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Abstract—Research on new optimization algorithms is often 

funded based on the motivation that such algorithms might 

improve the capabilities to deal with real-world and industrially 

relevant optimization challenges. Besides a huge variety of 

different evolutionary and metaheuristic optimization algorithms, 

also a large number of test problems and benchmark suites have 

been developed and used for comparative assessments of 

algorithms, in the context of global, continuous, and black-box 

optimization. For many of the commonly used synthetic 

benchmark problems or artificial fitness landscapes, there are 

however, no methods available, to relate the resulting algorithm 

performance assessments to technologically relevant real-world 

optimization problems, or vice versa. Also, from a theoretical 

perspective, many of the commonly used benchmark problems 

and approaches have little to no generalization value. Based on a 

mini-review of publications with critical comments, advice, and 

new approaches, this communication aims to give a constructive 

perspective on several open challenges and prospective research 

directions related to systematic and generalizable benchmarking 

for black-box optimization. 

Keywords— Evolutionary Algorithms, Metaheuristics, Black-

Box Optimization, Benchmark, fitness landscape analysis 

I. INTRODUCTION AND MOTIVATION 

Aspects of mathematical optimization can sometimes be of 
practical and technological value. This is demonstrated by 
examples ranging from early applications such as the 
optimization of wine barrels by Johannes Kepler [1] as well as 
modern areas of engineering development [2]–[5] and other 
areas of technology [6]. Many technologically relevant 
simulation-based optimization problems are characterized by: a 
high number of design variables, non-linear multi-modal 
objective and constraint functions without gradient information. 
In an industrial context, there are many of such optimization 
problems and only limited resources to address them all. 
Therefore, metaheuristic optimization methods are often used as 
a compromise between optimization effort and accuracy (w.r.t. 
global optimality). Although a large variety of different 
optimizations algorithms (such as Evolutionary Strategies [7], 
[8], Genetic Algorithms [9], Particle Swarm Optimization [10], 
Differential Evolution [11], and many variants [12]–[14]) have 
been developed, it is still surprisingly difficult to identify 
efficient algorithms for a new instance of technologically 
relevant black-box optimization problem [15], [16]. 

Theoretical considerations showed that the quest for 
universally efficient search, learning, or optimization algorithms 
is futile [17]–[19]. The remaining open challenge is, therefore, 
to identify which algorithms perform well on particular problem 
instances or types [20]. This is sometimes also called the “per 
instance” or “per set” algorithm selection problem [16]. In the 
absence of theoretical methods to determine heuristic 
optimization algorithm performance on specific non-trivial 
problems, empirical algorithm performance analysis seems the 
last resort [21]. The history of physics and engineering 
demonstrated that a combination of theoretical and practical 
empirical approaches can be successful to establish quantitative 
models of complex phenomena and technological products. 
Several works in the field of Evolutionary and Meta-heuristic 
optimization, however, identified an increasing gap between 
theory and practice in the optimization communities [22], [23]. 
Also other works in the literature [19], [24]–[27] identified 
common shortcomings and misunderstandings in the theoretical, 
as well as practical aspects of optimization, and optimization 
research.  

The aim of this communication is to formulate and highlight 
important open challenges, and prospective research directions, 
based on critical remarks, recommendations and work in the 
available literature, in order to improve the scientific and 
practical relevance of benchmarking for metaheuristic black-
box optimization and continuous real-parameter optimization. 
Besides summarizing the relevant sections and statements from 
critical papers in the past, this work also aims to find and 
highlight the rare and relatively isolated research works-in the 
literature which did attempt to follow some of the advised 
research directions in order to set steps towards scientific 
generalizable optimization algorithm analysis, and industrially 
relevant benchmarks. 

II. THE NFL THEOREMS AND THEIR IMPLICATIONS ON 

BENCHMARKING FOR METAHEURISTIC OPTIMIZATION 

The No Free Lunch (NFL) theorems and the Law for 
Generalization Performance for search, optimization, and 
learning [17]–[19] imply that if an algorithm performs well on 
one set of problems it must perform correspondingly poor on all 
other problems. Alternatively, for the setting of optimization: 
the average performance of all non-resampling algorithms is 
identical when averaged over all possible problems.  
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The NFL theorems invoked many discussions about their 
implications on competitive testing of optimization algorithms, 
and on their validity for real-world problems. Several works 
showed that for some problem classes, there are free 
“appetizers” [28] or “leftovers” [29] available. The work in [30] 
showed that on many subsets of all possible optimization 
problems, the assumptions of the NFL theorems are not fulfilled. 
It should also be noted that those subsets of problems are 
characterized exactly by the sort of properties that “real world” 
optimization problems might possess [31]. Also, other research 
works identified large general sub-sets of optimization problems 
where the NFL theorems do not hold [32], [33] (see also the 
review in [34]). These “Free Meal” (FM) studies seemed to have 
justified to continue the search for universal general-purpose 
metaheuristic algorithms that perform well on large sub-sets of 
optimization problems, in almost the same way as before 
publication of the NFL theorems.  

Instead of ignoring or circumventing the implications of the 
NFL theorems, some works recognized the constructive 
implications of the NFL-theorems, for practical applications and 
scientific algorithm performance assessments. The theorems 
and their implications emphasize the limitations of generalizing 
optimization benchmark results to other problems. Although it 
has sometimes has been argued that the assumptions of the NFL 
theorems are irrelevant for practical applications, because real-
world problems are likely to possess some exploitable structure, 
the theorems also imply that if the knowledge of the exploitable 
problem structure is not incorporated into a particular algorithm, 
no formal assurances exist that the algorithm will be effective 
[19]. From a practical point of view, the remaining challenge for 
Metaheuristic optimization is to match specific optimization 
algorithms with specific problems or classes of problems for 
which those algorithms are well suited and perform relatively 
effectively. The suitability or efficiency depends on the 
exploitation of the problem structure. Which leads to interesting 
open challenges of practical and theoretical relevance: How can 
we construct algorithms that use the available knowledge or 
assumptions on the problem structure? And of more 
fundamental importance: How can we determine, describe, and 
quantify the problem structure?  

The implications of [17], [19] caused the need to set steps in 
a new research direction, which should: “focus attention on 
tailoring algorithms and representations to particular problem 
classes by exploiting domain knowledge” [35]. The article also 
indirectly introduced a new way for optimization algorithm 
development and competitions, by proposing the concept of out-
of-sample testing to evaluate algorithm performance on 
particular well-specified problem classes. “The idea would be to 
refine algorithms using any small, randomly chosen subset of 
problems from this class, but to compare performance only 
against different randomly selected problem instances from the 
same class” [35]. Although similar concepts are now standard 
practice in the field of machine learning, these ideas, have 
received remarkably little attention within the community of 
black-box optimization (with [36] as a special exception), and 
the related communities on real-parameter optimization and 
continuous optimization using metaheuristics. 

In [37] the importance of the assumptions one can make 
about the sub-set or class of optimization problem instances was 

highlighted. It was also remarked that: “Unfortunately, general 
theories about the nature of likely subsets are lacking” [37], and 
that such theories are needed to identify efficient algorithms for 
practical applications. The review in [34] concluded that: to 
evaluate optimization algorithms, benchmarking alone is not 
enough; it must be used in combination with clear underlying 
assumptions on the distribution of the targeted problem subset. 
“The benchmark functions must be representative of the 
problems and there must be some smoothness, in the sense that 
being good at a problem means that the algorithm is likely to be 
good at similar problems” [34]. For many real-world black-box 
optimization problems it is not even clear yet what “similarity” 
means. The following section summarizes critical comments, 
advice, and results from previous works related to generalization 
value in optimization algorithm benchmarking. 

III. BENCHMARKING AND SCIENTIFIC ALGORITHM 

PERFORMANCE ANALYSIS 

“If the conditions of No Free Lunch are violated then some 
algorithm can have best expected performance, but this does not 
help us to find it, or to say anything about it.” [38]. When the 
NFL theorems do not apply for a given subset of problems, the 
quest to identify dominating algorithms seems justified [33], 
[39]. For non-convex multi-modal optimization problems, 
theoretical algorithm performance analysis methods are very 
limited. Therefore "empirical" comparative assessments, using 
numerical experiments on test problems or benchmark 
functions, are commonly used [21]. Besides a huge variety of 
different meta-heuristic optimization algorithms, also a large 
number of exotic benchmark problems and collections have 
been developed, and used in various competitions [40]–[49] 
Many of these benchmark problems are artificial-landscape-
based problems, which are difficult to relate to real-world 
problem instances and vice versa [22], [50], [51].In many cases 
they are even difficult to relate to other synthetic problem 
instances. Also, from a theoretical perspective, commonly used 
benchmark problems have been criticized for regularities and 
simplicity [52], [53]. Even more fundamental issues are the 
substantial lack of generalization value [27] and the lack of 
systematism in state-of-the-art benchmark-based comparative 
assessments [24], [54].  

In the context of optimization algorithm benchmarking, 
generalization value refers to whether an algorithm performance 
assessment has the scope to estimate algorithm performance for 
unseen problem instances of the same class or a specified set of 
problems. To investigate generalization thus involves the 
statistical quantification of expected performance of the 
algorithms on a specific domain of problems, as well as 
specifying and quantifying the bounds or the “size” of the 
domain of representativeness of the experimental benchmark set 
up. Common shortcomings of benchmark-based results can be 
illustrated by the following two scenarios and accompanying 
questions:  

1 If a statistically significant comparative test indicates that 
algorithm A performs better than algorithm B with a probability 
of P, on some benchmark function f123. What general value do 
such results have? What is the set or domain of problems for 
which the presented results are expected to have generalization 
value? 

2 Even in an idealized framework where all metaheuristic 
algorithms published till today would be available, and test 



results on the union of the currently commonly used benchmark 
functions, according to respected reporting standards (such as 
[55]) are available. What generalization value would new 
benchmark results involving new algorithms or new test 
problems accomplish? Do the benchmark results contribute any 
information that can be used to make a reasonable statement 
about expected algorithm performance on an unseen (not 
explicitly tested) optimization problem instance of a specific 
problem set?  

Although there are benchmark studies that do contribute 
generalizable results, they are unfortunately still a minority. In 
[24] the critical observation was made that some have confused 
science with development. In the empirical sciences, 
experiments are designed to answer a question or thesis, or in 
the more quantitative empirical sciences such as physics and 
engineering to calibrate or validate a model (see also [56]). The 
value or impact of experimental results is not only determined 
by its reproducibility and statistical significance, but also to the 
relevance and scope of the model or research question. If the 
question or model has no general scientific relevance, then the 
result of the experiment is likely to have little value and does not 
really need to be published in a scientific venue. There exists, 
however another category of experiments in the field of 
engineering development, which have little generalization 
value, but are relatively common and suit their purpose. These 
are the experiments which at the end of a product development 
process, test the safety or quality of a specific product under 
specific circumstances. In engineering, such experiments are 
however rarely published in scientific venues, while in the 
optimization community, similarly specific results with little 
general relevance are quite commonly published.  

The work of [24] called for a more systematic and scientific 
approach for testing Metaheuristics. The work argued for a 
change in direction of the heuristic optimization community to 
develop and apply methods for controlled experimentation 
similar to approaches used in the empirical sciences, instead of 
competitive testing. As an outlook and direction for future work, 
the article suggested the development of methods to construct 
problems where parameters that may influence performance can 
be controlled. “The problems are not only likely to be atypical 
but deliberately so, in order to isolate the effect of various 
characteristics. Admittedly, the choice of which factors to 
control for is far from trivial and may demand considerable 
insight as well as trial and error. But it is a problem that creative 
scientists deal with successfully in other disciplines, whereas the 
task of choosing representative benchmark problems seems to 
confound all efforts. Furthermore, it is a problem that 
algorithmists ought to struggle with because it goes to the heart 
of what empirical science is all about.”[24].  

In order to make meaningful optimization algorithm 
performance assessments with scientific relevance, more 
systematic and generalizable approaches to optimization 
algorithm benchmarking are required. Only very few works 
heading in this direction can be found in the literature. In [57] 
rational functions with prescribed global and local minimizers 
were presented. The resulting functions could be adjusted to 
match various difficulties, such as high multi-modality, ill-
conditioned Hessian matrices and narrow deep holes. A general-
purpose tuneable landscape generator was presented in [58]. The 
resulting benchmark functions are parameterized in a way to 
have an intuitive effect in terms of geometric features of the 
landscape. A study where benchmark problem test instances 

were regarded as drawn from a population with particular 
characteristics, in order to analyze optimization algorithms for a 
specific class of problems was presented in [59]. The landscape 
generator from [58] was combined the statistical approach from 
[59] in [27], where a new approach was proposed to create 
generalizable benchmarking results. The presented approach 
enabled the generation of real-world data-based natural problem 
classes, from which new test problem instances could be 
generated for statistical analysis of optimization algorithm 
performance. In [60] the fitness landscapes of clustering 
problems were analyzed and used for optimization algorithm 
benchmarking. Although this an excellent example of 
generalizable benchmarking for clustering problems, the field 
would benefit from systematic approaches for other classes of 
problems. A benchmarking approach based on weighted 
composition of structured random fields was proposed in [54]. 
There presented function generator enables the systematic 
construction of test problems which are parameterized w.r.t. 
various function features such as dimension, multi-modality, 
noise, first and higher-order global sensitivity indices (which 
describe the effective dimension and variable interactions). The 
above mentioned parameterized benchmark problem 
approaches provide a description of the feature space, in which 
distance metrics could be defined, that could be of use to 
quantify specific problem classes. Compared to the conventional 
benchmark functions and suites, the mentioned works however 
received relatively little response from the community. 

IV. TECHNOLOGICALLY RELEVANT OPTIMIZATION BENCHMARKS 

Because research on metaheuristic optimization algorithms 
is often motivated and funded in perspective of its potential 
technological and real-world relevance, it seems reasonable to 
assess the relevance of commonly used benchmarks for real-
world problems. It has been noted that the ‘gap’ in technology 
transfer between the optimization algorithm development and 
engineering applications is “partially due to the nonexistence of 
practical benchmark problems” [61]. This observation was also 
confirmed in the statement made in [22] that there is a gap 
between the “toy” problems often used in theory and 
development of algorithms and the complexity of real-world 
problems. A perspective on possible reasons for the mismatch 
between evolutionary computation research and the number of 
actual real-world applications is provided in [25]. Where some 
of the possible causes were identified as: unrepresentative 
benchmark problems (small-scale silo problems); the focus on 
global optima (which are often computationally infeasible for 
real-world problems in an industrial setting); and the dislike of 
business applications in the research community [25]. In another 
paper [23] the same author stated two main reasons for the 
growing gap between theory and practice in evolutionary 
computing:  

1 The growing complexity of real-world problems 

2 The focus of the research community on issues that are 
secondary for real-world applications. 

One of the suggested directions for further research related 
to the first point was: “the development of artificial problems 
that better reflect real-world difficulties, which the research 
community can use to experience (and appreciate) for 
themselves what it really means to tackle a real-world problem” 
[23]. Although other optimization communities such as 



Operation Research and Engineering Optimization are more 
application-oriented, similar calls for more realistic and 
complex benchmark optimization problems have also been 
expressed by other authors [22], [61], [62]. For simulation-based 
benchmarks, several attempts have been made to initiate public 
repositories [63]–[66], but these initiatives did unfortunately not 
become very popular, therefore improved industrially relevant 
optimization benchmarks and repositories are needed [62].  

Industrial simulation-based engineering design optimization 
problems often involve computationally expensive function 
evaluations. Paradoxically: the problems for which optimization 
performance matters the most because they are computationally 
expensive and in practice restricted to a limited function 
evaluation budget are also the problems for which it is often too 
expensive to benchmark algorithms, tune the optimization 
parameters, or develop specialized optimization methods [50]. 
The development and dissemination of new computationally 
expensive simulation-based benchmarks are therefore only of 
limited value. Besides developing and sharing technologically 
relevant benchmarks, also the function evaluation data based on 
pseudo or quasi-random sampling in the design space and the 
results of the corresponding simulations could be valuable. Such 
data could be used to construct response surfaces or surrogate 
models. Such surrogate models could serve as benchmark 
problems, or as input to analyze the simulation response 
characteristics. It should be noted, however, that the results of 
surrogate-based optimization algorithm performance 
assessments are not always representative for algorithm 
performance on the high-fidelity simulation-based objective and 
constraint functions [67]. This could be caused by the smoothing 
effect of the surrogate model and the limited resolution of the 
computationally expensive data of the training set. 

Alternatively, to conventional data-based meta-models and 
surrogate models for optimization benchmarking, some new 
ideas related to feature-based surrogate models for 
benchmarking have been presented and investigated in [50], 
[51], [68]. The general idea behind these concepts is to construct 
computationally affordable representative benchmark problems, 
based on replacement or surrogate functions which capture the 
characteristics of the underlying high-fidelity simulation 
responses. These benchmarks are then used for algorithm 
selection and parameter tuning, after which the most promising 
approach is applied to the expensive real-world optimization 
problem. The approach in [51] was based on a quantitative 
simulation-response characterization, on various instances of a 
similar simulation-based optimization problem. A constraint 
satisfaction problem was formulated, in which the identified 
problem characteristics were imposed as constraints on a set of 
parameterized functions, in order to generate an optimization 
problem with similar characteristics. Independently a similar 
approach was presented in [68], with analytic replacement 
problems that preserve the functional characteristics of the 
original problem, targeting to benchmark various 
Multidisciplinary Design Optimization architectures. Research 
to extricate the benchmarking problem for computationally 
expensive problems is rare. Although the here mentioned 
approaches seem to have potential, the related case studies were 
rather specific. Therefore, further investigations or alternative 
ideas in this direction are needed.  

In an industrial engineering setting, often many distinct 
instances of similar design problems need to be solved (e.g., in 
Automotive, Aircraft, Windmill engineering). Large 
development projects are composed of many optimization tasks, 
and only limited resources are available. For industrial design 
and engineering applications, the efficiency of algorithms in a 
limited function evaluation budget setting is therefore of 
particular importance, because it directly influences product and 
process performance. Due to the high-performance demands and 
recurring problem instances, algorithms, and parameter settings 
that are effective of specific problem classes are therefore 
important. Another issue related to industrially relevant 
optimization benchmarking is the question: How representative 
are benchmark results of one optimization problem instance to 
the algorithm performance on another problem instance? The 
answer is usually application and problem class dependent. This 
topic has been addressed for “facility layout planning” [69], and 
extensively for “online bin packing” problems in [70], [71]. 
However, for complex simulation-based problems, and “tagged” 
black-box optimization problem classes (either synthetic or real-
world) only few works in the literature address or even touch the 
issues related to benchmark representativity and 
generalizability. This despite the topic’s fundamental 
importance for industrial optimization. 

V. THE ALGORITHM SELECTION PERSPECTIVE 

Although optimization algorithm benchmarking is not 
necessarily performed for reasons related to algorithm selection. 
The general algorithm selection framework presented in [15] 
can provide a valuable perspective. The framework has four 
main components: the problem, algorithm, performance, and 
characteristic spaces (see also the review in [72] for further 
details). In a nutshell, optimization algorithm selection is about 
matching an optimization problem with an optimization 
algorithm that performs well on that problem. This involves two 
important factors: 1) problem characterization and 
classification, and 2) Algorithm performance assessment, and 
which will be discussed in the following sub-sections. 

A.  Problem characterization and categorization 

Black-box optimization algorithm performance assessments 
are often based on collections of rather isolated benchmark 
problems [40]–[43], [45]–[47], [49]. Generally, optimization 
algorithm performance on such benchmark problem instances is 
rather difficult to relate to performance on other problems [27], 
[54]. Although the various approaches of problem 
characterization also called “fitness-landscape analysis” [73] or 
“Explanatory Landscape Analysis” (ELA) [74] could be 
important in the context of algorithm selection [16], the topic 
has received relatively little attention in the literature compared 
to the dissemination related to new algorithms [75]. Although 
interesting developments are presented in [74], [76]–[78], it was 
noted in [72] that most works on ELA, attempt to provide a 
single measure for optimization problem complexity, and that 
further research to complementary measures was needed. 
Therefore, a further important open question to address is: 

How to obtain, describe and quantify knowledge about features 
and characteristics of specific optimization problem classes and 
instances? 

Or in other words: How to effectively characterize and 
categorize optimization problems? A possible approach could 



be to combine several ELA criteria to establish a 
multidimensional description of the problem instance space in 
order to describe discriminate and relate various optimization 
problems and problem classes. Problem characterization and 
categorization seem important for simulation-based applications 
of technological relevance as well as for synthetic benchmark 
problems for analytical and scientific purposes. While synthetic 
benchmark problems could be constructed with targeted 
characteristics, for true black-box optimization problems 
characterization requires sampling-based approaches to 
determine or estimate the problem characteristics. Methods and 
concepts from the field of global sensitivity analysis could be 
used to describe and characterize some of the features of 
optimization problems [51], [79], [80]. For computationally 
expensive black-box problems surrogate models could be used 
as an intermediate step for the characterization. The quality and 
accuracy of the characterization are then dependent on the 
fidelity of the surrogate model, which depends on the sample 
size of black-box function evaluations. For computationally 
expensive problems such characterizations might still be costly, 
but when many distinct instances of a particular problem class 
need to be evaluated, (which is regularly the case in industrial 
settings) it might be worth the investment. 

B. Optimization algorithm performance assessment 

According to [20] optimization algorithm performance can be 
seen as the result between an (abstract) inner product of two 
vectors. Where the first vector contains all the details of how the 
search algorithm operates, and the second contains all the details 
of the problem. At present, no specific methods to express either 
problem or algorithm properties in a vector notation suitable 
convenient performance calculation are available. In the absence 
of such methods, the most reasonable alternative seems to use 
systematic generalizable empirical benchmarks to determine 
algorithm performance. This leads to the question: 

How to exploit knowledge or assumptions on particular 
properties of problem sub-sets or classes, in the selection or 
development of effective optimization strategies? 

One possible scenario is empirical reverse engineering: Given a 
problem instance or problem class, with a sufficient description 
of its characteristics (see the open challenges in the previous 
sub-section). One looks in a collection with generalizable 
benchmarks, for results obtained on problems with similar 
characteristics. Alternatively, one could try to create 
computationally affordable representative benchmark problems 
using one of the ideas presented in (sections III and IV). Based 
on the benchmark results of either way one could then select a 
suitable optimization algorithm. A conceptually similar 
approach to the sketched idea for algorithm selection has been 
proposed and applied to the graph coloring problems in [81]. 
Taking this idea one step further to algorithm development, one 
could use genetic programming or another an optimization 
algorithm that is parameterized w.r.t. its operators and 
parameters to optimize the algorithm performance on a specific 
class of problems, with specific characteristics.  

There are two essential differences in the approach sketched in 
the previous paragraph and the conventional comparative 
assessment approaches for algorithm selection with commonly 
used benchmarks:  

1 Feature-based benchmarking: Relevant test problem 
instances are selected based on similarity with the targeted 

problem class characteristics (or its assumed features). Instead 
of treating the problem as a completely untagged black-box 
without any assumptions about its characteristics. 

2 Out-of-sample benchmarking: The benchmark-based 
performance assessment results and algorithm selection are 
obtained using one or more problem instances which are distinct 
(but similar in terms of features) from the targeted problem. 
Rather than testing on a specific single problem or a set of 
isolated disconnected problems. 

As long as no relations or a measure of distance between the 
various optimization problems is formulated, no generalization 
or relevance of benchmark results to other problems can be 
established or justified. Generalization in optimization requires 
a suitable representation of the characteristics of a problem class. 
A few newly developed approaches targeted generalizable 
algorithm performance assessments for sub-sets or classes of 
problems with specified characteristics [14], [27], [57], [58], 
[60]. Further development and use of such benchmark and 
assessment approaches could enable to select, develop, and tune 
optimization algorithms for specific problem characteristics. 
Feature-based benchmark approaches can also contribute to the 
development, training, and assessment of self-adaptive 
algorithms, and hyper-heuristics [82]. Although out-of-sample 
testing on unseen problem instances is required to test for 
generalization [35], [83], this is rarely applied in the context of 
global, continuous, and black-box optimization. 

Although some works have shown or argued that the NFL 
theorems [17], [19] do not hold on many problem classes of 
practical relevance [28]–[33], [39], the practical implication that 
optimization problems should be tailored to the problem 
characteristics remains a valuable insight. For a true black-box 
optimization problem strictly no generalization to and from 
other problems is practically possible. In practice, however, 
often some additional properties are known or assumed and can 
be “tagged” on black-box optimization problems or problem 
classes. In [84], several open challenges of practical and 
theoretical relevance to the optimization community were 
presented. Also, the description and quantification of problem-
specific knowledge were highlighted. “we have to seek balance 
between specialty and generality, between algorithm simplicity 
and problem complexity, and between problem-specific 
knowledge and capability of handling black-box optimization 
problems” [84]. Combining this idea with those presented in 
[20]. One could argue that the challenge for research in heuristic 
optimization is not only to match or tailor effective algorithms 
for particular problem classes, but also to balance algorithm and 
problem domain specificity and generality. Where the NFL and 
FM theorems target large general domains of optimization 
problems which can be characterized as “disorganized 
complexity”, many practitioners and algorithm developers in the 
optimization community are currently mainly exploring “toy” 
and benchmark problems of “organized simplicity” (specific 
problems of relatively short minimum problem description 
length). Similar as in complex systems theory [85], it is the 
middle region of optimization problems with “organized 
complexity” that spans the difficult open challenges of scientific 
and technological relevance. 



VI. SUMMARY OF OPEN CHALLENGES AND PROSPECTIVE 

RESEARCH DIRECTIONS 

This communication highlights contents, critical comments, 
and constructive advice from over 80 references in order to 
identify and formulate important open challenges and 
prospective directions for future research and development 
related to benchmarking and algorithm selection for black-box 
optimization, and related areas of optimization. 

For the setting of true black-box optimization, without any 
other assumptions on a given and uninvestigated problem the 
NFL theorems apply, and consequently no algorithm preference 
can be justified based on the priors. For some specific subclasses 
of optimization problems or ‘tagged’ black-box problems, the 
NFL theorems do not apply. This does, however, not 
automatically imply that comparative benchmark results of 
algorithms on some problem instances of such a class have any 
generalization value to other problems in the class. This applies 
to synthetic as well as real-world-based benchmark problems. 
Therefore, the scientific value and the practical relevance for 
real-world optimization problems, of many commonly used 
benchmark set-ups are contentious. The scientific or 
technological value of an empirical result is related to its 
reproducibility, statistical significance, and the size or scope of 
its generalization domain. In order to establish a non-trivial 
generalization domain of benchmark-based algorithm 
performance assessment, the targeted domains need to be 
specified. Furthermore, to test any assumed or estimated 
generalization value of benchmark results, out-of-sample testing 
or problem-class-based benchmarking is necessary. To enable 
knowledge transfer between synthetic problem-based 
benchmark results, and real-world optimization problems, 
methods to determine and describe problem features or 
characteristics are needed. The specification of the 
generalization domain for an optimization algorithm benchmark 
study, requires to balance the specificity and generality of the 
targeted scientific scope and practical value of the 
investigations.  

The framework for algorithm selection provides valuable 
perspectives for optimization algorithm development and 
analysis. In this context two important open challenges and 
corresponding directions for future work are identified: 

1 How to obtain, describe, and quantify knowledge about the 
features and characteristics of specific optimization problem 
classes and instances? 

Related to the following directions for future work: 

• Identification of various criteria to describe essential 
optimization problem features and characteristics. 

• Development of new methods to quantitatively 
characterize optimization problems according to 
specific criteria (quantitative fitness-landscape 
analysis).  

• Establishment of multidimensional feature space 
descriptions to discriminate and relate different 
optimization problem instances with respect to a 
“basis” of features and corresponding distance metrics.  

• Development of a framework for the categorization or 
classification of optimization problems according to 
their characteristics.  

2 How to exploit knowledge or assumptions on particular 
properties of problem sub-sets or classes, in the selection or 
development of effective optimization strategies? 

Related the following directions for future work: 

• Development and extension of benchmark methods 
that enable to obtain generalizable results, and 
systematic investigation of the influence of problem 
characteristics on algorithm performance behavior.  

• Out-of-sample testing and benchmarking of 
optimization algorithms. 

• Development of algorithm operators that exploit 
particular combinations of problem features.  

• Reverse Engineering: Empirical algorithm testing on 
generalizable benchmark problems, to identify which 
algorithm operators or settings perform well on 
particular problem features. 

Besides the previous points of general importance, other 
open challenges, and directions of technological and industrial 
importance are: 

• Formulation, implementation, and dissemination of 
accessible optimization problems of industrial 
importance.  

• Sharing data-sets containing the function evaluation 
history on expensive simulators using pseudo-random 
or quasi-random samples to serve as a basis for 
surrogate models or landscape characterization.  

• Investigations on the similarity and variation of 
problem instances within classes of real-world 
optimization problems.  

• Considerations about how specific or general problem 
classes should be defined to be of practical use. 

A summarizing perspective is that the essential challenge of 
optimization algorithm benchmarking in the algorithm selection 
context is to achieve systematic generalizable matching of 
effective algorithms for particular problems or problem classes. 
The essential challenge in optimization algorithm benchmarking 
in the context of algorithm analysis and development, goes 
beyond matching algorithms and problems and aims to 
investigate and exploit the effect of algorithm operators on 
specific problem characteristics. In both settings, the 
characterization and classification of the benchmark problems 
and problem sets for the targeted generalization domain is 
essential to obtain results of scientific and practical value. For 
the setting of black-box optimization, generalizable benchmark 
results can only be obtained for specific classes of “tagged” 
black-box problems. Therefore, suitable criteria, and systematic 
approaches to “tag”, characterize, describe, and relate black-box 
problem classes and problem instances are needed. Theoretical 
frameworks and empirical approaches that enable to bridge the 
extreme generality of the NFL theorems and FM studies on one 



side, and the extreme specificity (and lack of generalizability) of 
commonly used benchmark set-ups on the other side, are 
required to make progress of scientific and practical relevance. 

REFERENCES 

[1] J. Kepler, Nova stereometria doliorum vinariorum, in primis Austriaci, 
figurae omnium aptissimae; et usus in eo virgae cubicae 

compendiosissimus &amp; plane singularis : Accessit Stereometriae 

archimedeae supplementum. excudebat Ioannes Plancus, sumptibus 
authoris, 1615. 

[2] F. Kheiri, “A review on optimization methods applied in energy-efficient 

building geometry and envelope design,” Renew. Sustain. Energy Rev., 
vol. 92, pp. 897–920, 2018. 

[3] E. Silvas, T. Hofman, N. Murgovski, L. P. Etman, and M. Steinbuch, 

“Review of optimization strategies for system-level design in hybrid 
electric vehicles,” IEEE Trans. Veh. Technol., vol. 66, no. 1, pp. 57–70, 

2016. 

[4] M. D. Al-Falahi, S. D. G. Jayasinghe, and H. Enshaei, “A review on 
recent size optimization methodologies for standalone solar and wind 

hybrid renewable energy system,” Energy Convers. Manag., vol. 143, pp. 
252–274, 2017. 

[5] S. Sinha and S. S. Chandel, “Review of recent trends in optimization 

techniques for solar photovoltaic–wind based hybrid energy systems,” 
Renew. Sustain. Energy Rev., vol. 50, pp. 755–769, 2015. 

[6] D. Golovin, B. Solnik, S. Moitra, G. Kochanski, J. Karro, and D. Sculley, 

“Google vizier: A service for black-box optimization,” in Proceedings of 
the 23rd ACM SIGKDD international conference on knowledge 

discovery and data mining, 2017, pp. 1487–1495. 

[7] I. Rechenberg, “Evolutionsstrategie: Optimierung technischer Systeme 
nach Prinzipien der biologischen Evolution. Dr.-Ing,” Thesis, Technical 

University of Berlin, Department of Process Engineering, 1971. 

[8] H.-P. Schwefel, “Evolutionsstrategie und numerische Optimierung, 
Technische Universität Berlin, Fachbereich Verfahrenstechnik, Dr.-Ing,” 

Dissertation, 1975. 

[9] J. H. Holland, Adaptation in natural and artificial systems: an 
introductory analysis with applications to biology, control, and artificial 

intelligence. Ann Arbor: The University of Michigan Press, 1975. 

[10] J. Kennedy and R. Eberhart, “Particle swarm optimization,” in 

Proceedings of ICNN’95-International Conference on Neural Networks, 

1995, vol. 4, pp. 1942–1948. 

[11] R. Storn and K. Price, “Differential evolution–a simple and efficient 
heuristic for global optimization over continuous spaces,” J. Glob. 

Optim., vol. 11, no. 4, pp. 341–359, 1997. 

[12] N. Hansen and A. Ostermeier, “Convergence properties of evolution 
strategies with the derandomized covariance matrix adaptation: The (/I,)-

ES,” Eufit, vol. 97, pp. 650–654, 1997. 

[13] A. Auger and N. Hansen, “A restart CMA evolution strategy with 
increasing population size,” in 2005 IEEE congress on evolutionary 

computation, 2005, vol. 2, pp. 1769–1776. 

[14] R. Sala, N. Baldanzini, and M. Pierini, “SQG-Differential Evolution for 
difficult optimization problems under a tight function evaluation budget,” 

in International Workshop on Machine Learning, Optimization, and Big 

Data, 2017, pp. 322–336. 
[15] J. R. Rice, “The algorithm selection problem,” Adv. Comput., vol. 15, no. 

65–118, p. 5, 1976. 

[16] P. Kerschke and H. Trautmann, “Automated algorithm selection on 

continuous black-box problems by combining exploratory landscape 

analysis and machine learning,” Evol. Comput., vol. 27, no. 1, pp. 99–

127, 2019. 
[17] D. H. Wolpert and W. G. Macready, “No free lunch theorems for search,” 

Technical Report SFI-TR-95-02-010, Santa Fe Institute, 1995. 

[18] C. Schaffer, “A conservation law for generalization performance,” in 
Machine Learning Proceedings 1994, Elsevier, 1994, pp. 259–265. 

[19] D. H. Wolpert and W. G. Macready, “No free lunch theorems for 

optimization,” IEEE Trans. Evol. Comput., vol. 1, no. 1, pp. 67–82, 1997. 
[20] D. H. Wolpert, “Ubiquity symposium: Evolutionary computation and the 

processes of life: What the no free lunch theorems really mean: How to 

improve search algorithms,” Ubiquity, vol. 2013, no. December, pp. 1–
15, 2013. 

[21] Y. Borenstein and R. Poli, “Fitness distributions and GA hardness,” in 
International Conference on Parallel Problem Solving from Nature, 2004, 

pp. 11–20. 

[22] M. C. Fu, “Optimization for simulation: Theory vs. practice,” Inf. J. 
Comput., vol. 14, no. 3, pp. 192–215, 2002. 

[23] Z. Michalewicz, “Quo vadis, evolutionary computation?,” in IEEE World 

Congress on Computational Intelligence, 2012, pp. 98–121. 
[24] J. N. Hooker, “Testing heuristics: We have it all wrong,” J. Heuristics, 

vol. 1, no. 1, pp. 33–42, 1995. 

[25] Z. Michalewicz, “Ubiquity symposium: Evolutionary computation and 
the processes of life: The emperor is naked: Evolutionary algorithms for 

real-world applications,” Ubiquity, vol. 2012, no. November, 2012. 

[26] K. Sörensen, “Metaheuristics—the metaphor exposed,” Int. Trans. Oper. 
Res., vol. 22, no. 1, pp. 3–18, 2015. 

[27] T. Bartz-Beielstein, “How to create generalizable results,” in Springer 

Handbook of Computational Intelligence, Springer, 2015, pp. 1127–
1142. 

[28] S. Droste, T. Jansen, and I. Wegener, “Perhaps not a free lunch but at 

least a free appetizer,” in Proceedings of the 1st Annual Conference on 
Genetic and Evolutionary Computation-Volume 1, 1999, pp. 833–839. 

[29] D. W. Corne and J. D. Knowles, “No free lunch and free leftovers 

theorems for multiobjective optimisation problems,” in International 
Conference on Evolutionary Multi-Criterion Optimization, 2003, pp. 

327–341. 

[30] C. Igel and M. Toussaint, “On classes of functions for which no free lunch 
results hold,” ArXiv Prepr. Cs0108011, 2001. 

[31] S. Droste, T. Jansen, and I. Wegener, “Optimization with randomized 
search heuristics—the (A) NFL theorem, realistic scenarios, and difficult 

functions,” Theor. Comput. Sci., vol. 287, no. 1, pp. 131–144, 2002. 

[32] A. Auger and O. Teytaud, “Continuous lunches are free plus the design 
of optimal optimization algorithms,” Algorithmica, vol. 57, no. 1, pp. 

121–146, 2010. 

[33] G. J. Koehler, “Conditions that obviate the no-free-lunch theorems for 
optimization,” Inf. J. Comput., vol. 19, no. 2, pp. 273–279, 2007. 

[34] T. Joyce and J. M. Herrmann, “A review of no free lunch theorems, and 

their implications for metaheuristic optimisation,” in Nature-inspired 
algorithms and applied optimization, Springer, 2018, pp. 27–51. 

[35] N. J. Radcliffe and P. D. Surry, “Fundamental limitations on search 

algorithms: Evolutionary computing in perspective,” in Computer 

science today, Springer, 1995, pp. 275–291. 

[36] I. Loshchilov and T. Glasmachers, “Black Box Optimization 

Competition,” 2015. 
www.ini.rub.de/PEOPLE/glasmtbl/projects/bbcomp/index.html. 

[37] Y.-C. Ho and D. L. Pepyne, “Simple explanation of the no free lunch 

theorem of optimization,” in Proceedings of the 40th IEEE Conference 
on Decision and Control (Cat. No. 01CH37228), 2001, vol. 5, pp. 4409–

4414. 

[38] J. A. Marshall and T. G. Hinton, “Beyond no free lunch: realistic 
algorithms for arbitrary problem classes,” in IEEE Congress on 

Evolutionary Computation, 2010, pp. 1–6. 

[39] J. McDermott, “When and why metaheuristics researchers can ignore ‘No 
Free Lunch’ theorems,” SN Comput. Sci., vol. 1, no. 1, p. 60, 2020. 

[40] K. A. de Jong, “An analysis of the behavior of a class of genetic adaptive 

systems,” PhD Thesis Univ. Mich., 1975. 
[41] C. A. Floudas et al., Handbook of test problems in local and global 

optimization, vol. 33. Springer Science & Business Media, 2013. 

[42] E. Zitzler, K. Deb, and L. Thiele, “Comparison of multiobjective 

evolutionary algorithms: Empirical results,” Evol. Comput., vol. 8, no. 2, 

pp. 173–195, 2000. 

[43] M. Jamil and X.-S. Yang, “A literature survey of benchmark functions 
for global optimization problems,” J. Math. Model. Numer. Optim., vol. 

4, no. 2, pp. 150–194, 2013. 

[44] N. Hansen, A. Auger, R. Ros, S. Finck, and P. Pošík, “Comparing results 
of 31 algorithms from the black-box optimization benchmarking BBOB-

2009,” in Proceedings of the 12th annual conference companion on 

Genetic and evolutionary computation, 2010, pp. 1689–1696. 
[45] J. J. Liang, B. Y. Qu, P. N. Suganthan, and Q. Chen, “Problem definitions 

and evaluation criteria for the CEC 2015 competition on learning-based 

real-parameter single objective optimization,” Zhengzhou University, 
201411A, 2014. 



[46] N. Hansen, A. Auger, O. Mersmann, T. Tusar, and D. Brockhoff, 
“COCO: A platform for comparing continuous optimizers in a black-box 

setting,” ArXiv Prepr. ArXiv160308785, 2016. 

[47] G. Wu, R. Mallipeddi, and P. N. Suganthan, “Problem definitions and 
evaluation criteria for the CEC 2017 competition on constrained real-

parameter optimization,” Natl. Univ. Def. Technol. Chang. Hunan PR 

China Kyungpook Natl. Univ. Daegu South Korea Nanyang Technol. 
Univ. Singap. Tech. Rep., 2017. 

[48] U. Škvorc, T. Eftimov, and P. Korošec, “GECCO black-box optimization 

competitions: progress from 2009 to 2018,” in Proceedings of the Genetic 
and Evolutionary Computation Conference Companion, 2019, pp. 275–

276. 

[49] O. Elhara et al., “COCO: The Large Scale Black-Box Optimization 
Benchmarking (bbob-largescale) Test Suite,” ArXiv Prepr. 

ArXiv190306396, 2019. 

[50] R. Sala, M. Pierini, and N. Baldanzini, “The development and application 
of tailored test problems for meta-simulation of multidisciplinary 

optimization of vehicle structures,” presented at the World Congress on 

Computational Mechanics, Barcelona, 2014. 
[51] R. Sala, N. Baldanzini, and M. Pierini, “Representative surrogate 

problems as test functions for expensive simulators in multidisciplinary 

design optimization of vehicle structures,” Struct. Multidiscip. Optim., 
vol. 54, no. 3, pp. 449–468, 2016. 

[52] J. Barrera and C. A. C. Coello, “Test function generators for assessing the 

performance of PSO algorithms in multimodal optimization,” in 
Handbook of Swarm Intelligence, Springer, 2011, pp. 89–117. 

[53] J. M. Dieterich and B. Hartke, “Empirical Review of Standard 
Benchmark Functions Using Evolutionary Global Optimization,” Appl. 

Math., vol. 3, pp. 1552–1564, 2012. 

[54] R. Sala, N. Baldanzini, and M. Pierini, “Global optimization test 
problems based on random field composition,” Optim. Lett., vol. 11, no. 

4, pp. 699–713, 2017. 

[55] G. Kendall et al., “Good laboratory practice for optimization research,” 
J. Oper. Res. Soc., vol. 67, no. 4, pp. 676–689, 2016. 

[56] N. Oreskes, K. Shrader-Frechette, and K. Belitz, “Verification, 

validation, and confirmation of numerical models in the earth sciences,” 
Science, vol. 263, no. 5147, pp. 641–646, 1994. 

[57] A. Neumaier, “Rational functions with prescribed global and local 

minimizers,” J. Glob. Optim., vol. 25, no. 2, pp. 175–181, 2003. 

[58] M. Gallagher and B. Yuan, “A general-purpose tunable landscape 

generator,” IEEE Trans. Evol. Comput., vol. 10, no. 5, pp. 590–603, 

2006. 
[59] M. Chiarandini and Y. Goegebeur, “Mixed models for the analysis of 

optimization algorithms,” in Experimental Methods for the Analysis of 

Optimization Algorithms, Springer, 2010, pp. 225–264. 
[60] M. Gallagher, “Towards improved benchmarking of black-box 

optimization algorithms using clustering problems,” Soft Comput., vol. 

20, no. 10, pp. 3835–3849, 2016. 
[61] A. Alimoradi, C. M. Foley, and S. Pezeshk, “Benchmark problems in 

structural design and performance optimization: past, present, and 

future—part I,” in Structures congress 2010: 19th analysis and 
computation specialty conference, 2010, pp. 455–466. 

[62] S. Amaran, N. V. Sahinidis, B. Sharda, and S. J. Bury, “Simulation 

optimization: a review of algorithms and applications,” Ann. Oper. Res., 
vol. 240, no. 1, pp. 351–380, 2016. 

[63] E. D. Dolan, J. J. Moré, and T. S. Munson, “Benchmarking optimization 

software with COPS 3.0.,” Argonne National Lab., 2004. 

[64] R. Pasupathy and S. G. Henderson, “SimOpt: A library of simulation 

optimization problems,” in Proceedings of the 2011 Winter Simulation 

Conference (WSC), 2011, pp. 4075–4085. 
[65] A. H. Gandomi and X.-S. Yang, “Benchmark problems in structural 

optimization,” in Computational optimization, methods and algorithms, 

Springer, 2011, pp. 259–281. 
[66] T. Varis and T. Tuovinen, “Open benchmark database for 

multidisciplinary optimization problems,” presented at the in The 11th 

International Conference on Modeling and Applied Simulation, Viena, 
2012. 

[67] R. Sala, M. Pierini, and N. Baldanzini, “Optimization efficiency in 

multidisciplinary vehicle design including NVH criteria,” in Proceedings 
of the Leuven Conference on Noise and Vibration Engineering (ISMA), 

2014, pp. 1571–1585. 

[68] C. Vanaret, F. Gallard, and J. Martins, “On the Consequences of the" No 
Free Lunch" Theorem for Optimization on the Choice of an Appropriate 

MDO Architecture,” in 18th AIAA/ISSMO Multidisciplinary Analysis 

and Optimization Conference, 2017, p. 3148. 
[69] M. Furuholmen, K. H. Glette, M. E. Hovin, and J. Torresen, “Scalability, 

generalization and coevolution--experimental comparisons applied to 

automated facility layout planning,” in Proceedings of the 11th Annual 
conference on Genetic and evolutionary computation, 2009, pp. 691–698. 

[70] E. K. Burke, M. R. Hyde, G. Kendall, and J. R. Woodward, “The 

scalability of evolved on line bin packing heuristics,” in 2007 IEEE 
Congress on Evolutionary Computation, 2007, pp. 2530–2537. 

[71] E. K. Burke, M. R. Hyde, G. Kendall, and J. Woodward, “Automatic 

heuristic generation with genetic programming: evolving a jack-of-all-
trades or a master of one,” in Proceedings of the 9th annual conference 

on Genetic and evolutionary computation, 2007, pp. 1559–1565. 

[72] M. A. Muñoz, Y. Sun, M. Kirley, and S. K. Halgamuge, “Algorithm 
selection for black-box continuous optimization problems: A survey on 

methods and challenges,” Inf. Sci., vol. 317, pp. 224–245, 2015. 

[73] P. F. Stadler, “Towards a theory of landscapes,” in Complex systems and 
binary networks, Springer, 1995, pp. 78–163. 

[74] O. Mersmann, B. Bischl, H. Trautmann, M. Preuss, C. Weihs, and G. 
Rudolph, “Exploratory landscape analysis,” in Proceedings of the 13th 

annual conference on Genetic and evolutionary computation, 2011, pp. 

829–836. 
[75] A. Aleti, K. Malan, and I. Moser, “Fitness landscape characterisation of 

optimisation problems: GECCO 2017 tutorial,” in Proceedings of the 

Genetic and Evolutionary Computation Conference Companion, 2017, 
pp. 435–449. 

[76] P. Caamano, A. Prieto, J. A. Becerra, F. Bellas, and R. J. Duro, “Real-

valued multimodal fitness landscape characterization for evolution,” in 
International Conference on Neural Information Processing, 2010, pp. 

567–574. 

[77] M. A. Munoz, M. Kirley, and S. K. Halgamuge, “Landscape 

characterization of numerical optimization problems using biased 

scattered data,” in 2012 IEEE Congress on Evolutionary Computation, 

2012, pp. 1–8. 
[78] R. Morgan and M. Gallagher, “Length scale for characterising continuous 

optimization problems,” in International Conference on Parallel Problem 

Solving from Nature, 2012, pp. 407–416. 
[79] B. Iooss and P. Lemaître, “A review on global sensitivity analysis 

methods,” in Uncertainty management in simulation-optimization of 

complex systems, Springer, 2015, pp. 101–122. 
[80] R. Sala, R. Müller, N. Baldanzini, and M. Pierini, “Sensitivity Analysis 

in Systematic and Representative Benchmarking of Optimization 

Algorithm Performance,” presented at the Ninth International Conference 
on Sensitivity Analysis of Model Output (SAMO), Barcelona, 2019. 

[81] K. Smith-Miles, D. Baatar, B. Wreford, and R. Lewis, “Towards 

objective measures of algorithm performance across instance space,” 
Comput. Oper. Res., vol. 45, pp. 12–24, 2014. 

[82] E. K. Burke et al., “Hyper-heuristics: A survey of the state of the art,” J. 

Oper. Res. Soc., vol. 64, no. 12, pp. 1695–1724, 2013. 

[83] D. H. Wolpert, “On the connection between in-sample testing and 

generalization error,” Complex Syst., vol. 6, no. 1, p. 47, 1992. 

[84] X.-S. Yang, “Free lunch or no free lunch: that is not just a question?,” Int. 
J. Artif. Intell. Tools, vol. 21, no. 03, 2012. 

[85] W. Weaver, “Science and complexity,” American Scientist, no. 36, pp. 

536–544, 1948. 

 


	I. Introduction and Motivation
	II. The NFL theorems and their implications on benchmarking for metaheuristic optimization
	III. Benchmarking and scientific algorithm performance analysis
	IV. Technologically relevant optimization benchmarks
	V. The algorithm selection perspective
	A.  Problem characterization and categorization
	B. Optimization algorithm performance assessment

	VI. Summary of open challenges and prospective research directions
	References


