Networks; based on the paper, the RAF seems to
become one of the state-of-the-art, and for further information, I recommend
these[34, 36].
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2.2.2 Anchored Ensemble and RAF
The Anchored Ensemble[35] is an ensemble with regularization, not about
the size of the weights, but about the initial parameters. This direction of
research is even more interesting in the times of NTK, where the proofs about
the equivalence of the Gaussian process with NTK to the neural network is
about the evolution of the network while training about their initial weights.
The RAF’s contribution is for large number of members to be initialized with
random activation function, but for a ensemble smaller than or equal to 5 it is
just initialized with given set of five different activation functions.



Chapter 3

Methodology

Given the broad scope of the assignment, I was tasked with choosing an ap-
proach and starting from scratch without any existing code base. My work
mostly unfolded in three ways.

First, I conducted experiments typically focused on a single function and
a single instance with a set seed. This approach allowed me to observe how
individual decisions directly affected the outcomes. However, this method can
be misleading, as it might reveal effective parameter settings that only work
in specific problem instances.

Second, the experiments usually involved either a single function across
multiple instances (typically eight to align with running eight parallel processes
on a single-threaded Pytorch and NumPy setup) or multiple functions (four
to eight) with a single instance. Some results from these experiments were
archived, primarily to validate whether specific combinations had been tested
or to identify the closest combinations tried.

In this chapter, I detail the various aspects explored during these exper-
iments. In the "Results" section, I will discuss only two groups of experi-
ments: one focused only on dimension 2, and the second benchmarked with
all functions and all instances for dimensions 2, 3, 5, 10, and 20. I believe this
somewhat aligns with Nikolaus Hansen, who wrote:

We believe, however, that in the process of solver design, a benchmark-
ing framework like COCO has its limitations. During the design phase,
usually:

fewer benchmark functions should be used,
the functions and measuring tools should be tailored to the given
solver and the design question, and
The overall procedure should be more informal and interactive with
rapid iterations.

[14].

16
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3.1 CMA-ES Variant
In terms of CMA-ES and Python language, there are two prominent imple-
mentations. First is the one written by the team of Nikolaus Hansen himself
CMA-ES/pycma[37]. The second one is ModularCMAES[38] from the IOH-
profiler project. I was told the preferred way is to use the ModularCMAES
because it’s newer, so it could have learned from past mistakes of pycma. My
feelings about these implementations are mixed. The ModularCMAES seems
better organized (which makes sense being the "second" implementation), but
on the other hand, the documentation of ModularCMAES is outdated, so you
have to look into the code, with pycma, you also have to look at the code at the
end, which is a little more chaotic, but the documentation up to date which I
see as a plus. What made the decision for me, was that empirically (not thor-
oughly tested) the ModularCMAES was underperforming the pycma. I first
discovered I need to use the active, IPOP CMA-ES, which is the default in py-
cma, but opt-in for ModularCMAES. Later I discovered the pycma by default
does not handle boundaries in any way, which is beneficial, because it does
not distort the population when offspring is sampled outside the boundary.
Also, the ModularCMAES (empirically) restarted itself sooner because of be-
ing close to "numerical instability," which maybe was, but instead of studying
all these tolerances and settings, I chose to use the pycma CMA-ES, especially
when I wanted to produce results comparable with others as is.

3.2 Surrogate

3.2.1 Subset Method
I already mentioned the importance of subsetting the Archive to train set.
I began with the method of taking up to 20 × D points with the smallest
norm to the population center. Later I realized the this is not robust, because
sometimes 40 closest points are all close, and sometimes there real outliers,
so I added a constrained in any direction the point can not be further form
the population mean, than 10std of the population. If 10 standard deviations
sound like a lot, with less, there would often be very few points to learn from,
e.g., 12 for dimension 2. To illustrate the need for subsetting the archive in the
figure3.1 is the x values of the archive and 6 search points for the evaluation,
the reason it seems as a single red cross, is that the search points differ in
small order of magnitude if the picture was zoomed in a lot, the difference
would show off. The figure also shows that when the target variable is linearly
scaled into [0, 1] range, all the values around the search points have the same
color, again, subsetting helps but other target variable transformations might
be used as well.
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Figure 3.1 Example of search points and the archive.

3.2.2 Feature Transformation
The feature transformation proved itself very soon; for a long time, I stan-
dardized with sample mean and sample standard deviation. Then, I moved to
mean and standard deviation (multiplied by the step size) of CMA-ES in the
iteration. The values should be similar, but because of the stochastic nature,
why use estimates when there is access to the distribution the points are drawn
from?

3.2.3 Target Variable Transformation
Transformation of the target variable, i.e., the function value, was much trick-
ier. In order to train the model in a generation, we have access to the points
we need to model, as well as to the distribution from which the points were
drawn, but in terms of target values, there is only the archive. The first try
was to use standardization using y subset mean and std estimates. It didn’t
work well. Then I tried weighted mean, std by the norm (later Mahalanobis
norm) of the points to the sample mean (later CMA-ES mean).

The last transformation I tried was based on experience. Sometimes (of-
ten, but I might have chosen the wrong functions to test this, I usually used
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functions 1, 6, and 10), you would need to use the third power of the norm so
the mean is close to the median, i.e., to prevent the situation where from 30
points there are twenty looking like this: 78.8573XYZ, and your mean is 80.
So I tried to the logarithmic transformation to get rid of the outliers affecting
the mean and variance so much. And it worked.

3.2.4 Weighing the Train Points

3.2.5 The Model
I tested two models, a plain Ensemble of Networks with different activation
functions termed EAF and the RAF[34]. To choose which activation functions
to use, I modeled a sample of sine values with out-of-bounds test points. For
these (with comparable end loss), I looked at correlation coefficients and tried
to choose a subset that is the least correlated with each other.

Figure 3.2 Example correlation coefficients of NNs for predictions of NNs with
different AF.
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Figure 3.3 Example predictions of NNs with sigmoid, relu, silu, hardtanh and erf
AFs.

3.3 Evolution Control

3.4 Implementation
Since I started with an empty code base, in contrast to enhancing the super-
visor’s or other’s project I needed to make a lot of arbitrary decisions. Such
as the version of Python and the libraries I use.

I tried to implement a modular structure, where it is easy, to change any
component mentioned above without touching the rest. The top optimization
function is called seek_minimum. I believe the modularity is best comprehen-
sible from a simple usage example.

Code listing 3.1 Function seek_minimum Signature

def seek_minimum(
problem: Problem,
*,
es: Cma,
surrogate_and_ec: Optional[SurrogateAndEc] = None,
sort_archive=True,
**details

) -> Archive: ...
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Code listing 3.2 SurrogateCallable Protocol

class SurrogateCallable(Protocol):
def __call__(

self,
*,
x_train: NDArray[np.float64],
y_train: NDArray[np.float64],
x_test: NDArray[np.float64],
es: Cma,

) -> Model: ...

Code listing 3.3 EvolutionControl Protocol

class EvolutionControl(Protocol):
def __call__(

self, *, model: Model, points: XPop, problem: Problem, archive: Archive
) -> ValuesAndEvaluatedIdx: ...

Another take was to keep the implementation in one file. Generally, I
am not a fan of huge-file implementations. While testing it locally (running
through the night), visualizing it in Google Colaboratory (enjoying Plotly in-
teractive charts), and benchmarking it at the MetaCentrum server, I found it
too convenient to keep it in one simple file such that you can literally copy-
paste the whole implementation. If this code has a future, it would be smart to
separate it into reasonable modules, especially when the structure (components
above) is mostly crystallized.

I took the versions of Python packages from Google Colaboratory.
▸ Note 3.1. The TensorFlow running RAF with these packages raises multi-
ple warnings. I checked if they were produced by the anchoring method (by
commenting the part out), and they were not. I also ran the experiment with
an older version of TensorFlow 2.9.1, and the performance looked the same;
it just took twice the time. The performance of the mean prediction looked
comparable to the plain PyTorch ensemble. Also, changing the data_noise
did affect the surrogate performance (for some functions positively, for some,
the opposite). Having said that, I kept this for later. especially If I started
utilizing the uncertainty.
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3.5 Benchmarking Platforms
In order to experiment with the BBOB functions, the most straightforward
way is to use COCO[14] the framework the suit was originally proposed with.
There is also a newer COCO-inspired alternative IOHprofiler[39]. The BBOB
functions are the same, but a few differences are worth mentioning. The IOH-
profiler is much easier to install into the Python ecosystem, as it is a classical
Python package that you can install with

pip install ioh

. In contrast, the COCO must be installed from source. It is not a big deal
when having full control of the environment, but I didn’t succeed with installing
it in the Google Colaboratory, and installing it on the MetaCentrum server
had its pitfalls. The second difference is between COCO’s

problem.final_target_hit

, which evaluates to true if the problem was evaluated at a maximum 1e-8
away from the optimum. The IOHprofiler’s

problem.state.optimum_found

evaluates to true when the optimum was reached exactly (with the floating
point rounding).



Chapter 4

Results

First things first. All following figures and tables except 4.1 and 4.2 where
generated by cocopp1 from experiment data generated by COCO[14] and using
their LATEXtemplate2. The algorithm called 2022/CMA-ES-pycma is from the
development branch of pycma3 and this commit4, information source5. The
algorithm called 2023/default-CMA-ES is also from the development branch
of pycma, commit was not specified6, but the COCO Data Archie7 states it’s
equivalent to the default CMA-ES from the pycma module, version 3.3.0.
▸ Note 4.1. The IOHAnalyzer8, should “visualize solver performance (given in
COCO format) interactively in the browser and offers both fixed-target and
fixed-budget views”[14]. However, the same data that works with COCO failed
to load in the IOHProfiler. This is likely due to cocopp recursively and fault-
tolerantly using all data in any sub-directory, while IOHProfiler might be more
precise about the desired structure. For this reason, I stuck with cocopp, and
modified the this line9 to 250.

In this work I focused on Improving the performance of CMA-ES with a
small budget. The value 250 E/D in dimensions 2,3,5,10,20. These choises
were taken over from this work[23]. Given CMA-ES is not the best method
for very contained evaluations: “For budgets below 500D function evaluations,
the best performance achieve NEWUOA, MCS and GLOBAL. For larger bud-

1https://numbbo.github.io/coco-doc/apidocs/cocopp/
2https://github.com/numbbo/coco/tree/master/code-postprocessing/

latex-templates
3https://github.com/CMA-ES/pycma/
4https://github.com/CMA-ES/pycma/commit/3bec053cfc2a6a4720ac8a32dcee133778f99608
5https://inria.hal.science/hal-03671431/file/wshp-bbob-article.pdf
6https://hal.science/hal-04089923/document
7https://numbbo.github.io/data-archive/bbob/
8https://iohprofiler.github.io/IOHanalyzer/
9https://github.com/numbbo/coco/blob/v2.6.3/code-postprocessing/cocopp/

genericsettings.py#L55
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gets, BIPOP-CMA-ES and IPOP-SEP-CMA-ES become superior.”[40], it is
reasonable to try to push in this direction.

pre-1 Is ModularCmaes ES with EAF surrogate, and 0.1 fixed evaluation
ratio EC sorted by LCB.

pre-4 Is pycma CMA-ES with EAF surrogate, and 0.1 fixed evaluation ratio
EC sorted by LCB.

pre-4 Is pycma CMA-ES with double initial population, EAF surrogate, and
0.05 fixed evaluation ratio EC sorted by LCB.

pre-7 Is pycma CMA-ES with EAF surrogate, and 0.75 Kendall τ Threshold
in current generation evaluations EC.

1 Is pycma CMA-ES with RAF surrogate and Kendall EC1.11.

2-α Is pycma CMA-ES with Log transformed targets shifted by constant from
0, RAF surrogate, and Kendall EC1.11.

2 Is pycma CMA-ES with Log transformed targets shifted by 0.05 quantile
difference of the archived targets, RAF surrogate, and Kendall EC1.11.

4.1 Preliminary - Dimension 2
The COCO platform’s default target precisions are 51 evenly log-spaced values
between 10−8 and 102[14].
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Table 4.1 10−8-target hits of 15 instances in 2D.

Test pre-1 pre-4 pre-5 pre-7 1 2-α 2
FID
1 15 15 15 15 15 14 15
2 15 15 15 15 15 13 15
3 1 4 3 2 4 1 4
4 0 1 1 0 2 0 3
5 15 15 15 15 15 15 15
6 0 2 0 2 2 1 10
7 11 13 8 12 14 13 14
8 7 12 15 10 11 12 7
9 11 15 15 13 13 11 10

10 0 0 0 11 15 13 8
11 0 0 0 12 13 14 6
12 3 8 7 5 3 7 6
13 0 0 0 4 3 1 2
14 0 0 0 13 12 10 10
15 3 3 1 1 2 1 3
16 8 8 10 9 6 3 1
17 1 1 0 0 1 0 1
18 1 1 0 0 0 0 0
19 1 4 0 2 4 3 1
20 0 1 2 0 1 1 0
21 6 7 3 5 5 3 8
22 5 5 5 8 4 2 7
23 0 6 6 0 0 0 0
24 0 0 0 0 0 0 0

The test two is a perfect showcase for one phenomenon. Because of the
training times, and different instances and also the training is randomized, it’s
not possible to test everything, so when I wanted to improve the test 1, I choose
function 6, because from lq-CMA[24] I got the impression, that the function is
hard, so improving function 6 will improve a lot of functions. Unfortunately,
even though the function 6 was improved immensely, a lot of functions stayed
the same or even deteriorated. I believe there are things to be solved, it’s
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just, fining a way about ofseting the minimum, so it have the right amount of
improvement ability helped a lot, but only somewhere.

The COCO platform[14] offers runtime-based targets in the expensive opti-
mization scenario. The artificial best algorithm10 from BBOB-2009[40] serves
as a reference algorithm with either the five budgets of 0.5D, 1.2D, 3D, 10D,
and 50D function evaluations, or with 31 targets evenly space on the logarith-
mic scale between 0.5D and 50D[20].

10The algorithm is artificial because different target values might used runtime results from
different algorithms[20].
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Table 4.2 Best of BBOB2009 50 E/D-target hits of 15 instances in 2D.

Test pre-1 pre-4 pre-5 pre-7 1 2-α 2
FID
1 15 15 15 15 15 14 15
2 15 15 15 15 15 13 15
3 10 12 10 10 12 10 13
4 10 8 9 8 7 8 9
5 15 15 15 15 15 15 15
6 4 11 7 15 14 11 14
7 14 15 14 15 15 14 14
8 9 13 15 12 11 14 9
9 11 15 15 13 13 11 10

10 0 0 0 13 15 13 8
11 0 0 0 12 13 14 7
12 6 9 9 11 8 12 8
13 0 0 0 14 13 10 8
14 0 0 0 13 12 10 10
15 13 15 13 10 11 13 14
16 11 12 13 13 11 8 11
17 11 14 13 15 11 14 13
18 12 12 13 10 12 13 12
19 4 5 1 3 7 6 5
20 6 6 8 5 5 6 8
21 9 10 7 8 11 8 13
22 7 8 9 12 6 7 9
23 13 12 15 14 13 13 13
24 7 8 12 6 7 5 9

I interpret it as the final target 1e−84.1 measures whether the algorithm is
capable of finding the global optimum, while the 50 E/D expensive targets4.2,
are satisfiable with very different minimums as long as they are observed in
time. This can be with the fixed number of surrogate evaluations, as in terms
of the expensive targets the performance is improved compared to the default
CMA-ES, while considering the final targets 1e−8, the performance is worse
mostly because convergence to local optimum.
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Figure 4.1 Bootstrapped empirical cumulative distribution of the number of
f -evaluations divided by dimension (FEvals/DIM) for all functions and subgroups in
2-D. The targets are chosen from 10[−8..2] such that the best algorithm from BBOB
2009 just not reached them within a given budget of k × DIM, with 31 different values
of k chosen equidistant in logscale within the interval {0.5, . . . , 50}. As reference
algorithm, the best algorithm from BBOB 2009 is shown as light thick line with
diamond markers.
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14 Sum of different powers

Figure 4.2 Empirical cumulative distribution of simulated (bootstrapped) run-
times, measured in number of f -evaluations divided by dimension (FEvals/DIM) in
dimension 2 and for those targets in 10[−8..2] that have just not been reached by the
best algorithm from BBOB 2009 in a given budget of k × DIM, with 31 different
values of k chosen equidistant in logscale within the interval {0.5, . . . , 50}.
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18 Schaffer F7, condition 1000
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24 Lunacek bi-Rastrigin

Figure 4.3 Empirical cumulative distribution of simulated (bootstrapped) run-
times, measured in number of f -evaluations divided by dimension (FEvals/DIM) in
dimension 2 and for those targets in 10[−8..2] that have just not been reached by the
best algorithm from BBOB 2009 in a given budget of k × DIM, with 31 different
values of k chosen equidistant in logscale within the interval {0.5, . . . , 50}.
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Figure 4.4 Bootstrapped empirical cumulative distribution of the number of
f -evaluations divided by dimension (FEvals/DIM) for all functions and subgroups in
2-D. The targets are chosen from 10[−8..2] such that the best algorithm from BBOB
2009 just not reached them within a given budget of k × DIM, with 31 different values
of k chosen equidistant in logscale within the interval {0.5, . . . , 50}. As reference
algorithm, the best algorithm from BBOB 2009 is shown as light thick line with
diamond markers.

4.2 Benchmarking RAF Dimensions 2,3,5,10,20
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Figure 4.5 Expected running time (ERT in number of f -evaluations as log10
value) divided by dimension versus dimension. The target function value is chosen such
that the best algorithm from BBOB 2009 just failed to achieve an ERT of 10 ×DIM.
Different symbols correspond to different algorithms given in the legend of f1 and
f24. Light symbols give the maximum number of evaluations from the longest trial
divided by dimension. Black stars indicate a statistically better result compared to all
other algorithms with p < 0.01 and Bonferroni correction number of dimensions (six).
Legend: ○: CMA-ES-pycma Gharafi, ♢: default-CMA-ES Gissler, ⋆: test-01-eaf, +:
test-04-eaf-cma, D: test-05-cma-eaf-double-005, ▽: test001, x: test002, △: test002-
alpha, ◇: test07.



Chapter 5

Conclusions

A year-long experimentation with ensembles of wide networks has demon-
strated their capability to estimate uncertainty and learn various functions.
However, no silver bullet was found. It has been a long process of steady
improvements, culminating in slightly improved performance for some func-
tions in the most tested domain, dimension 2, and slightly worse to worse
performance for other functions.

I believe that with comparable time investment, similar results to those
achieved with GP-based surrogates could be possible. The question remains
whether such an investment is worthwhile when one can already use the DTS-
CMA-ES or lq-CMA-ES.

The mini-framework for surrogate testing developed in this work I consider
to be the main contribution. The individual components are clearly designated
and implemented in Python, allowing anyone interested in trying model X as
a surrogate to simply write a small wrapper around it and integrate it with
some of the prepared subset methods, transformations, evolution controls, etc.
The openness of this implementation is also valuable, ensuring that not only
the model source code but also all the environment and scripts are available,
thereby lowering the entry barrier for any CMA-ES surrogate enthusiast.

5.1 Future Work
In terms of Neural Networks in surrogate modeling, I believe there is great
potential to leverage uncertainty estimation either directly, such as choosing
which points to evaluate based on uncertainty, or in more steps, such as evalu-
ating the points from the most uncertain, and when the error of your prediction
for some number of predictions drops below a threshold, using the predictions
for the rest of the points.

Similarly, I see a huge potential in using continual learning. The last time
Neural Networks were used as CMA-ES surrogates, it was one model con-
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tinually learning the functions. I don’t think keeping the same model is the
right way, but leveraging the evaluated points in the generation perhaps to
re-estimate the mean and uncertainty of the predictions, compare them, or, as
in the DTS case, measure the error and use it for the evolution control.

Lastly, the Mini-framework developed as a side product of this thesis has a
lot of rough edges. The logging is primitive and made ad-hoc to things I needed
to measure and, in a way, sufficient to get things done. However improving
the measurement capabilities would really help for experiments with CMA-
ES surrogates. Because I often needed to run the experiments again when I
came up with something I would like to measure, such as Kendall τ coefficient
first for evaluated points, then for predictions of the whole archive, then for
predictions of archive subset, then predictions of individual members of the
ensemble, etc. Especially when more people would use it and share the use
insights this could be very beneficial for experimenting.

Also, Python is a relatively slow language. One approach to solve this, is
to write the code in different language and keep only the interface in Python,
e.g. the COCO framework is written in C. I don’t know where the Python
limits lie, but I would start with profiling, then maybe continue with Numba1’s
JIT or rewrite the code to JAX2 where possible and utilize JAX’s JIT3 and
jax.numpy module4. Or to go even further and experiment with MOJO5.

1https://numba.pydata.org/
2https://github.com/google/jax
3https://jax.readthedocs.io/en/latest/_autosummary/jax.jit.html
4https://jax.readthedocs.io/en/latest/jax.numpy.html
5https://github.com/modularml/mojo

https://numba.pydata.org/
https://github.com/google/jax
https://jax.readthedocs.io/en/latest/_autosummary/jax.jit.html
https://jax.readthedocs.io/en/latest/jax.numpy.html
https://github.com/modularml/mojo


Appendix A

Test 1 and 2 ERT Multiples
for BBOB2009 Targets

The tables show: “Expected runtime (ERT in number of f -evaluations) divided
by the respective best ERT measured during BBOB-2009 (when finite) in
dimension N . This ERT ratio and, in braces as dispersion measure, the half
difference between 10 and 90%-tile of bootstrapped run lengths appear for
each algorithm and run-length based target, the corresponding reference ERT
(preceded by the target ∆f -value in italics) in the first row. #succ is the
number of trials that reached the target value of the last column. The median
number of conducted function evaluations is additionally given in italics, if
the target in the last column was never reached. Entries, succeeded by a star,
are statistically significantly better (according to the rank-sum test) when
compared to all other algorithms of the table, with p = 0.05 or p = 10−k when
the number k following the star is larger than 1, with Bonferroni correction by
the number of functions (24). A ↑ signifies the number of trials that were worse
than the ERT of the best algorithm from BBOB 2009 shown only when less
than 10 percent were worse and the ERT was better.Best results are printed
in bold. ”. This description was generated by the COCO platform.
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#FEs/D 0.5 1.2 3 10 50 #succ
f1 1.0e+1 :2.0 4.0e+0 :3.0 1.0e-8 :6.0 1.0e-8 :6.0 1.0e-8 :6.0 15/15

Raf 1.7(2) 1.7(1) 31(3) 31(3) 31(3) 15/15
RafLog 1.5(2) 1.4(1) 13(3) 13(3) 13(3) 15/15
DTS-C 2.2(2) 2.0(2) 7.5(0.5) 7.5(0.5) 7.5(0.5) 15/15
lq-CM 1.2(1) 1.6(1) 6.6(0.8)⋆ 6.6(0.8)⋆ 6.6(0.8)⋆ 15/15
CMA-E 1.6(1) 2.0(4) 39(5) 39(5) 39(5) 15/15
defau 1.9(2) 2.0(2) 40(6) 40(6) 40(6) 15/15

f2 4.0e+6 :2.0 1.6e+6 :3.0 4.0e+4 :7.0 4.0e-1 :24 1.0e-8 :30 15/15
Raf 1.8(2) 1.6(0.8) 1.8(2) 7.7(3) 12(3) 15/15

RafLog 1.5(1) 1.4(1) 1.6(0.9) 4.7(3) 6.3(2) 15/15
DTS-C 1.7(1) 1.9(2) 1.4(1) 2.0(0.6) 2.7(0.3) 15/15
lq-CM 1.4(2) 1.4(1) 1.1(0.7) 1.6(0.4) 3.1(0.8) 15/15
CMA-E 1.4(1) 1.3(1) 2.3(2) 9.2(3) 15(2) 15/15
defau 1.5(2) 1.4(2) 2.9(2) 8.9(4) 16(2) 15/15

f3 6.3e+1 :2.0 4.0e+1 :4.0 2.5e+1 :7.0 6.3e+0 :26 2.5e+0 :11215/15
Raf 0.97(0.8) 0.92(0.8) 1.1(1) 3.4(7) 2.0(5) 12/15

RafLog 1.5(2) 1.0(0.8) 1.4(2) 3.7(4) 2.9(3) 13/15
DTS-C 2.3(2) 2.0(2) 2.5(0.9) 1.7(2) 0.88(0.9) 15/15
lq-CM 0.77(0.5) 0.70(0.5) 0.98(0.7) 1.5(1) 0.93(0.6) 15/15
CMA-E 1.4(2) 1.2(2) 1.5(2) 3.5(2) 3.0(3) 15/15
defau 1.9(2) 1.4(1) 1.5(2) 2.0(2) 1.8(3) 15/15

f4 6.3e+1 :2.0 4.0e+1 :5.0 2.5e+1 :8.0 1.0e+1 :22 2.5e+0 :120 5/5
Raf 1.6(2) 1.1(0.8) 1.1(0.8) 1.5(1) 5.4(6) 7/15

RafLog 1(0.8) 1.0(0.8) 1.1(0.6) 3.1(4) 4.2(5) 9/15
DTS-C 2.9(3) 1.6(2) 2.0(1) 1.4(2) 1.9(4) 13/15
lq-CM 0.90(1) 0.67(0.8) 0.75(0.7) 1.7(2) 2.7(4) 15/15
CMA-E 1.4(1) 1.2(1) 1.5(1) 1.7(1) 6.2(7) 15/15
defau 2.1(2) 1.6(1) 1.6(2) 1.9(1) 5.2(7) 15/15

f5 2.5e+1 :2.0 1.6e+1 :3.0 1.0e-8 :4.0 1.0e-8 :4.0 1.0e-8 :4.0 15/15
Raf 3.1(2) 2.7(0.3) 5.1(4) 5.1(4) 5.1(4) 15/15

RafLog 3.1(1) 2.5(0.3) 3.5(2) 3.5(2) 3.5(2) 15/15
DTS-C 3.4(2) 2.4(1) 3.8(2) 3.8(2) 3.8(2) 15/15
lq-CM 3.3(1) 2.3(0.7) 3.0(2) 3.0(2) 3.0(2) 15/15
CMA-E 6.2(5) 5.4(3) 7.5(4) 7.5(4) 7.5(4) 15/15
defau 4.4(3) 3.8(3) 6.2(5) 6.2(5) 6.2(5) 15/15

f6 2.5e+4 :2.0 1.0e+2 :3.0 1.6e+1 :10 1.0e+0 :23 2.5e-6 :103 15/15
Raf 1.6(2) 2.0(1) 2.2(2) 3.7(2) 4.2(1) 14/15

RafLog 1.5(2) 1.7(1) 2.6(3) 3.0(2) 3.6(1) 14/15
DTS-C 1.4(2) 1.6(2) 1.7(3) 3.9(3) 4.7(3) 12/15
lq-CM 0.90(0.5) 1.6(1) 1.0(1) 2.1(2) 3.1(0.6) 15/15
CMA-E 2.6(2) 5.3(4) 2.3(2) 3.5(1) 3.8(0.6) 15/15
defau 2.1(3) 2.6(2) 2.1(3) 4.0(3) 4.0(0.9) 15/15

f7 4.0e+2 :2.0 1.0e+1 :3.0 2.5e+0 :14 1.6e+0 :21 1.6e-2 :188 15/15
Raf 0.93(0.5) 3.1(3) 2.3(2) 2.4(3) 0.99(0.5) 15/15

RafLog 1.1(1) 3.7(4) 1.3(0.9) 1.8(2) 0.90(0.6) 14/15
DTS-C 1.1(2) 3.2(2) 1.0(0.4) 1.7(3) 0.46(0.5) 15/15
lq-CM 0.77(0.5) 1.6(2) 0.71(0.7) 0.63(0.5) 0.59(1) 15/15
CMA-E 0.83(0.8) 1.7(2) 1.2(1) 1.7(2) 1.2(0.5) 15/15
defau 0.90(0.5) 3.1(3) 1.7(2) 2.0(2) 0.79(0.7) 15/15

f8 1.0e+2 :3.0 6.3e+1 :3.0 6.3e+0 :7.0 1.6e-1 :27 1.0e-6 :103 15/15
Raf 1.6(2) 1.8(2) 3.1(3) 5.8(7) 4.9(3) 11/15

RafLog 2.4(2) 3.0(3) 5.0(2) 8.3(10) 6.8(5) 9/15
DTS-C 2.9(2) 3.6(2) 2.5(1) 2.3(1) 0.99(0.3) 15/15
lq-CM 1.6(1) 1.7(1) 2.1(2) 2.7(2) 1.5(0.5) 15/15
CMA-E 2.5(2) 2.8(3) 3.2(4) 9.0(11) 4.7(3) 15/15
defau 2.3(2) 2.7(3) 7.4(15) 9.0(11) 4.5(3) 15/15

f9 6.3e+0 :13 4.0e+0 :15 2.5e+0 :15 2.5e-1 :21 1.0e-8 :94 15/15
Raf 0.97(0.9) 1.0(1) 1.5(2) 5.3(5) 4.6(3) 13/15

RafLog 0.96(0.7) 1.00(0.6) 1.2(0.7) 4.4(5) 6.2(5) 10/15
DTS-C 1.3(0.8) 1.3(0.7) 1.5(0.7) 2.4(1) 1.1(0.3)⋆ 15/15
lq-CM 1.4(0.7) 1.5(0.8) 1.8(0.8) 3.0(3) 1.8(1) 15/15
CMA-E 1.1(1) 1.3(1) 1.9(1) 5.4(5) 4.4(2) 15/15
defau 1.4(2) 1.3(1) 2.1(2) 7.0(6) 5.3(2) 15/15

f10 1.6e+6 :2.0 4.0e+5 :3.0 6.3e+2 :9.0 1.0e+1 :30 2.5e-8 :101 15/15
Raf 1.3(2) 1.2(1) 3.1(2) 4.6(2) 4.3(0.5) 15/15

RafLog 1.8(2) 1.5(1) 2.1(1) 4.3(5) 8.3(5) 8/15
DTS-C 2.0(2) 1.8(2) 1.8(0.8) 1(0.2) 0.77(0.1)⋆4

↑015/15
lq-CM 1.7(2) 1.7(2) 1.8(0.4) 0.98(0.6) 1.3(0.4) 15/15
CMA-E 2.9(4) 2.4(4) 5.9(3) 5.1(3) 4.6(0.6) 15/15
defau 2.4(2) 1.8(2) 5.0(4) 4.9(4) 4.5(0.8) 15/15

f11 4.0e+6 :2.0 1.6e+6 :3.0 1.0e+4 :7.0 4.0e+1 :23 2.5e-8 :101 15/15
Raf 1.3(1) 1.3(1) 2.4(2) 2.5(2) 4.8(3) 13/15

RafLog 1.9(2) 1.6(1) 1.8(1) 2.1(0.7) 10(11) 7/15
DTS-C 1.5(2) 1.4(1) 2.1(2) 1.2(0.3) 0.81(0.1)⋆3

↑015/15
lq-CM 1.5(1) 1.7(2) 1.7(0.9) 0.90(0.3) 1.2(0.4) 15/15
CMA-E 1.5(2) 1.5(2) 4.0(3) 3.4(2) 4.5(0.6) 15/15
defau 1.5(1) 1.4(2) 4.1(2) 3.5(2) 4.5(0.7) 15/15

f12 2.5e+7 :2.0 6.3e+6 :3.0 4.0e+5 :7.0 4.0e+1 :21 1.6e-3 :101 15/15
Raf 1.1(2) 1.1(1) 1.3(2) 3.6(1) 7.4(6) 8/15

RafLog 1.4(2) 1.2(1) 1.0(0.9) 1.8(1) 6.2(6) 8/15
DTS-C 0.97(0.8) 1.4(2) 1.2(0.9) 1.9(0.5) 1.5(1) 15/15
lq-CM 1.2(2) 1.3(1) 0.90(0.9) 1.4(0.7) 2.3(4) 15/15
CMA-E 0.80(0.5) 1.0(1) 1.3(1) 4.8(4) 7.1(10) 15/15
defau 0.90(0.8) 1.1(1) 1.6(1) 4.0(2) 6.9(4) 15/15

#FEs/D 0.5 1.2 3 10 50 #succ
f13 4.0e+2 :2.0 2.5e+2 :3.0 6.3e+1 :9.0 1.0e+1 :23 2.5e-6 :102 15/15

Raf 1.3(2) 1.4(1) 1.2(0.9) 1.5(1) 4.7(2) 13/15
RafLog 1.2(2) 1.4(1) 1.2(1) 2.3(3) 8.0(7) 8/15
DTS-C 1.8(2) 1.4(1) 1.0(0.8) 1.2(0.7) 1.0(0.2)⋆ 15/15
lq-CM 0.83(1) 1.0(0.8) 1.3(1) 1.0(0.4) 1.4(0.4) 15/15
CMA-E 1.7(2) 1.5(2) 2.5(2) 2.9(2) 4.4(0.7) 15/15
defau 1.5(2) 1.6(2) 1.3(2) 2.8(1) 4.4(0.9) 15/15

f14 6.3e+0 :2.0 2.5e+0 :4.0 1.0e+0 :7.0 2.5e-2 :21 1.0e-8 :101 15/15
Raf 1.7(2) 2.7(6) 2.3(4) 2.5(1) 5.5(3) 12/15

RafLog 1.9(2) 1.5(2) 1.4(2) 1.9(2) 6.1(3) 10/15
DTS-C 1.7(2) 1.9(2) 1.7(0.5) 1.4(0.2) 1.2(0.5)⋆215/15
lq-CM 1.5(2) 1.3(1) 1.6(1) 1.6(0.9) 2.0(0.3) 15/15
CMA-E 1.1(2) 1.4(2) 2.3(2) 3.4(2) 4.5(0.8) 15/15
defau 1.0(1) 1.4(2) 1.5(2) 3.6(1) 4.5(1) 15/15

f15 6.3e+1 :2.0 4.0e+1 :5.0 2.5e+1 :10 1.0e+1 :37 2.5e+0 :118 5/5
Raf 1.8(1) 1.5(2) 1.4(1) 0.87(0.7) 2.3(4) 11/15

RafLog 1.3(1) 0.79(0.6) 0.70(0.7) 0.95(0.5) 1.9(2) 14/15
DTS-C 1.7(2) 1.2(1) 0.95(0.5) 0.52(0.2)↑00.39(0.6)⋆15/15
lq-CM 1.2(0.8) 0.79(1) 0.79(0.9) 0.71(0.5) 1.8(2) 15/15
CMA-E 1.4(1) 1.1(1) 1.2(1) 1.2(1) 2.7(3) 15/15
defau 1.4(1) 0.83(0.7) 0.82(0.8) 0.99(0.7) 3.4(4) 15/15

f16 4.0e+1 :2.0 2.5e+1 :4.0 1.0e+1 :9.0 4.0e+0 :31 2.5e-1 :127 5/5
Raf 2.1(2) 1.7(2) 2.5(3) 2.7(5) 2.4(3) 11/15

RafLog 1.8(2) 1.8(2) 3.7(4) 3.3(2) 2.6(5) 11/15
DTS-C 2.2(2) 3.7(2) 3.1(5) 2.7(2) 2.3(3) 12/15
lq-CM 2.1(2) 1.6(2) 3.1(3) 3.3(5) 4.3(8) 15/15
CMA-E 1.3(1) 1.4(1) 4.2(5) 3.9(2) 3.4(4) 15/15
defau 1.7(2) 1.7(1) 2.8(2) 1.6(2) 5.4(10) 15/15

f17 1.6e+1 :2.0 1.0e+1 :3.0 4.0e+0 :10 2.5e+0 :28 1.6e-1 :119 5/5
Raf 2.7(3) 2.6(3) 2.4(3) 3.2(8) 2.4(2) 11/15

RafLog 1.3(0.8) 1.7(3) 5.6(13) 2.6(5) 2.1(2) 13/15
DTS-C 1.0(0.8) 1.3(1) 17(25) 7.2(11) 4.1(5) 9/15
lq-CM 1.3(1) 2.3(3) 2.0(2) 1.0(0.8) 1.2(0.8) 15/15
CMA-E 1.0(0.8) 1.2(1) 1.9(2) 4.0(0.9) 1.6(0.4) 15/15
defau 1.3(1) 1.3(1) 1.2(2) 1.9(0.6) 1.1(0.4) 15/15

f18 2.5e+2 :2.0 1.0e+2 :3.0 4.0e+1 :7.0 6.3e+0 :32 1.6e+0 :104 5/5
Raf 0.70(0.2) 0.69(0.3) 0.97(1) 1.1(1) 2.0(4) 12/15

RafLog 0.70(0.2) 1.3(1) 1.1(1) 0.86(0.6) 3.0(5) 12/15
DTS-C 1.3(1) 1.8(2) 1.0(0.8) 0.89(0.5) 2.4(4) 13/15
lq-CM 0.80(0.5) 2.0(2) 1.5(2) 0.79(0.5) 0.90(0.5) 15/15
CMA-E 0.97(2) 1.1(2) 0.77(0.9) 1.2(0.7) 2.0(3) 15/15
defau 0.73(0.2) 0.87(0.8) 1.1(1) 1.5(0.9) 2.3(3) 15/15

f19 1.6e-1 :23 1.0e-1 :26 6.3e-2 :38 4.0e-2 :40 1.0e-2 :216 15/15
Raf 4.4(4) 5.1(5) 4.6(7) 6.1(7) 3.6(3) 7/15

RafLog 3.4(4) 6.5(10) 5.3(7) 6.4(8) 5.6(5) 5/15
DTS-C 5.9(5) 10(12) 11(13) 10(13) 4.2(5) 6/15
lq-CM 5.8(5) 6.2(5) 6.3(10) 8.2(13) 10(9) 15/15
CMA-E 2.5(2) 2.4(2) 6.2(13) 10(15) 7.3(7) 15/15
defau 7.3(9) 16(20) 20(33) 21(31) 9.1(8) 15/15

f20 4.0e+3 :2.0 2.5e+2 :3.0 2.5e+0 :21 1.6e+0 :33 6.3e-1 :139 15/15
Raf 0.87(0.2) 1.4(1) 1.4(1.0) 7.5(8) 8.6(10) 5/15

RafLog 0.70(0.2) 0.87(0.8) 2.7(4) 5.7(5) 5.2(7) 8/15
DTS-C 1.4(1) 1.9(1) 0.80(0.6) 1.3(1) 1.2(1) 14/15
lq-CM 1.6(1) 1.3(0.8) 1.2(0.9) 1.8(1) 3.3(3) 15/15
CMA-E 1.6(1) 1.4(1) 1.4(1) 6.3(10) 9.2(11) 15/15
defau 1.4(0.5) 2.5(2) 1.6(1) 5.5(9) 7.1(7) 15/15

f21 1.0e+1 :2.0 6.3e+0 :3.0 2.5e+0 :8.0 1.6e+0 :30 4.0e-1 :105 15/15
Raf 1.2(0.8) 1.7(2) 4.2(2) 3.1(6) 3.8(5) 11/15

RafLog 0.97(0.8) 1.2(1) 1.6(2) 2.7(4) 2.4(3) 13/15
DTS-C 1.1(1) 0.96(0.8) 0.83(0.8) 2.0(1) 3.0(6) 10/15
lq-CM 1.3(0.5) 1.6(2) 4.3(4) 4.4(5) 5.2(10) 15/15
CMA-E 0.80(0.8) 1.2(1) 1.6(1) 4.1(8) 3.8(4) 15/15
defau 0.90(0.8) 1.9(3) 1.5(2) 3.5(8) 6.9(10) 15/15

f22 2.5e+1 :2.0 1.6e+1 :3.0 6.3e+0 :9.0 1.6e+0 :25 1.0e-1 :168 15/15
Raf 1.4(1) 1.4(1) 1.3(1) 4.1(8) 5.8(6) 6/15

RafLog 0.80(0.5) 1(1) 1.2(1) 3.3(4) 3.0(3) 9/15
DTS-C 1.5(2) 1.6(1) 2.7(4) 5.6(8) 1.7(3) 12/15
lq-CM 1.8(1) 1.5(0.8) 0.86(0.8) 5.9(17) 2.8(4) 15/15
CMA-E 1.2(0.8) 1.5(1) 0.89(0.7) 10(10) 6.9(4) 15/15
defau 1.1(0.8) 0.98(0.7) 1.1(1) 4.6(1) 14(12) 15/15

f23 4.0e+1 :2.0 2.5e+1 :3.0 1.0e+1 :8.0 4.0e+0 :55 2.5e+0 :103 5/5
Raf 0.93(0.5) 1.2(1) 2.2(2) 1.6(1) 2.4(3) 13/15

RafLog 0.97(0.5) 1(0.7) 2.7(4) 2.2(2) 2.6(3) 13/15
DTS-C 0.70(0.5) 1.6(2) 1.5(1) 1.5(2) 1.3(2) 14/15
lq-CM 0.80(0.5) 1.1(1) 1.5(1) 3.5(7) 2.9(4) 15/15
CMA-E 0.93(0.5) 1.2(1) 2.3(2) 4.7(5) 3.6(3) 15/15
defau 1.1(0.8) 2.1(2) 1.7(1) 2.8(3) 3.2(2) 15/15

f24 2.5e+1 :3.0 1.6e+1 :8.0 1.6e+1 :8.0 6.3e+0 :44 2.5e+0 :275 5/5
Raf 0.78(0.5) 1.1(2) 1.1(2) 1.7(0.9) 2.7(3) 7/15

RafLog 1.8(2) 1.1(1) 1.1(1) 1.9(1) 1.8(2) 9/15
DTS-C 1.0(1) 1.1(0.8) 1.1(0.8) 1.8(3) 2.0(2) 9/15
lq-CM 1(0.7) 0.97(1) 0.97(1) 0.91(1) 3.0(3) 15/15
CMA-E 1.3(1) 1.2(1) 1.2(1) 1.4(2) 2.1(2) 15/15
defau 1.0(1) 0.66(0.4) 0.66(0.4) 1.3(1) 2.8(4) 15/15

Table A.1 ERT Multiples for Budget Based Targets BBOB2009 Dimension 2 Data
produced with COCO v2.6.3
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#FEs/D 0.5 1.2 3 10 50 #succ
f1 1.6e+1 :3.0 1.0e+1 :4.0 1.0e-8 :8.0 1.0e-8 :8.0 1.0e-8 :8.0 15/15

Raf 1.1(1) 1.4(0.8) 44(6) 44(6) 44(6) 15/15
RafLog 0.64(0.3) 0.90(1) 19(5) 19(5) 19(5) 15/15
DTS-C 2.6(2) 2.2(2) 8.4(0.6) 8.4(0.6) 8.4(0.6) 15/15
lq-CM 0.98(1) 1.2(1) 6.6(0.8)⋆3 6.6(0.8)⋆3 6.6(0.8)⋆315/15
CMA-E 0.82(1) 1.4(2) 49(5) 49(5) 49(5) 15/15
defau 0.87(1) 1.7(3) 49(6) 49(6) 49(6) 15/15

f2 6.3e+6 :2.0 6.3e+5 :4.0 4.0e+4 :10 1.0e+2 :32 1.0e-8 :49 15/15
Raf 0.90(0.5) 1.1(0.9) 2.0(2) 4.3(1) 19(9) 11/15

RafLog 0.87(0.5) 1.4(1) 1.2(0.9) 2.7(2) 9.1(3) 14/15
DTS-C 1.0(0.8) 1.5(2) 1.3(1) 1.2(0.3) 2.5(0.3) 15/15
lq-CM 0.93(0.8) 1.4(1) 1.1(0.7) 0.98(0.1)⋆2.5(0.7) 15/15
CMA-E 0.77(0.2) 1.4(2) 2.2(3) 4.4(2) 15(2) 15/15
defau 0.93(0.8) 1.6(2) 2.3(1) 5.4(2) 16(2) 15/15

f3 1.0e+2 :2.0 6.3e+1 :6.0 4.0e+1 :10 1.6e+1 :32 4.0e+0 :31915/15
Raf 0.70(0.2) 0.93(1) 1.4(1) 3.4(2) 2.0(2) 9/15

RafLog 1.4(2) 1.1(0.8) 1.5(1) 2.1(3) 1.5(1) 11/15
DTS-C 1.7(2) 0.97(0.9) 1.2(1) 1.4(0.6) 0.45(0.7) 15/15
lq-CM 1.1(1) 0.63(0.6) 1.1(1) 1.3(1) 1.4(1) 15/15
CMA-E 2.1(2) 1.2(2) 1.7(2) 1.8(2) 2.2(2) 15/15
defau 1.3(1) 1.3(2) 2.1(2) 2.6(1) 2.8(4) 15/15

f4 1.0e+2 :5.0 6.3e+1 :10 6.3e+1 :10 2.5e+1 :36 4.0e+0 :61715/15
Raf 0.71(0.6) 1.0(0.8) 1.0(0.8) 2.0(1) 2.7(3) 5/15

RafLog 1.3(2) 1.4(2) 1.4(2) 4.5(5) 4.2(5) 4/15
DTS-C 1.5(1) 1.8(1) 1.8(1) 2.3(4) 1.6(1) 7/15
lq-CM 0.52(0.4) 0.61(0.8) 0.61(0.8) 1.3(0.8) 4.1(4) 15/15
CMA-E 0.85(1) 1.5(1) 1.5(1) 1.4(1) 5.8(8) 15/15
defau 0.93(1) 1.0(1) 1.0(1) 1.8(0.7) 3.7(2) 15/15

f5 4.0e+1 :2.0 2.5e+1 :5.0 1.0e-8 :7.0 1.0e-8 :7.0 1.0e-8 :7.0 15/15
Raf 3.4(2) 2.1(1) 4.4(4) 4.4(4) 4.4(4) 15/15

RafLog 3.3(2) 1.8(0.7) 2.6(1) 2.6(1) 2.6(1) 15/15
DTS-C 4.0(3) 1.9(1) 3.3(1) 3.3(1) 3.3(1) 15/15
lq-CM 2.9(1) 1.4(0.4) 2.6(1) 2.6(1) 2.6(1) 15/15
CMA-E 4.7(3) 2.8(1) 6.5(4) 6.5(4) 6.5(4) 15/15
defau 4.1(3) 3.3(2) 6.1(3) 6.1(3) 6.1(3) 15/15

f6 6.3e+4 :2.0 6.3e+3 :4.0 4.0e+1 :13 1.0e+1 :34 6.3e-4 :159 15/15
Raf 1.3(2) 2.7(4) 2.7(2) 2.3(1) 3.0(0.5) 15/15

RafLog 2.0(2) 1.5(1) 2.9(3) 2.7(2) 4.8(3) 11/15
DTS-C 1.6(2) 1.4(1) 1.6(2) 2.3(3) 16(14) 4/15
lq-CM 1.3(2) 1.8(2) 1.7(2) 1.6(0.8) 2.3(0.4)⋆ 15/15
CMA-E 1.8(2) 2.3(3) 1.7(0.7) 2.1(2) 2.9(0.6) 15/15
defau 1.5(2) 2.5(3) 2.2(2) 1.7(1) 2.8(0.5) 15/15

f7 2.5e+2 :2.0 6.3e+1 :4.0 1.0e+1 :11 2.5e+0 :38 4.0e-1 :174 15/15
Raf 0.90(0.8) 1.3(1) 1.7(1) 1.7(2) 0.90(1.0) 15/15

RafLog 1(0.8) 1.4(1) 1.5(1) 2.2(3) 0.91(0.8) 15/15
DTS-C 1.7(2) 1.8(2) 1.2(0.7) 0.67(0.2)↑10.86(1) 15/15
lq-CM 1.0(0.8) 1.6(1) 1.2(0.7) 0.49(0.3)↑10.44(0.7) 15/15
CMA-E 1.1(1) 1.7(2) 2.4(3) 1.6(2) 0.84(0.8) 15/15
defau 1.2(2) 1.5(2) 1.8(2) 1.4(1) 1.2(1) 15/15

f8 1.0e+4 :2.0 1.6e+3 :4.0 1.0e+2 :15 6.3e+0 :31 1.0e-1 :152 15/15
Raf 0.90(0.8) 0.93(1) 1.2(2) 3.0(2) 3.9(3) 11/15

RafLog 0.93(0.5) 1.3(2) 0.94(1.0) 1.4(0.6) 3.8(3) 12/15
DTS-C 1.7(2) 1.8(1) 1.4(0.8) 1.2(0.3) 0.70(0.3) 15/15
lq-CM 0.93(0.5) 1.2(1) 0.94(0.8) 1.4(1.0) 1.00(0.5) 15/15
CMA-E 0.93(1) 0.95(0.6) 1.5(2) 2.9(1) 3.5(2) 15/15
defau 1.1(2) 1.3(1) 1.2(1) 2.1(1) 3.1(2) 15/15

f9 1.0e+1 :21 6.3e+0 :25 4.0e+0 :32 2.5e+0 :48 6.3e-3 :152 15/15
Raf 2.1(1) 2.2(0.8) 2.6(2) 2.4(3) 5.3(3) 10/15

RafLog 1.2(0.8) 1.1(0.5) 1.0(0.5) 0.92(0.6) 5.9(5) 9/15
DTS-C 1.6(0.7) 1.7(0.7) 1.6(0.6) 1.4(1) 0.95(0.5) 15/15
lq-CM 1.6(1) 1.6(0.9) 1.4(1) 1.1(0.8) 1.0(0.3) 15/15
CMA-E 1.9(0.6) 2.1(0.9) 2.0(0.8) 1.8(0.9) 3.7(1) 15/15
defau 2.6(2) 2.3(2) 3.0(3) 4.0(5) 4.3(2) 15/15

f10 6.3e+6 :2.0 1.6e+5 :4.0 4.0e+4 :12 4.0e+2 :37 1.0e+0 :15215/15
Raf 1.0(1) 2.2(2) 1.7(2) 2.4(1) 2.6(1) 14/15

RafLog 1.2(1) 1.8(2) 1.1(1) 2.4(2) 5.7(7) 9/15
DTS-C 1.5(2) 2.5(1) 1.2(0.8) 1.1(0.1) 0.49(0.1)↑015/15
lq-CM 1.2(1) 2.0(2) 1.2(0.7) 0.82(0.2)⋆0.40(0.1)↑015/15
CMA-E 1.2(1) 2.1(2) 1.7(2) 3.3(2) 2.3(1) 15/15
defau 1.3(1) 2.4(3) 1.3(1) 3.9(2) 2.5(0.5) 15/15

f11 2.5e+6 :2.0 4.0e+5 :4.0 6.3e+2 :10 2.5e+1 :36 2.5e-1 :174 15/15
Raf 1.6(1) 1.2(1) 4.5(4) 4.1(4) 2.1(0.5) 15/15

RafLog 1.7(2) 1.2(1) 3.1(2) 4.4(5) 4.8(4) 10/15
DTS-C 2.0(2) 1.6(1) 2.7(0.9) 1.4(0.3) 0.47(0.1)↑015/15
lq-CM 2.0(2) 1.6(1) 2.3(0.6) 1.1(0.4) 0.36(0.1)⋆3

↑015/15
CMA-E 2.1(3) 1.5(1) 4.3(4) 4.0(3) 2.1(0.5) 15/15
defau 1.4(0.8) 1.2(2) 5.0(3) 5.1(3) 2.4(0.4) 15/15

f12 1.0e+8 :2.0 1.0e+7 :4.0 6.3e+5 :13 6.3e+2 :31 1.0e+0 :16815/15
Raf 0.70(0.2) 1.2(1) 2.1(2) 3.9(1) 4.1(5) 10/15

RafLog 0.70(0.2) 1.4(0.8) 1.2(0.9) 1.7(0.4) 8.5(14) 6/15
DTS-C 1.4(1) 2.5(3) 2.0(2) 2.0(1) 1.3(1) 15/15
lq-CM 0.53(0)↑1 1.2(1) 1.3(0.4) 1.1(0.5)⋆ 0.81(0.6) 15/15
CMA-E 0.57(0)↑1 1.1(1) 1.7(0.7) 4.6(1) 5.5(7) 15/15
defau 0.60(0)↑1 1.2(1) 1.8(1) 4.9(1) 4.4(5) 15/15

#FEs/D 0.5 1.2 3 10 50 #succ
f13 1.0e+3 :2.0 4.0e+2 :7.0 2.5e+2 :11 2.5e+1 :37 2.5e-3 :182 15/15

Raf 1.4(2) 0.97(0.8) 0.75(0.5) 2.4(3) 3.2(0.7) 14/15
RafLog 1.2(2) 0.90(1) 1.2(0.9) 1.00(0.5) 19(18) 3/15
DTS-C 1.9(2) 1.4(0.9) 1.1(0.6) 1.5(0.3) 1.1(0.8) 15/15
lq-CM 0.70(0.2) 0.71(0.9) 0.82(0.7) 0.77(0.2)↑10.53(0.1)⋆3

↑015/15
CMA-E 0.83(0)↑1 0.89(1) 0.82(1.0) 3.1(2) 2.9(0.5) 15/15
defau 0.57(0)↑1 0.56(0.7) 1.1(0.9) 2.6(1) 2.9(0.5) 15/15

f14 1.0e+1 :2.0 6.3e+0 :4.0 2.5e+0 :10 6.3e-2 :31 2.5e-6 :160 15/15
Raf 1.8(2) 1.1(1) 1.4(0.7) 3.1(1) 3.4(0.9) 14/15

RafLog 1.4(0.5) 0.93(1) 1.5(0.8) 1.7(0.7) 8.8(7) 7/15
DTS-C 2.2(2) 1.6(2) 1.5(0.7) 1.2(0.3) 0.81(0.1)↑015/15
lq-CM 2.2(2) 1.7(2) 1.3(0.8) 1.1(0.5) 0.66(0.1)⋆2

↑015/15
CMA-E 1.4(2) 0.98(1) 1.4(1) 3.2(1) 3.0(0.5) 15/15
defau 1.6(2) 0.97(0.9) 1.4(1) 3.3(1) 2.9(0.7) 15/15

f15 1.6e+2 :2.0 6.3e+1 :6.0 4.0e+1 :12 1.6e+1 :68 6.3e+0 :22115/15
Raf 0.90(0.5) 1(0.9) 1.6(1) 2.6(5) 2.3(3) 10/15

RafLog 1.6(2) 1.3(1) 2.5(1) 0.84(0.4) 0.95(1) 14/15
DTS-C 1.5(2) 1.1(1) 1.0(0.7) 0.63(0.2)↑10.48(0.6) 15/15
lq-CM 0.97(1) 0.89(0.7) 1.5(0.8) 1.3(0.8) 1.1(1) 15/15
CMA-E 1.5(2) 1.1(1) 1.2(1) 0.90(0.4) 0.81(0.6) 15/15
defau 1.6(2) 1.2(1) 1.5(2) 2.1(1) 1.0(0.8) 15/15

f16 6.3e+1 :2.0 2.5e+1 :8.0 1.6e+1 :10 1.0e+1 :41 2.5e+0 :20815/15
Raf 1.5(1) 1.2(0.9) 2.3(3) 0.98(1) 1.6(2) 12/15

RafLog 1.7(2) 1.7(2) 2.0(2) 0.98(1) 1.4(2) 12/15
DTS-C 1.6(1) 1.4(1) 3.7(2) 1.7(4) 0.96(1) 14/15
lq-CM 1.8(2) 1.1(1) 2.4(2) 1.1(1) 0.83(0.9) 15/15
CMA-E 1.4(1) 1.1(1) 2.6(3) 1.4(2) 2.3(4) 15/15
defau 1.1(0.8) 1.1(1) 3.5(4) 1.5(2) 1.5(1) 15/15

f17 1.6e+1 :2.0 1.0e+1 :4.0 6.3e+0 :14 2.5e+0 :34 2.5e-1 :189 5/5
Raf 1.6(2) 2.7(3) 1.2(1) 1.1(0.8) 1.2(2) 13/15

RafLog 1.4(0.8) 1.1(0.9) 0.70(0.6) 1.5(0.5) 0.95(1) 15/15
DTS-C 2.1(2) 1.8(1) 0.85(0.8) 1.1(2) 1.6(2) 13/15
lq-CM 1.2(2) 1.3(2) 3.4(0.9) 2.1(1) 0.89(0.3) 15/15
CMA-E 1.1(1) 1.5(2) 0.80(0.8) 1.1(0.6) 0.88(0.3) 15/15
defau 1.2(2) 0.78(0.8) 0.58(0.6) 1.4(0.9) 1.9(0.8) 15/15

f18 6.3e+1 :2.0 4.0e+1 :5.0 2.5e+1 :13 1.0e+1 :40 6.3e-1 :184 15/15
Raf 2.1(2) 1.4(1) 0.75(0.8) 0.95(0.6) 1.0(0.8) 15/15

RafLog 2.0(2) 1.5(1) 1.1(1) 0.70(0.3)↑12.0(3) 13/15
DTS-C 2.8(3) 2.1(2) 1.4(1) 1.5(0.4) 2.3(2) 13/15
lq-CM 1.0(1) 0.91(1) 0.86(0.9) 0.87(1) 3.6(4) 15/15
CMA-E 1.5(2) 1.2(1) 0.83(0.9) 0.86(1) 2.1(4) 15/15
defau 1.3(1) 1.1(1) 0.83(1) 0.98(0.9) 3.0(4) 15/15

f19 1.6e-1 :81 1.0e-1 :109 6.3e-2 :109 4.0e-2 :119 1.6e-2 :123015/15
Raf 23(22) 30(32) 46(54) 44(55) 8.6(11) 1/15

RafLog 23(29) 30(52) 30(31) 28(27) 4.2(7) 2/15
DTS-C 18(31) 16(18) 22(38) 21(29) 4.4(6) 2/15
lq-CM 33(40) 36(48) 44(73) 73(86) 10(14) 15/15
CMA-E 37(73) 41(55) 47(54) 79(102) 14(18) 15/15
defau 37(56) 37(42) 49(45) 57(58) 6.4(5) 15/15

f20 4.0e+3 :3.0 2.5e+3 :4.0 4.0e+0 :13 1.6e+0 :41 1.0e+0 :385 5/5
Raf 0.87(1) 0.73(0.9) 1.4(1.0) 5.5(9) 6.0(8) 4/15

RafLog 0.87(1) 0.75(0.9) 1.4(1) 9.0(12) 5.5(9) 4/15
DTS-C 1.7(2) 1.4(1) 1.6(0.8) 4.9(5) 1.4(1) 11/15
lq-CM 1.0(0.7) 1.0(0.9) 1.2(0.7) 12(11) 3.1(4) 15/15
CMA-E 1.1(0.5) 0.85(0.4) 1.3(1) 14(15) 4.3(7) 15/15
defau 1.6(2) 1.4(1) 1.4(2) 11(17) 5.8(7) 15/15

f21 1.6e+1 :3.0 1.0e+1 :6.0 6.3e+0 :14 2.5e+0 :41 1.6e+0 :16715/15
Raf 1.9(2) 1.6(1) 5.2(0.9) 3.8(9) 4.1(5) 10/15

RafLog 1.2(1) 1.3(1) 1.1(0.9) 0.69(0.6) 1.2(2) 13/15
DTS-C 1.8(2) 2.7(1) 2.1(3) 2.2(2) 1.5(2) 14/15
lq-CM 1.1(1) 1.7(2) 1.4(1) 1.6(1) 1.6(2) 15/15
CMA-E 0.82(0.8) 1.2(2) 1.5(2) 1.4(2) 1.6(3) 15/15
defau 1.5(2) 1.7(2) 1.1(1) 1.3(2) 1.2(2) 15/15

f22 4.0e+1 :3.0 2.5e+1 :5.0 1.0e+1 :18 6.3e+0 :33 1.0e+0 :170 5/5
Raf 1.6(2) 2.2(3) 5.6(17) 4.6(9) 6.0(5) 8/15

RafLog 1.9(2) 2.4(3) 4.3(5) 7.4(11) 4.3(6) 9/15
DTS-C 1.5(3) 5.6(10) 6.5(13) 4.7(7) 3.4(5) 10/15
lq-CM 1.7(2) 1.5(2) 2.5(1) 2.4(2) 2.1(2) 15/15
CMA-E 1.4(1) 1.0(1) 1.1(0.9) 2.9(2) 4.5(6) 15/15
defau 2.0(2) 2.3(2) 1.7(1) 2.9(1) 5.4(6) 15/15

f23 1.0e+1 :3.0 6.3e+0 :16 4.0e+0 :44 2.5e+0 :79 1.6e+0 :19815/15
Raf 4.6(4) 2.5(2) 3.3(2) 4.2(4) 4.3(4) 9/15

RafLog 2.9(2) 1.4(1) 2.5(2) 6.1(12) 3.5(3) 10/15
DTS-C 3.6(4) 1.6(2) 1.7(1) 1.1(0.8) 0.53(0.7) 15/15
lq-CM 3.2(3) 1.6(2) 2.0(2) 5.1(4) 6.0(7) 15/15
CMA-E 4.2(5) 1.8(3) 2.0(2) 8.5(14) 7.6(7) 15/15
defau 4.1(5) 2.6(3) 2.9(3) 5.1(4) 3.9(3) 15/15

f24 4.0e+1 :5.0 2.5e+1 :13 1.6e+1 :47 1.6e+1 :47 6.3e+0 :38215/15
Raf 1.2(0.8) 1.2(1) 0.62(0.4)↑10.62(0.4)↑10.95(0.8) 14/15

RafLog 0.67(0.6) 1.1(0.8) 1.2(0.5) 1.2(0.5) 1.7(2) 10/15
DTS-C 1.7(1) 1.4(2) 1.2(2) 1.2(2) 0.63(0.5) 14/15
lq-CM 1.1(1) 1.8(1) 1.1(0.6) 1.1(0.6) 1.2(2) 15/15
CMA-E 0.83(1) 1.5(1) 1.2(1) 1.2(1) 2.2(3) 15/15
defau 1.1(1) 1.4(2) 1.1(0.7) 1.1(0.7) 2.6(3) 15/15

Table A.2 ERT Multiples for Budget Based Targets BBOB2009 Dimension 3 Data
produced with COCO v2.6.3
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#FEs/D 0.5 1.2 3 10 50 #succ
f1 2.5e+1 :5.0 1.6e+1 :8.0 1.0e-8 :12 1.0e-8 :12 1.0e-8 :12 15/15

Raf 1.3(0.9) 1.4(2) 57(7) 57(7) 57(7) 15/15
RafLog 1.2(1) 1.3(1) 45(11) 45(11) 45(11) 15/15
DTS-C 3.2(2) 2.2(0.7) 10(0.5) 10(0.5) 10(0.5) 15/15
lq-CM 1.0(0.8) 1.1(1) 6.0(0.5)⋆4 6.0(0.5)⋆4 6.0(0.5)⋆415/15
CMA-E 0.99(2) 1.2(2) 57(6) 57(6) 57(6) 15/15
defau 1.1(1) 1.4(1) 58(5) 58(5) 58(5) 15/15

f2 1.6e+6 :3.0 4.0e+5 :11 2.5e+4 :16 6.3e+2 :58 1.0e-8 :95 15/15
Raf 1.5(1) 0.93(1) 4.5(5) 5.4(3) 196(171) 1/15

RafLog 1.9(3) 0.90(1) 4.5(4) 4.9(2) 47(36) 4/15
DTS-C 2.2(3) 1.2(1) 2.2(0.5) 1.3(0.3) 2.7(0.2) 15/15
lq-CM 1.9(2) 0.98(0.8) 1.4(0.2) 0.98(0.2) 2.5(0.7) 15/15
CMA-E 1.7(2) 0.93(1) 3.3(5) 4.9(3) 15(2) 15/15
defau 1.7(2) 0.81(1) 4.5(5) 5.7(2) 15(1) 15/15

f3 1.6e+2 :4.0 1.0e+2 :15 6.3e+1 :23 2.5e+1 :73 1.0e+1 :71615/15
Raf 1.9(2) 1.5(3) 1.7(2) 4.8(9) 1.2(2) 10/15

RafLog 1.3(1) 0.95(0.7) 1.5(0.8) 2.1(2) 1.9(2) 8/15
DTS-C 2.8(2) 1.1(0.8) 1.4(0.3) 1.4(0.4) 0.34(0.5)15/15
lq-CM 0.92(0.9) 0.66(0.6) 1(0.2) 1.3(0.8) 0.50(0.2)↑115/15
CMA-E 1.4(1) 0.78(0.7) 1.4(0.9) 2.1(1) 0.79(0.4)15/15
defau 1.5(2) 0.92(0.9) 1.7(1) 2.3(1) 1.2(1) 15/15

f4 2.5e+2 :3.0 1.6e+2 :10 1.0e+2 :19 4.0e+1 :65 1.6e+1 :43415/15
Raf 1(1) 0.60(0.8) 1.7(2) 2.7(1) 3.2(4) 8/15

RafLog 1.4(2) 0.90(0.9) 2.1(2) 4.0(6) 2.3(3) 11/15
DTS-C 3.1(4) 2.2(2) 2.9(1) 3.7(6) 1.5(2) 13/15
lq-CM 0.42(0.3)↑1 0.65(0.9) 1.3(1) 1.5(0.6) 1.1(2) 15/15
CMA-E 0.36(0)↑0 0.37(0.4)↑1 0.99(0.8) 2.5(1) 2.5(3) 15/15
defau 0.36(0)↑0 0.73(0.8) 1.2(1) 2.0(1) 1.4(2) 15/15

f5 6.3e+1 :4.0 4.0e+1 :10 1.0e-8 :10 1.0e-8 :10 1.0e-8 :10 15/15
Raf 2.2(1) 1.3(0.4) 6.3(4) 6.3(4) 6.3(4) 15/15

RafLog 1.9(1) 1.4(0.6) 3.3(2) 3.3(2) 3.3(2) 15/15
DTS-C 3.3(2) 1.9(0.4) 4.3(2) 4.3(2) 4.3(2) 15/15
lq-CM 1.6(0.6) 0.84(0.1)⋆2

↑1 2.3(0.8) 2.3(0.8) 2.3(0.8) 15/15
CMA-E 3.9(1) 2.3(1) 6.5(2) 6.5(2) 6.5(2) 15/15
defau 3.0(2) 2.2(0.6) 6.3(2) 6.3(2) 6.3(2) 15/15

f6 1.0e+5 :3.0 2.5e+4 :8.0 1.0e+2 :16 2.5e+1 :54 2.5e-1 :254 15/15
Raf 2.6(2) 1.9(2) 2.9(3) 2.5(2) 1.8(0.5) 15/15

RafLog 1.9(2) 1.5(1) 5.4(4) 3.9(3) 2.7(1) 15/15
DTS-C 2.7(3) 1.7(1) 2.0(0.9) 1.9(2) 8.6(10) 7/15
lq-CM 1.2(1) 0.87(0.7) 1.8(2) 1.8(1) 1.7(0.2) 15/15
CMA-E 1.9(3) 1.6(2) 2.7(4) 2.2(2) 1.9(0.3) 15/15
defau 2.2(3) 1.8(2) 2.5(2) 2.5(1) 1.9(0.3) 15/15

f7 1.6e+2 :4.0 6.3e+1 :11 2.5e+1 :20 4.0e+0 :54 1.0e+0 :32415/15
Raf 0.88(1) 1.1(2) 2.7(2) 3.4(2) 1.3(1) 15/15

RafLog 1.4(2) 2.3(2) 2.1(2) 4.6(4) 1.7(0.8) 15/15
DTS-C 3.2(3) 1.7(1) 1.4(0.3) 1.6(0.9) 0.75(0.9)15/15
lq-CM 0.80(0.9) 1.0(1) 1.3(0.9) 0.98(0.5) 0.50(0.7)15/15
CMA-E 1.1(1) 0.81(0.9) 1.2(1.0) 2.5(2) 1.1(1.0) 15/15
defau 1.2(2) 1.2(2) 1.8(2) 2.4(1) 1.1(1.0) 15/15

f8 1.0e+4 :5.0 6.3e+3 :7.0 1.0e+3 :18 6.3e+1 :54 1.6e+0 :25815/15
Raf 0.85(1) 0.63(0.8) 1.1(0.8) 1.9(1) 2.5(1) 14/15

RafLog 1.4(0.8) 1.1(0.7) 1.1(1) 1.7(0.7) 5.7(6) 9/15
DTS-C 2.1(2) 2.1(1) 1.3(0.5) 0.93(0.2) 0.77(0.7)15/15
lq-CM 0.99(1) 1(1) 1.2(0.7) 1.0(0.4) 1.1(2) 15/15
CMA-E 0.89(0.8) 0.89(0.9) 1.7(1) 1.9(0.8) 4.0(5) 15/15
defau 0.47(0.4) 0.57(0.6) 1.1(0.6) 1.8(0.7) 3.1(1) 15/15

f9 2.5e+1 :20 1.6e+1 :26 1.0e+1 :35 4.0e+0 :62 1.6e-2 :256 15/15
Raf 6.4(2) 5.4(2) 4.6(1) 4.3(2) 13(15) 5/15

RafLog 6.1(6) 5.2(4) 4.2(3) 7.3(8) 35(34) 2/15
DTS-C 3.9(1) 3.2(0.9) 2.6(0.6) 2.2(1) 1.4(1.0) 15/15
lq-CM 3.6(2) 3.1(1) 2.5(1.0) 2.1(1) 1.5(2) 15/15
CMA-E 5.3(2) 4.6(2) 4.2(2) 4.4(1) 5.0(1) 15/15
defau 5.3(2) 5.1(1) 4.2(0.8) 5.5(4) 6.1(4) 15/15

f10 2.5e+6 :3.0 6.3e+5 :7.0 2.5e+5 :17 6.3e+3 :54 2.5e+1 :29715/15
Raf 0.96(1) 1.0(0.7) 0.91(1) 3.1(2) 2.0(0.9) 15/15

RafLog 1.4(1) 1.4(1) 0.91(1) 2.6(2) 2.7(1) 14/15
DTS-C 2.6(3) 1.7(1) 0.97(0.6) 0.93(0.3) 0.43(0.1)↑015/15
lq-CM 0.93(1) 1.4(2) 0.85(0.9) 1.0(0.2) 0.36(0.1)↑015/15
CMA-E 1.6(2) 1.5(2) 1.4(2) 2.6(1) 1.8(0.7) 15/15
defau 1.4(2) 1.4(2) 1.2(0.9) 2.1(2) 1.8(0.5) 15/15

f11 1.0e+6 :3.0 4.0e+4 :8.0 6.3e+2 :16 6.3e+1 :74 6.3e-1 :298 15/15
Raf 1.2(1) 1.8(2) 3.7(3) 3.4(3) 2.4(0.3) 15/15

RafLog 1.2(0.8) 1.6(1) 1.9(1) 5.1(4) 4.1(3) 12/15
DTS-C 2.8(3) 2.9(2) 2.4(1.0) 0.94(0.3) 0.52(0.2)↑015/15
lq-CM 1.2(1) 1.6(1) 1.8(1) 0.80(0.6) 0.44(0.1)↑015/15
CMA-E 1.9(2) 1.8(2) 5.0(2) 3.7(3) 2.2(0.4) 15/15
defau 1.7(2) 2.0(2) 4.4(4) 3.8(3) 2.2(0.3) 15/15

f12 4.0e+7 :4.0 1.6e+7 :8.0 4.0e+6 :19 1.6e+4 :52 1.0e+0 :26815/15
Raf 2.0(2) 2.2(3) 2.7(2) 4.1(1) 4.8(4) 11/15

RafLog 0.80(0.8) 1.1(1) 1.9(1) 2.4(0.6) 15(17) 4/15
DTS-C 2.6(2) 2.7(3) 2.3(0.8) 2.1(1) 1.2(0.8) 15/15
lq-CM 0.68(0.8) 1.1(1) 1.1(0.7) 1.2(0.4)⋆2 0.90(1) 15/15
CMA-E 1.0(1) 1.4(1) 2.0(1) 4.5(1) 6.9(9) 15/15
defau 1.4(2) 1.8(2) 2.2(1) 4.4(0.7) 6.7(9) 15/15

#FEs/D 0.5 1.2 3 10 50 #succ
f13 1.0e+3 :3.0 6.3e+2 :8.0 4.0e+2 :17 6.3e+1 :52 6.3e-2 :264 15/15

Raf 1.3(1) 1.6(2) 1.5(1) 2.6(1.0) 4.4(2) 13/15
RafLog 2.0(2) 1.6(2) 1.6(1) 3.0(4) 21(19) 3/15
DTS-C 3.4(3) 2.0(1) 1.4(0.6) 0.96(0.2) 1.2(0.5) 14/15
lq-CM 1.1(1) 1.1(1) 0.95(0.9) 0.96(0.3) 0.67(0.1)↑015/15
CMA-E 1.3(2) 1.5(2) 1.6(2) 2.9(0.9) 3.6(0.8) 15/15
defau 0.91(1) 0.96(0.8) 1.7(2) 3.0(0.9) 3.2(0.7) 15/15

f14 1.6e+1 :3.0 1.0e+1 :10 4.0e+0 :22 2.5e-1 :53 1.0e-5 :251 15/15
Raf 1.6(2) 0.73(0.7) 1.8(2) 3.0(1) 3.5(0.7) 15/15

RafLog 1.5(2) 1.4(2) 1.4(1) 2.4(0.9) 10(5) 7/15
DTS-C 2.9(3) 1.6(1) 1.2(0.7) 1.0(0.2) 0.90(0.1) 15/15
lq-CM 2.4(3) 1.1(1) 1.3(0.4) 1.1(0.3) 0.85(0.1)↑115/15
CMA-E 1.3(1) 0.64(0.7) 1.0(0.8) 2.3(0.5) 3.2(0.4) 15/15
defau 1.4(1) 0.66(0.7) 0.87(0.5) 2.4(0.9) 3.1(0.4) 15/15

f15 1.6e+2 :3.0 1.0e+2 :13 6.3e+1 :24 4.0e+1 :55 1.6e+1 :289 5/5
Raf 1.6(2) 0.95(0.8) 1.6(0.9) 1.2(0.7) 1.1(0.4) 14/15

RafLog 1.9(1) 0.73(0.6) 1.5(1.0) 1.4(1) 1.8(2) 12/15
DTS-C 3.2(3) 1.1(0.9) 1.1(0.4) 0.78(0.2) 0.54(0.7) 15/15
lq-CM 1.4(1) 1.3(1) 1.2(0.4) 0.98(0.5) 1.5(2) 15/15
CMA-E 2.1(2) 1.1(2) 1.6(1) 1.7(0.8) 1.2(0.6) 15/15
defau 1.5(1) 1.3(2) 1.6(1) 1.7(0.9) 1.8(0.9) 15/15

f16 4.0e+1 :5.0 2.5e+1 :16 1.6e+1 :46 1.0e+1 :120 4.0e+0 :33415/15
Raf 1.8(2) 1.6(2) 1.5(1) 2.1(1) 2.2(2) 11/15

RafLog 1.7(1) 2.5(3) 2.3(2) 2.7(2) 2.6(2) 11/15
DTS-C 0.97(0.8) 1.3(1) 2.2(0.7) 2.9(5) 2.9(3) 10/15
lq-CM 2.1(3) 3.0(4) 2.0(2) 2.0(2) 1.7(0.9) 15/15
CMA-E 1.4(1) 2.2(3) 2.7(3) 1.9(1) 1.5(1) 15/15
defau 2.1(2) 2.0(1.0) 2.0(3) 1.8(2) 3.8(4) 15/15

f17 1.0e+1 :5.0 6.3e+0 :26 4.0e+0 :57 2.5e+0 :110 6.3e-1 :412 15/15
Raf 2.0(2) 0.95(0.8) 0.83(0.6) 0.87(0.6) 1.5(2) 11/15

RafLog 2.1(4) 0.73(0.8) 0.96(0.8) 1.5(0.5) 2.1(3) 10/15
DTS-C 3.4(3) 1.8(0.6) 1.5(1) 2.0(2) 2.6(5) 10/15
lq-CM 3.1(2) 1.2(2) 1.2(1) 1.1(0.9) 2.7(4) 15/15
CMA-E 1.6(2) 0.87(1) 0.83(0.9) 0.96(0.6) 0.88(0.2)↑115/15
defau 1.3(2) 0.74(0.8) 0.86(0.6) 0.73(0.3) 0.55(0.2)↑015/15

f18 6.3e+1 :3.0 4.0e+1 :7.0 2.5e+1 :20 1.6e+1 :58 1.6e+0 :31815/15
Raf 1.2(2) 0.86(1) 0.65(0.6) 0.70(0.8) 1.0(0.3) 14/15

RafLog 0.73(0.7) 1.3(1) 0.80(0.8) 0.81(0.6) 1.5(2) 13/15
DTS-C 3.6(2) 8.9(3) 6.1(2) 3.2(5) 3.9(4) 9/15
lq-CM 1.7(2) 1.8(2) 1.6(1) 1.0(1) 2.5(0.7) 15/15
CMA-E 0.73(1) 0.75(0.8) 1.4(1) 0.97(0.7) 3.6(0.6) 15/15
defau 1.0(0.5) 1.2(2) 1.0(1) 0.72(0.5) 0.87(0.4) 15/15

f19 1.6e-1 :172 1.0e-1 :242 6.3e-2 :675 4.0e-2 :3078 2.5e-2 :494615/15
Raf ∞ ∞ ∞ ∞ ∞ 1250 0/15

RafLog ∞ ∞ ∞ ∞ ∞ 1250 0/15
DTS-C 10(12) 11(9) 13(13) 5.9(7) 3.7(4) 1/15
lq-CM 47(45) 72(70) 34(27) 9.1(8) 8.9(6) 15/15
CMA-E 122(118) 126(104) 57(64) 20(17) 16(11) 15/15
defau 63(56) 79(70) 56(52) 16(17) 14(12) 15/15

f20 6.3e+3 :5.0 4.0e+3 :8.0 2.5e+1 :16 2.5e+0 :69 1.0e+0 :85115/15
Raf 0.89(0.7) 0.73(0.7) 2.4(2) 2.7(2) 10(12) 2/15

RafLog 0.72(0.7) 0.60(0.5) 1.6(0.9) 2.5(1) 21(36) 1/15
DTS-C 2.6(2) 1.9(1) 1.6(0.4) 1.2(0.7) 1.9(3) 8/15
lq-CM 1.1(0.9) 0.86(0.9) 1.3(0.9) 1.9(1) 6.1(3) 15/15
CMA-E 0.95(0.8) 0.86(0.6) 1.7(1) 3.9(1) 5.7(6) 15/15
defau 1.2(1) 0.81(0.6) 1.8(1) 2.6(2) 7.4(7) 15/15

f21 4.0e+1 :4.0 2.5e+1 :11 1.6e+1 :31 6.3e+0 :73 1.6e+0 :347 5/5
Raf 1.3(1) 2.0(2) 1.1(1.0) 5.0(9) 5.0(6) 7/15

RafLog 0.95(0.9) 1.1(1) 0.80(0.9) 2.7(5) 2.3(4) 11/15
DTS-C 1.4(2) 1.6(1) 0.98(0.3) 3.0(3) 3.2(4) 9/15
lq-CM 0.82(0.5) 1.2(1) 1.1(1) 2.4(0.7) 3.1(4) 15/15
CMA-E 1.4(2) 1.4(1) 1.4(1) 3.6(9) 8.4(15) 15/15
defau 0.85(1) 1.1(1) 1.6(2) 3.9(10) 6.8(9) 15/15

f22 6.3e+1 :4.0 4.0e+1 :15 2.5e+1 :32 1.0e+1 :71 1.6e+0 :341 5/5
Raf 2.1(3) 1.4(1) 1.2(1) 4.3(8) 15(15) 3/15

RafLog 2.1(1) 1.1(1) 0.94(1) 4.6(7) 7.4(7) 6/15
DTS-C 2.1(3) 2.4(1) 2.4(3) 3.6(4) 6.8(9) 6/15
lq-CM 1.3(2) 1.4(2) 1.2(1) 3.6(5) 5.0(8) 15/15
CMA-E 1.4(2) 1.1(1.0) 1.2(1) 5.1(10) 6.7(10) 15/15
defau 1.9(3) 1.4(2) 1.3(1) 1.3(0.6) 29(48) 15/15

f23 1.0e+1 :3.0 6.3e+0 :9.0 4.0e+0 :33 2.5e+0 :84 1.0e+0 :51815/15
Raf 2.1(2) 2.7(3) 7.2(12) 8.2(12) 5.3(5) 6/15

RafLog 2.2(2) 1.7(1) 3.9(4) 7.7(9) 17(17) 2/15
DTS-C 1.3(2) 1.1(2) 1.7(2) 4.8(5) 2.4(2) 10/15
lq-CM 1.8(3) 3.3(4) 4.6(6) 5.4(5) 3.3(3) 15/15
CMA-E 1.8(2) 3.6(4) 4.6(5) 6.7(7) 9.4(9) 15/15
defau 3.2(3) 3.5(6) 3.5(7) 6.8(7) 11(8) 15/15

f24 6.3e+1 :15 4.0e+1 :37 4.0e+1 :37 2.5e+1 :118 1.6e+1 :69215/15
Raf 0.91(0.8) 1.5(1) 1.5(1) 2.1(2) 1.2(1) 13/15

RafLog 0.79(0.7) 1.8(1) 1.8(1) 2.1(1) 0.99(0.9) 13/15
DTS-C 1.3(0.8) 1.0(0.4) 1.0(0.4) 0.75(0.4) 0.26(0.2)⋆2

↑015/15
lq-CM 0.84(0.9) 1.6(1) 1.6(1) 1.7(1) 1.1(1) 15/15
CMA-E 0.87(1.0) 1.5(1) 1.5(1) 1.7(1) 1.2(0.8) 15/15
defau 0.72(0.7) 1.4(1) 1.4(1) 1.7(1) 1.4(1) 15/15

Table A.3 ERT Multiples for Budget Based Targets BBOB2009 Dimension 5 Data
produced with COCO v2.6.3
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#FEs/D 0.5 1.2 3 10 50 #succ
f1 4.0e+1 :8.0 2.5e+1 :16 1.0e-8 :23 1.0e-8 :23 1.0e-8 :23 15/15

Raf 3.0(3) 2.8(2) 66(7) 66(7) 66(7) 15/15
RafLog 1.9(3) 2.3(3) 65(7) 65(7) 65(7) 15/15
DTS-C 4.2(0.9) 2.6(0.8) 14(0.8) 14(0.8) 14(0.8) 15/15
lq-CM 2.5(2) 1.8(0.3) 4.9(0.3)⋆4 4.9(0.3)⋆4 4.9(0.3)⋆4 15/15
CMA-E 2.6(3) 2.5(2) 63(6) 63(6) 63(6) 15/15
defau 2.2(2) 2.0(1) 63(5) 63(5) 63(5) 15/15

f2 2.5e+6 :6.0 1.0e+6 :17 1.0e+5 :33 2.5e+3 :118 1.0e-8 :196 15/15
Raf 1.2(1) 1.6(2) 6.5(3) 7.3(2) ∞ 2500 0/15

RafLog 0.92(1) 1.2(1) 5.2(4) 7.3(3) ∞ 2500 0/15
DTS-C 2.6(3) 1.8(2) 2.6(0.8) 1.9(0.4) 4.8(0.2) 15/15
lq-CM 1.2(1) 1.1(0.9) 1.4(0.3)⋆ 1.1(0.5)⋆3 3.9(0.5)⋆2 15/15
CMA-E 1.5(2) 1.1(1.0) 5.3(3) 7.8(2) 21(1) 15/15
defau 1.3(1) 0.91(0.8) 4.8(4) 6.4(3) 21(2) 15/15

f3 4.0e+2 :8.0 1.6e+2 :37 1.0e+2 :69 6.3e+1 :147 2.5e+1 :112915/15
Raf 0.56(0.6) 2.1(1) 2.6(1) 3.1(1) 1.1(0.4) 14/15

RafLog 0.86(0.9) 1.9(1) 2.6(1) 3.8(2) 1.4(1) 12/15
DTS-C 1.6(2) 1.5(0.4) 1.4(0.4) 1.0(0.3) 0.50(0.6) 15/15
lq-CM 0.93(2) 1.2(0.4) 1.2(0.7) 1.7(0.9) 0.66(0.3) 15/15
CMA-E 0.58(0.7) 1.7(0.8) 2.4(1) 2.8(1) 1.3(2) 15/15
defau 0.35(0.4) 1.2(0.8) 1.7(0.6) 3.5(3) 2.1(2) 15/15

f4 2.5e+2 :21 1.6e+2 :59 1.6e+2 :59 6.3e+1 :139 4.0e+1 :854 15/15
Raf 2.1(3) 2.2(2) 2.2(2) 4.5(2) 1.2(0.4) 14/15

RafLog 3.3(4) 3.3(3) 3.3(3) 7.2(10) 2.5(2) 10/15
DTS-C 3.7(1) 2.5(0.7) 2.5(0.7) 5.2(5) 1.9(2) 13/15
lq-CM 1.9(2) 1.8(1) 1.8(1) 6.0(9) 1.2(1) 15/15
CMA-E 1.3(1) 1.5(0.6) 1.5(0.6) 4.0(1) 1.5(2) 15/15
defau 0.87(1) 1.2(0.9) 1.2(0.9) 4.1(1) 0.95(0.3) 15/15

f5 1.0e+2 :16 6.3e+1 :19 1.0e-8 :20 1.0e-8 :20 1.0e-8 :20 15/15
Raf 1.5(1.0) 1.7(0.7) 5.5(4) 5.5(4) 5.5(4) 15/15

RafLog 1.4(0.8) 1.9(0.7) 4.8(2) 4.8(2) 4.8(2) 15/15
DTS-C 1.7(0.4) 1.9(0.1) 10(2) 10(2) 10(2) 15/15
lq-CM 0.64(0.1)⋆2

↑0 0.72(0.4)⋆3 2.2(0.6)⋆3 2.2(0.6)⋆3 2.2(0.6)⋆3 15/15
CMA-E 1.9(0.5) 2.5(0.7) 6.7(1) 6.7(1) 6.7(1) 15/15
defau 2.0(0.8) 2.8(1) 7.3(2) 7.3(2) 7.3(2) 15/15

f6 1.6e+5 :7.0 6.3e+4 :16 4.0e+2 :36 1.0e+2 :102 4.0e+0 :504 15/15
Raf 1.4(2) 1.3(0.8) 2.6(2) 3.1(1) 1.7(0.3) 15/15

RafLog 1.2(1) 1.2(1) 3.6(3) 4.3(2) 2.3(0.7) 15/15
DTS-C 2.0(2) 1.6(0.8) 1.2(0.5) 3.1(2) 72(67) 1/15
lq-CM 1.1(0.9) 0.93(0.6) 1.9(1) 2.3(1) 1.5(0.4) 15/15
CMA-E 1.6(2) 1.5(2) 2.6(3) 3.0(2) 1.6(0.5) 15/15
defau 1.3(2) 1.0(1) 1.7(0.9) 2.7(1) 1.6(0.4) 15/15

f7 2.5e+2 :9.0 1.6e+2 :18 1.0e+2 :33 1.0e+1 :172 4.0e+0 :678 15/15
Raf 1.9(2) 1.8(2) 2.1(1) 2.8(2) 1.4(1) 15/15

RafLog 1.6(1) 2.2(2) 2.1(2) 3.0(2) 1.6(0.9) 14/15
DTS-C 3.3(1) 2.1(0.8) 1.6(0.6) 0.69(0.1)↑0 0.50(0.5) 15/15
lq-CM 0.86(0.9) 1.6(2) 1.7(1.0) 1.5(2) 0.76(0.7) 15/15
CMA-E 1.1(2) 1.3(1) 1.5(1) 1.7(0.4) 0.89(1.0) 15/15
defau 1.8(2) 1.4(1) 1.4(1) 1.5(0.4) 0.68(0.2)↑1 15/15

f8 1.6e+4 :15 1.0e+4 :22 1.6e+3 :34 2.5e+2 :103 4.0e+0 :727 15/15
Raf 1.0(1) 1.7(2) 4.0(2) 2.9(1) 6.5(6) 7/15

RafLog 1.9(2) 1.5(2) 3.6(2) 2.5(1) 6.3(7) 7/15
DTS-C 2.8(0.6) 2.2(0.5) 2.1(0.5) 1.4(0.4) 1.2(0.3) 14/15
lq-CM 1.6(1) 1.3(1.0) 1.7(0.6) 1.2(0.4) 1.9(4) 15/15
CMA-E 1.1(1) 1.1(1) 2.6(1) 1.9(0.6) 3.5(1.0) 15/15
defau 0.97(2) 0.77(1) 2.9(1) 2.0(0.5) 3.3(0.9) 15/15

f9 4.0e+1 :125 2.5e+1 :148 1.6e+1 :180 1.0e+1 :200 1.6e+0 :563 15/15
Raf 3.5(4) 3.3(3) 3.0(3) 3.4(3) 22(25) 3/15

RafLog 5.0(4) 4.5(3) 4.0(3) 4.2(3) 67(53) 1/15
DTS-C 1.8(1) 1.6(0.9) 1.4(0.8) 1.5(0.8) 2.2(2) 13/15
lq-CM 1.8(0.5) 1.7(0.4) 1.5(0.3) 1.6(0.3) 2.2(2) 15/15
CMA-E 2.8(1) 2.6(1) 2.5(0.9) 2.8(0.9) 5.9(0.9) 15/15
defau 3.6(4) 3.3(3) 3.0(3) 3.4(3) 5.1(1) 15/15

f10 2.5e+6 :6.0 1.0e+6 :21 4.0e+5 :38 2.5e+4 :104 6.3e+2 :512 15/15
Raf 1.3(1) 1(1) 2.3(2) 4.0(2) 2.6(1) 15/15

RafLog 1.4(1) 1.1(1) 2.3(3) 4.2(1) 3.0(1) 14/15
DTS-C 2.6(3) 1.5(0.7) 1.3(0.6) 1.3(0.3) 0.59(0.2)↑0 15/15
lq-CM 1.2(1) 1.2(1) 1.8(1) 1.4(0.2) 0.50(0.1)↑015/15
CMA-E 0.93(1) 0.75(1.0) 0.88(1.0) 3.8(2) 2.0(0.5) 15/15
defau 1.0(1) 0.62(0.5) 1.4(1) 3.7(2) 2.1(0.6) 15/15

f11 4.0e+4 :6.0 2.5e+3 :15 6.3e+1 :217 4.0e+1 :244 2.5e+0 :675 15/15
Raf 2.5(2) 3.3(3) 4.9(2) 5.2(0.6) 2.5(0.3) 15/15

RafLog 2.6(2) 5.7(4) 6.6(2) 6.3(1) 2.9(0.4) 15/15
DTS-C 2.7(3) 2.0(2) 1.3(0.7) 1.4(0.5) 0.74(0.1)↑0 15/15
lq-CM 3.7(4) 4.4(3) 1.6(0.8) 1.5(0.5) 0.68(0.1)↑015/15
CMA-E 1.8(2) 3.5(3) 5.2(0.8) 5.0(0.7) 2.3(0.3) 15/15
defau 1.8(2) 2.8(3) 5.5(1.0) 5.2(0.9) 2.4(0.3) 15/15

f12 4.0e+7 :15 2.5e+7 :24 1.6e+7 :34 1.0e+6 :103 1.0e+1 :515 15/15
Raf 2.5(3) 2.6(2) 2.5(2) 2.7(0.7) 5.6(5) 9/15

RafLog 2.1(2) 2.6(2) 3.3(3) 2.7(0.5) 9.1(10) 6/15
DTS-C 2.8(3) 2.5(2) 2.4(1) 1.6(0.6) 1.0(0.9) 15/15
lq-CM 2.3(2) 1.8(1) 1.6(0.7) 1.1(0.5) 0.79(0.7) 15/15
CMA-E 1.9(2) 1.8(1) 2.0(0.8) 2.4(0.3) 3.1(2) 15/15
defau 1.8(2) 2.2(3) 2.3(2) 2.5(0.6) 4.9(4) 15/15

#FEs/D 0.5 1.2 3 10 50 #succ
f13 1.0e+3 :12 6.3e+2 :32 4.0e+2 :40 6.3e+1 :154 2.5e+0 :521 15/15

Raf 3.0(3) 2.7(1) 3.8(1) 2.6(0.4) 3.5(2) 14/15
RafLog 3.2(3) 3.2(2) 4.3(2) 3.1(0.7) 3.2(2) 14/15
DTS-C 3.5(0.9) 1.9(0.5) 2.0(0.4) 0.89(0.1)⋆3

↑1 1.1(0.7) 15/15
lq-CM 2.6(2) 1.5(0.5) 1.9(0.7) 1.2(0.2) 0.82(0.2) 15/15
CMA-E 1.8(2) 2.4(2) 3.3(1) 2.5(0.6) 2.3(1) 15/15
defau 1.9(2) 2.5(1) 3.3(1) 2.7(0.7) 3.0(1) 15/15

f14 4.0e+1 :8.0 1.6e+1 :27 1.0e+1 :37 6.3e-1 :107 1.0e-4 :505 15/15
Raf 0.49(0.5) 0.86(0.8) 2.2(2) 3.1(0.9) 3.6(0.3) 15/15

RafLog 0.31(0.1)↑11.1(1) 1.4(2) 3.2(2) 3.7(0.7) 15/15
DTS-C 1.8(2) 1.2(0.5) 1.3(0.4) 1.3(0.3) 1.2(0.1) 15/15
lq-CM 0.71(0.6) 1.7(2) 2.1(1) 1.7(0.6) 1.2(0.1) 15/15
CMA-E 0.67(1) 0.91(1) 1.3(1) 2.7(0.7) 3.3(0.4) 15/15
defau 0.59(0.8) 0.75(1.0) 1.2(1) 2.4(0.6) 3.2(0.4) 15/15

f15 2.5e+2 :9.0 1.6e+2 :72 1.0e+2 :186 6.3e+1 :450 4.0e+1 :872 15/15
Raf 2.7(2) 0.91(0.7) 0.86(0.4) 0.84(0.4) 0.98(0.4) 15/15

RafLog 2.3(3) 0.85(0.6) 0.91(0.3) 1.0(0.6) 1.4(0.9) 14/15
DTS-C 3.3(3) 0.77(0.3) 0.51(0.2)↑1 0.33(0.2)⋆2

↑0 0.21(0.0)⋆4
↑015/15

lq-CM 1.9(2) 0.68(0.4) 0.59(0.3)↑1 0.86(0.4) 0.74(0.2)↑1 15/15
CMA-E 1.8(2) 0.78(0.8) 0.83(0.3) 0.84(0.5) 1.2(0.7) 15/15
defau 1.9(2) 0.64(0.5) 0.82(0.4) 0.86(0.3) 1.2(0.3) 15/15

f16 4.0e+1 :12 2.5e+1 :47 1.6e+1 :88 1.0e+1 :425 4.0e+0 :989 15/15
Raf 2.8(2) 6.9(9) 10(6) 3.0(2) 2.3(2) 11/15

RafLog 1.8(2) 4.2(6) 12(9) 3.4(2) 2.6(3) 10/15
DTS-C 1.0(1) 1.4(1.0) 1.2(0.4)⋆ 0.37(0.1)⋆4

↑0 0.91(1) 13/15
lq-CM 1.8(2) 4.3(4) 6.0(3) 1.6(0.7) 2.1(3) 15/15
CMA-E 0.69(0.8) 3.7(4) 8.3(7) 2.4(0.8) 1.3(0.4) 15/15
defau 1.3(2) 5.5(8) 10(4) 2.4(0.9) 2.6(3) 15/15

f17 1.0e+1 :26 6.3e+0 :85 4.0e+0 :155 2.5e+0 :238 6.3e-1 :585 15/15
Raf 1.6(2) 1.5(1) 1.4(0.8) 1.3(0.6) 1.4(0.5) 14/15

RafLog 0.95(1) 1.1(0.9) 1.2(0.7) 1.3(0.6) 2.5(4) 12/15
DTS-C 1.5(1) 0.91(0.5) 0.77(0.3) 0.62(0.2)↑0 2.5(3) 12/15
lq-CM 1.4(2) 1.3(1) 0.99(0.8) 1.1(0.7) 2.4(4) 15/15
CMA-E 0.63(2) 0.64(0.7) 0.75(0.6) 0.87(0.3) 1.6(0.4) 15/15
defau 0.94(1) 0.93(0.7) 0.86(0.5) 0.90(0.3) 0.87(0.2) 15/15

f18 4.0e+1 :11 2.5e+1 :56 1.6e+1 :172 1.6e+1 :172 2.5e+0 :561 15/15
Raf 2.1(3) 1.1(1) 0.90(0.4) 0.90(0.4) 0.98(0.3) 15/15

RafLog 2.3(2) 1.3(1) 0.84(0.3) 0.84(0.3) 1.0(0.3) 15/15
DTS-C 3.9(3) 1.3(0.8) 0.61(0.3)↑1 0.61(0.3)↑1 1.6(2) 13/15
lq-CM 2.7(4) 1.3(1) 0.73(0.4) 0.73(0.4) 1.6(0.3) 15/15
CMA-E 1.8(2) 0.88(0.9) 0.76(0.3) 0.76(0.3) 0.99(0.3) 15/15
defau 1.4(2) 0.91(1) 0.72(0.4) 0.72(0.4) 1.1(0.3) 15/15

f19 1.6e-1 :618 1.0e-1 :10609 6.3e-2 :10623 4.0e-2 :10625 2.5e-2 :10644 15/15
Raf ∞ ∞ ∞ ∞ ∞ 2500 0/15

RafLog ∞ ∞ ∞ ∞ ∞ 2500 0/15
DTS-C 28(28) 3.4(5) 3.4(4) ∞ ∞ 2502 0/15
lq-CM 114(92) 9.0(6) 12(8) 17(12) 31(21) 15/15
CMA-E 170(162) 12(8) 15(10) 23(16) 35(20) 15/15
defau 124(99) 10(6) 14(10) 21(18) 30(18) 15/15

f20 1.0e+4 :17 6.3e+3 :21 4.0e+1 :31 2.5e+0 :122 1.0e+0 :1542613/15
Raf 0.74(0.9) 0.81(0.9) 3.8(2) 4.8(2) 2.3(2) 1/15

RafLog 0.54(0.8) 0.88(2) 4.6(2) 5.0(2) 2.3(3) 1/15
DTS-C 2.3(0.6) 2.1(0.5) 2.1(0.5) 3.3(1) 2.3(4) 1/15
lq-CM 1.1(1) 1.3(0.9) 1.6(0.4)⋆ 6.5(7) 1.2(0.8) 15/15
CMA-E 0.66(0.5) 0.74(0.5) 3.2(2) 4.8(2) 2.0(1) 15/15
defau 0.81(0.6) 0.86(1.0) 3.7(1) 4.7(2) 1.8(1) 15/15

f21 4.0e+1 :30 2.5e+1 :46 1.6e+1 :56 1.0e+1 :130 6.3e+0 :639 15/15
Raf 2.7(2) 2.6(1) 2.8(1) 3.1(1) 3.0(4) 9/15

RafLog 2.3(2) 2.9(2) 9.0(21) 5.3(9) 1.2(2) 14/15
DTS-C 2.8(0.7) 2.0(0.4) 2.0(0.8) 3.3(7) 0.72(2) 14/15
lq-CM 3.0(2) 3.0(2) 4.7(2) 7.8(11) 2.4(2) 15/15
CMA-E 2.2(1) 2.1(1.0) 2.8(1) 1.5(0.6) 3.2(2) 15/15
defau 2.6(2) 3.0(2) 15(25) 13(11) 3.3(5) 15/15

f22 6.3e+1 :18 4.0e+1 :30 2.5e+1 :43 6.3e+0 :155 4.0e+0 :631 14/15
Raf 3.0(2) 3.1(2) 7.2(2) 12(12) 6.3(7) 6/15

RafLog 3.3(3) 8.8(3) 22(28) 16(24) 9.1(9) 5/15
DTS-C 2.2(1) 2.1(1) 6.6(6) 12(20) 8.2(12) 5/15
lq-CM 3.9(4) 6.4(3) 7.0(13) 32(54) 11(23) 15/15
CMA-E 2.9(2) 8.3(1) 11(28) 299(133) 77(34) 15/15
defau 2.4(2) 2.7(2) 3.2(2) 206(348) 125(165) 14/15

f23 6.3e+0 :10 4.0e+0 :62 2.5e+0 :162 2.5e+0 :162 1.0e+0 :915 15/15
Raf 2.2(2) 5.3(8) 17(23) 17(17) 40(39) 1/15

RafLog 1.9(4) 4.2(3) 31(38) 31(32) ∞ 2500 0/15
DTS-C 2.3(2) 2.0(2) 2.0(3) 2.0(3) 0.95(0.9)⋆214/15
lq-CM 6.0(5) 3.9(4) 6.2(5) 6.2(5) 20(56) 15/15
CMA-E 4.2(4) 4.9(3) 13(11) 13(11) 21(23) 15/15
defau 2.9(4) 6.7(2) 19(17) 19(17) 14(15) 15/15

f24 1.0e+2 :66 6.3e+1 :596 4.0e+1 :3181 2.5e+1 :7668 1.6e+1 :1435315/15
Raf 1.6(0.9) 0.69(0.4) 1.0(0.9) 1.6(2) 1.3(2) 2/15

RafLog 2.3(1.0) 1.1(0.7) 2.1(3) 2.4(2) ∞ 2500 0/15
DTS-C 1.1(0.3) 0.34(0.2)⋆↑1 0.10(0.0)⋆2

↑0 0.06(0.1)⋆3
↑0 0.22(0.3) 8/15

lq-CM 2.1(1) 1.1(0.7) 0.44(0.1)↑0 0.31(0.2)↑1 0.68(0.8) 15/15
CMA-E 1.5(1) 1.3(0.9) 1.5(2) 0.77(0.6) 1.1(1) 15/15
defau 1.7(1.0) 0.86(0.4) 0.79(0.5) 0.67(0.6) 0.83(0.7) 15/15

Table A.4 ERT Multiples for Budget Based Targets BBOB2009 Dimension 10
Data produced with COCO v2.6.3
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#FEs/D 0.5 1.2 3 10 50 #succ
f1 6.3e+1 :24 4.0e+1 :42 1.0e-8 :43 1.0e-8 :43 1.0e-8 :43 15/15

Raf 3.4(2) 3.2(2) 65(4) 65(4) 65(4) 15/15
RafLog 4.1(3) 4.3(1) 66(3) 66(3) 66(3) 15/15
DTS-C 3.2(0.8) 2.3(0.5) 21(0.8) 21(0.8) 21(0.8) 15/15
lq-CM 2.4(0.3) 1.5(0) 4.0(0.1)⋆4 4.0(0.1)⋆4 4.0(0.1)⋆4 15/15
CMA-E 2.1(0.8) 2.6(0.8) 64(3) 64(3) 64(3) 15/15
defau 2.4(1) 2.8(0.8) 63(3) 63(3) 63(3) 15/15

f2 4.0e+6 :29 2.5e+6 :42 1.0e+5 :65 1.0e+4 :207 1.0e-8 :412 15/15
Raf 0.66(0.7) 1.2(1) 14(5) 10(3) ∞ 5000 0/15

RafLog 0.57(0.5) 2.4(2) 18(6) 12(4) ∞ 5000 0/15
DTS-C 1.4(1) 1.2(1) 4.8(1) 3.0(0.7) 11(0.5) 15/15
lq-CM 0.93(1) 1.2(0.7) 1.8(0.6)⋆4 1.2(0.3)⋆3 6.5(1)⋆4 15/15
CMA-E 0.63(0.6) 0.73(0.6) 13(3) 10(2) 33(2) 15/15
defau 0.53(0.5) 0.56(0.6) 14(7) 9.4(3) 33(2) 15/15

f3 6.3e+2 :33 4.0e+2 :44 1.6e+2 :109 1.0e+2 :255 2.5e+1 :327715/15
Raf 0.78(1) 3.1(2) 7.2(3) 6.9(3) 22(24) 1/15

RafLog 1.1(2) 3.8(2) 7.6(3) 7.8(3) 10(14) 2/15
DTS-C 1.8(1) 2.4(0.8) 3.1(0.7) 1.7(0.5)⋆4 4.9(6) 4/15
lq-CM 1.3(1) 1.9(0.5) 3.3(1) 3.8(0.7) 2.3(3) 15/15
CMA-E 0.69(0.6) 2.2(1) 7.2(3) 7.1(3) 3.7(3) 15/15
defau 0.73(0.6) 1.8(1) 6.4(2) 6.6(2) 3.1(0.5) 15/15

f4 6.3e+2 :22 4.0e+2 :91 2.5e+2 :250 1.6e+2 :332 6.3e+1 :192715/15
Raf 4.7(5) 3.0(1) 2.1(0.6) 3.6(1) 2.4(2) 10/15

RafLog 5.7(5) 3.4(1) 2.4(1) 3.8(1) 2.3(3) 10/15
DTS-C 7.1(2) 2.7(0.8) 1.8(0.6) 7.0(6) 13(13) 3/15
lq-CM 3.3(4) 2.1(0.8) 1.4(0.4) 3.0(0.4) 1.8(2) 15/15
CMA-E 1.3(2) 2.1(0.6) 1.7(0.4) 3.7(1) 2.4(2) 15/15
defau 1.7(3) 2.4(0.9) 1.8(0.6) 3.7(1) 1.8(2) 15/15

f5 2.5e+2 :19 1.6e+2 :34 1.0e-8 :41 1.0e-8 :41 1.0e-8 :41 15/15
Raf 1.5(0.6) 1.8(0.8) 6.3(1) 6.3(1) 6.3(1) 15/15

RafLog 1.5(0.8) 1.8(1) 6.0(2) 6.0(2) 6.0(2) 15/15
DTS-C 1.8(1) 1.8(0.2) 21(7) 21(7) 21(7) 15/15
lq-CM 0.76(0.3) 0.71(0.1)⋆2

↑0 2.4(0.7)⋆4 2.4(0.7)⋆4 2.4(0.7)⋆4 15/15
CMA-E 1.9(0.6) 1.9(0.3) 5.9(1) 5.9(1) 5.9(1) 15/15
defau 1.7(0.4) 1.9(0.7) 5.8(1) 5.8(1) 5.8(1) 15/15

f6 2.5e+5 :16 6.3e+4 :43 1.6e+4 :62 1.6e+2 :353 1.6e+1 :107815/15
Raf 1.5(2) 1.8(1) 1.7(0.9) 2.4(0.9) 1.7(0.4) 15/15

RafLog 2.4(2) 2.1(1) 2.2(0.9) 3.5(2) 2.1(0.7) 15/15
DTS-C 3.4(2) 2.2(1) 2.2(1) 2.3(1) 69(79) 1/15
lq-CM 2.3(3) 1.6(0.6) 1.5(0.7) 2.0(0.6) 1.5(0.4) 15/15
CMA-E 2.7(3) 2.0(0.9) 2.3(0.9) 2.3(0.8) 1.5(0.3) 15/15
defau 1.7(2) 1.7(1.0) 1.9(0.7) 2.2(0.5) 1.6(0.3) 15/15

f7 1.0e+3 :11 4.0e+2 :39 2.5e+2 :74 6.3e+1 :319 1.0e+1 :135115/15
Raf 1.0(1) 2.8(2) 2.3(1) 1.6(0.4) 1.0(0.7) 15/15

RafLog 0.96(1) 2.6(3) 3.1(1) 1.7(0.5) 1.2(1) 15/15
DTS-C 2.5(2) 2.0(0.4) 1.3(0.1) 0.62(0.1)⋆2

↑0 2.3(1) 14/15
lq-CM 1.3(3) 2.9(1) 2.2(1) 1.0(0.3) 1.0(0.9) 15/15
CMA-E 0.43(0.4)↑1 0.73(0.8) 1.4(0.8) 1.3(0.4) 1.3(1) 15/15
defau 0.63(1) 1.1(1) 1.2(0.8) 1.3(0.3) 1.0(1) 15/15

f8 4.0e+4 :19 2.5e+4 :35 4.0e+3 :67 2.5e+2 :231 1.6e+1 :147015/15
Raf 4.7(3) 3.2(2) 3.6(0.8) 3.0(1) 3.2(2) 12/15

RafLog 4.1(3) 3.2(2) 4.1(1) 2.8(0.8) 4.0(4) 10/15
DTS-C 4.3(0.6) 2.6(0.4) 2.2(0.3) 1.5(0.4) 1.00(0.4) 15/15
lq-CM 2.9(3) 2.5(0.5) 2.2(0.4) 1.6(0.4) 1.3(0.5) 15/15
CMA-E 2.1(2) 2.2(0.9) 3.3(0.9) 2.3(0.6) 2.1(0.9) 15/15
defau 1.5(2) 1.8(1) 3.1(0.9) 2.2(0.5) 2.4(1) 15/15

f9 1.0e+2 :357 6.3e+1 :560 4.0e+1 :684 2.5e+1 :756 1.0e+1 :171615/15
Raf 2.0(0.7) 3.3(5) 2.9(4) 3.0(3) ∞ 5000 0/15

RafLog 2.2(0.7) 1.6(0.5) 1.5(0.4) 1.5(0.3) ∞ 5000 0/15
DTS-C 1.1(0.2) 0.95(0.5) 0.84(0.4) 0.85(0.4) 1.4(0.4) 15/15
lq-CM 1.3(0.5) 1.0(0.4) 0.93(0.2) 0.97(0.2) 1.5(0.2) 15/15
CMA-E 1.7(0.6) 1.5(1) 1.4(1) 1.5(1.0) 3.8(0.6) 15/15
defau 2.1(1) 1.5(1.0) 1.4(0.8) 1.4(0.7) 3.8(0.9) 15/15

f10 1.6e+6 :15 1.0e+6 :27 4.0e+5 :70 6.3e+4 :231 4.0e+3 :101515/15
Raf 3.7(4) 9.3(12) 7.1(5) 5.3(2) 3.8(3) 13/15

RafLog 6.9(7) 10(7) 7.7(3) 5.6(2) 3.1(1) 15/15
DTS-C 5.6(1) 3.8(1) 2.5(0.7) 1.6(0.4)⋆3 0.81(0.2)↑115/15
lq-CM 6.7(8) 7.3(5) 4.6(1) 2.4(0.4) 0.83(0.2) 15/15
CMA-E 3.8(4) 3.8(6) 4.8(3) 4.5(1.0) 2.4(0.6) 15/15
defau 3.5(4) 3.0(3) 4.6(2) 4.3(2) 2.6(0.4) 15/15

f11 4.0e+4 :11 2.5e+3 :27 1.6e+2 :313 1.0e+2 :481 1.0e+1 :100215/15
Raf 1.1(1) 1.3(1) 10(7) 8.2(0.7) 4.6(0.3) 15/15

RafLog 1.6(1) 2.1(2) 14(3) 10(6) 8.0(5) 9/15
DTS-C 2.1(2) 2.3(2) 2.9(2) 2.4(0.4) 1.6(0.2) 15/15
lq-CM 1.7(2) 3.1(3) 3.7(0.2) 2.5(0.1) 1.4(0.1)⋆ 15/15
CMA-E 1.5(2) 1.7(1) 11(2) 7.5(1) 4.4(0.4) 15/15
defau 1.4(1) 2.1(3) 9.3(6) 7.4(1) 4.4(0.4) 15/15

f12 1.0e+8 :23 6.3e+7 :39 2.5e+7 :76 4.0e+6 :209 1.0e+1 :104215/15
Raf 4.1(4) 3.9(3) 3.4(1.0) 2.3(0.4) 3.2(2) 12/15

RafLog 3.4(5) 4.4(2) 4.0(1) 2.5(0.5) 3.3(4) 12/15
DTS-C 10(7) 7.8(5) 5.5(2) 2.6(0.6) 1.2(0.5) 15/15
lq-CM 5.1(4) 4.1(3) 2.7(1) 1.5(0.8) 1.1(0.4) 15/15
CMA-E 1.7(1) 2.1(1) 2.5(0.6) 2.0(0.3) 2.6(2) 15/15
defau 2.4(1) 2.4(1) 2.7(0.5) 2.0(0.2) 2.8(3) 15/15

#FEs/D 0.5 1.2 3 10 50 #succ
f13 1.6e+3 :28 1.0e+3 :64 6.3e+2 :79 4.0e+1 :211 2.5e+0 :1724 15/15

Raf 2.9(2) 3.1(1) 4.1(1) 6.0(0.9) 9.5(10) 4/15
RafLog 3.1(2) 3.2(1) 4.3(1) 6.7(2) 3.3(6) 9/15
DTS-C 2.7(0.5) 1.7(0.3) 1.9(0.3) 2.3(0.2)⋆2 2.2(3) 11/15
lq-CM 2.2(1) 1.6(0.4) 2.0(0.6) 3.4(0.2) 1.6(1) 15/15
CMA-E 1.5(0.5) 2.5(1) 3.8(0.6) 5.2(0.7) 3.4(2) 15/15
defau 1.3(0.9) 2.3(0.8) 3.6(0.6) 4.9(0.5) 2.7(2) 15/15

f14 2.5e+1 :15 1.6e+1 :42 1.0e+1 :75 1.6e+0 :219 6.3e-4 :1106 15/15
Raf 7.2(7) 5.3(3) 4.0(1) 2.7(0.5) 3.1(0.3) 15/15

RafLog 8.9(9) 6.3(2) 4.8(1) 3.1(0.7) 3.3(0.3) 15/15
DTS-C 6.4(2) 3.3(1) 2.5(1) 1.6(0.2)⋆3 1.4(0.2)⋆315/15
lq-CM 7.1(7) 4.3(2) 3.2(1) 2.2(0.4) 1.7(0.1) 15/15
CMA-E 3.1(3) 3.0(2) 2.5(1) 2.3(0.4) 3.0(0.2) 15/15
defau 3.3(3) 2.5(1) 2.5(1) 2.3(0.4) 2.9(0.3) 15/15

f15 6.3e+2 :15 4.0e+2 :67 2.5e+2 :292 1.6e+2 :846 1.0e+2 :1671 15/15
Raf 2.6(3) 2.3(1) 0.97(0.3) 1.2(0.6) 1.3(0.4) 15/15

RafLog 1.6(2) 2.0(1) 1.0(0.3) 1.0(0.4) 1.2(0.4) 15/15
DTS-C 4.8(2) 1.5(0.4) 0.59(0.3)↑0 0.42(0.1)↑0 0.28(0.1)⋆3

↑015/15
lq-CM 3.1(3) 1.3(0.2) 0.49(0.2)↑0 0.54(0.3)↑0 0.65(0.2)↑015/15
CMA-E 1.3(1) 1.2(0.5) 0.87(0.2) 0.93(0.2) 1.3(0.6) 15/15
defau 1.6(2) 1.3(0.7) 0.80(0.3) 0.84(0.4) 1.3(0.5) 15/15

f16 4.0e+1 :26 2.5e+1 :127 1.6e+1 :540 1.6e+1 :540 1.0e+1 :1384 15/15
Raf 4.4(7) 16(16) 4.6(4) 4.6(4) 2.2(2) 13/15

RafLog 7.9(8) 16(10) 4.9(2) 4.9(2) 2.1(0.7) 14/15
DTS-C 2.4(2) 1.8(0.4)⋆4 0.53(0.1)⋆4

↑1 0.53(0.1)⋆4
↑1 0.54(0.1)⋆2

↑114/15
lq-CM 11(15) 8.2(2) 2.3(0.5) 2.3(0.5) 1.0(0.2) 15/15
CMA-E 6.6(7) 14(11) 3.9(3) 3.9(3) 1.7(1.0) 15/15
defau 4.5(5) 15(7) 4.2(2) 4.2(2) 1.9(0.8) 15/15

f17 1.6e+1 :11 1.0e+1 :63 6.3e+0 :305 4.0e+0 :468 1.0e+0 :1030 15/15
Raf 2.7(5) 2.9(2) 1.1(0.5) 1.1(0.4) 1.2(0.2) 15/15

RafLog 2.0(3) 2.1(2) 1.1(0.4) 1.1(0.4) 1.2(0.5) 15/15
DTS-C 4.7(3) 1.7(0.7) 0.61(0.3)↑1 1.3(0.3) 3.3(4) 10/15
lq-CM 3.7(5) 2.4(1) 0.84(0.3) 0.82(0.2) 1.7(0.5) 15/15
CMA-E 1.4(2) 0.95(1.0) 0.67(0.3)↑1 0.71(0.3) 0.81(0.3) 15/15
defau 1.7(1) 1.2(1) 0.64(0.3)↑0 0.81(0.3) 0.96(0.4) 15/15

f18 4.0e+1 :116 2.5e+1 :252 1.6e+1 :430 1.0e+1 :621 4.0e+0 :1090 15/15
Raf 0.95(0.9) 1.1(0.3) 1.0(0.3) 1.0(0.2) 1.3(0.3) 14/15

RafLog 1.0(1.0) 1.3(0.7) 1.2(0.5) 1.4(0.8) 1.7(2) 13/15
DTS-C 0.95(0.5) 0.77(0.4) 0.74(0.4) 3.8(4) 3.1(4) 11/15
lq-CM 1.1(0.7) 0.94(0.3) 0.84(0.4) 0.90(0.5) 1.0(0.8) 15/15
CMA-E 0.68(0.8) 0.83(0.2) 0.85(0.3) 0.83(0.1)↑1 0.88(0.2) 15/15
defau 0.56(0.4)↑1 0.68(0.3)↑1 0.82(0.3) 0.86(0.3) 0.94(0.3) 15/15

f19 1.6e-1 :2.5e5 1.0e-1 :3.4e5 6.3e-2 :3.4e5 4.0e-2 :3.4e5 2.5e-2 :3.4e5 3/15
Raf ∞ ∞ ∞ ∞ ∞ 5000 0/15

RafLog ∞ ∞ ∞ ∞ ∞ 5000 0/15
DTS-C ∞ ∞ ∞ ∞ ∞ 5003 0/15
lq-CM 0.67(0.5) 0.56(0.4)↑1 0.81(0.5) 2.3(2) 3.4(3) 15/15
CMA-E 1.4(0.6) 1.2(0.5) 2.1(1) 3.4(3) 4.9(3) 15/15
defau 1.1(0.9) 1.1(0.9) 1.8(1) 3.5(2) 5.7(3) 15/15

f20 1.6e+4 :38 1.0e+4 :42 2.5e+2 :62 2.5e+0 :250 1.6e+0 :2536 15/15
Raf 1.6(2) 2.8(2) 4.5(1) 5.6(1) ∞ 5000 0/15

RafLog 1.6(2) 2.4(2) 4.8(1) 5.3(1) 6.2(6) 4/15
DTS-C 2.1(0.4) 2.1(0.2) 2.5(0.3) 4.5(2) 13(15) 2/15
lq-CM 1.6(0.1) 1.6(0.1) 1.7(0.5)⋆3 5.0(1) 11(8) 15/15
CMA-E 0.72(0.6) 1.1(1.0) 3.9(0.7) 5.2(2) 25(19) 15/15
defau 0.95(1) 1.4(1) 3.8(1.0) 5.3(1) 16(17) 15/15

f21 6.3e+1 :36 4.0e+1 :77 4.0e+1 :77 1.6e+1 :456 4.0e+0 :1094 15/15
Raf 4.6(2) 7.7(1) 7.7(1) 1.8(0.8) 3.1(2) 10/15

RafLog 3.6(3) 3.3(1) 3.3(1) 3.5(6) 7.4(7) 6/15
DTS-C 3.5(2) 2.3(1) 2.3(1) 6.0(11) 7.2(9) 6/15
lq-CM 4.1(2) 2.8(1) 2.8(1) 1.9(2) 19(3) 15/15
CMA-E 3.9(2) 2.9(1) 2.9(1) 2.9(5) 283(360) 15/15
defau 2.8(1) 2.1(0.8) 2.1(0.8) 1.3(0.2) 75(12) 14/15

f22 6.3e+1 :45 4.0e+1 :68 4.0e+1 :68 1.6e+1 :231 6.3e+0 :1219 15/15
Raf 3.8(2) 12(32) 12(32) 6.1(11) 3.9(4) 9/15

RafLog 3.9(3) 4.0(1) 4.0(1) 7.3(17) 3.6(6) 9/15
DTS-C 6.8(2) 11(18) 11(18) 21(38) 8.4(10) 5/15
lq-CM 3.9(2) 3.8(1) 3.8(1) 7.3(6) 44(126) 13/15
CMA-E 2.8(1) 2.8(0.9) 2.8(0.9) 10(11) 13(37) 15/15
defau 3.0(2) 2.8(1) 2.8(1) 9.5(11) 81(105) 14/15

f23 6.3e+0 :29 4.0e+0 :118 2.5e+0 :306 2.5e+0 :306 1.0e+0 :1614 15/15
Raf 3.9(5) 20(21) 244(221) 244(200) ∞ 5000 0/15

RafLog 4.3(5) 20(15) 115(122) 115(94) ∞ 5000 0/15
DTS-C 2.0(3) 2.8(2) 1.7(0.2)⋆2 1.7(0.2)⋆2 0.62(0.1)⋆3

↑114/15
lq-CM 6.3(5) 10(7) 11(4) 11(4) 2.4(0.8) 15/15
CMA-E 2.8(4) 15(13) 57(67) 57(67) 272(376) 15/15
defau 3.8(6) 7.8(8) 76(77) 76(77) 1924(4292) 9/15

f24 2.5e+2 :208 1.6e+2 :918 1.0e+2 :6628 6.3e+1 :9885 4.0e+1 :3162915/15
Raf 0.91(0.4) 1.4(1) 11(9) 7.5(9) ∞ 5000 0/15

RafLog 1.3(0.6) 1.9(1) 5.6(7) 3.8(4) 2.4(2) 1/15
DTS-C 0.54(0.1)⋆2

↑0 0.38(0.2)⋆↑0 0.08(0.0)⋆4
↑0 0.10(0.1)⋆↑0 0.12(0.1) 13/15

lq-CM 1.1(0.4) 0.92(1) 0.36(0.1)↑0 0.26(0.0)↑0 1.5(5) 15/15
CMA-E 0.78(0.3) 1.3(1) 1.7(1) 1.2(1) 0.77(0.3) 15/15
defau 0.84(0.3) 1.5(1) 1.6(1) 1.4(1) 0.85(0.5) 15/15

Table A.5 ERT Multiples for Budget Based Targets BBOB2009 Dimension 20
Data produced with COCO v2.6.3
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AF Activation Function
BBOB Black-box Optimization Benchmarking test suite

GAN Generative Adversarial Network
GP Gaussian Process
NN Neural Network

NTK Neural Tangent Kernel
PFN Prior-data Fitted Network
RAF Random Activation Function
VAE Variational autoencoder
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