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Abstract The “No Free Lunch” theorem states that, averaged over all optimization
problems, without re-sampling, all optimization algorithms perform equally well.
Optimization, search, and supervised learning are the areas that have benefited more
from this important theoretical concept. Formulation of the initial No Free Lunch
theorem, very soon, gave rise to a number of research works which resulted in
a suite of theorems that define an entire research field with significant results in
other scientific areas where successfully exploring a search space is an essential and
critical task. The objective of this paper is to go through the main research efforts
that contributed to this research field, reveal the main issues, and disclose those
points that are helpful in understanding the hypotheses, the restrictions, or even the
inability of applying No Free Lunch theorems.

1 Introduction

Optimization problems occurring in various fields of science, computing, and
engineering depend on the number of parameters, the size of the solution space and,
mainly, on the objective function whose definition is critical as it largely determines
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the level of difficulty of the problem. Hence, defining and solving an optimization
problem is sometimes an extremely difficult and demanding task. Researchers from
various fields have been involved in solving optimization problems either as this
constitutes part of their main research or because the problem they face can be
tackled by an optimization one. The research efforts on this matter have permitted
the elaboration of numerous methods and techniques, built on solid mathematical
concepts, whose application produced significantly good results.

However, contrary to any opposite claim, none of these methods has proven
to be successful to all types of the problems it was applied. This argument has
been the objective of important theoretical work carried out by David Wolpert
which gave rise to the well-known No Free Lunch (NFL) theorem. Briefly, the NFL
theorem states that: “averaged over all optimization problems, without re-sampling
all optimization algorithms perform equally well.” Besides optimization, the NFL
theorem has been successfully used to tackle important theoretical issues pertaining
supervised learning in machine learning systems. Actually, the NFL theorem has
become a suite of theorems which has given significant results in various scientific
fields where searching for some optimal solution is an important issue.

The NFL theorems constitute an important theoretic development which marked
the limits of the range of successful application for a number of search, optimization,
and supervised learning algorithms. At the same time the formulation of these
theorems has provoked controversial discussions [4, 36, 44, 45] regarding the
possibility to invent and effectively use general purpose algorithms in various fields
where only a limited view of the real-world problem exists.

In this paper we aim at presenting a review on the most sound research work
published by several researchers on this matter including its impact on the most
important fields, that is, optimization and supervised learning. Other existing fields
of interest such as user interface design [24], network calculus [8] are worth of merit
but they are out of the scope of this review. The emphasis of this review will be,
mainly, on the critical questions which promoted the development of NFL theorems
as well as on the issues that proved to be important: namely for (a) optimization,
(b) searching, and (c) supervised learning.

The rest of this paper is structured as follows. Section 2 provides a review
of the early concepts and constructs that underpinned the definition of the NFL
theorems. Section 3 covers the main research efforts of Wolpert establishing NFL
for optimization and search. In Section 4 we survey the more recent work of Wolpert
which clarifies older concepts while offering some new results on this field. Next,
Section 5 is dedicated to the main research carried out by several researchers on
NFL for optimization and evolutionary algorithms. Part of the research surveyed
concerns the cases where NFL theorems do not apply and researchers have proved
the existence of “Free Lunches.” In Section 6 we describe the main research efforts
on NFL theorems for supervised learning. The paper ends in Section 7 with a
synopsis and some concluding remarks.
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2 Early Developments

As noted by David Wolpert [56], the first attempt to underline the limits of inductive
inference was made by the Scottish philosopher David Hume in 1740 in his seminal
work “A treatise of human nature” [26, 27]. Hume wrote that:

Even after the observation of the frequent conjunction of objects, we have no reason to draw
any inference concerning any object beyond those of which we have had experience.

In the machine learning context this can be stated as follows:

It is not reasonable to believe that the generalization error of a classifier-generalizer on test
data drawn off the training set correlates with its performance on the training set itself by
simply considering a priori information on the real world.

Wolpert based his theoretical work on earlier developments elaborated in his
paper “On the connection between in-sample testing and generalization error” [55].
In this paper the generalization error is taken as the off-training set (OTS) error
and the question addressed concerns its correlation with the error produced using
in-sample testing. Moreover, Wolpert tackles the question of how “. . . to take into
account the probability distribution of target functions in the real world” as any
theory of generalization is irrelevant concerning its applicability on real- world
problems if it does not tackle the previous problem. Some, but not all, of the
important issues arising in this paper are:

(a) “Can one prove inductive inference from first principles?” In other words, given
the performance of a learning algorithm on the training data set is it possible to
obtain information on its ability to provide an exact representation of the target
function for examples outside the data set?

(b) If one cannot answer the previous question then, what are the assumptions
on the distribution of real-world data (the target function) can help with the
generalization for training algorithms, such as back-propagation, which aim to
minimize the error on the training data?

(c) Is there a mathematical basis of estimating when over-training occurs and
proceed in modifying the learning algorithm in order to bound the effects of
such over-training?

(d) Is it possible to express in mathematical terms the ability of a training set to
faithfully represent the distribution over the entire data space?

(e) What are the hypotheses under which non-parametric statistics techniques, such
as cross-validations, which are designed to choose between learning algorithms,
succeed to diminish the generalization error?

In addressing these matters, the formalism proposed seems to extend the classical
Bayesian formalism using the hypothesis function, i.e., the distribution of the data
set as learned by the generalizer. The mathematical formalism adopted proposes a
way to match the degree to which the distribution derived by the learning algorithm
matches the distribution of the training data and it can be used to tackle various
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generalization issues such as over-training and minimum number of parameters for
the model. From another point of view this formalism is proposed with the aim
to express in mathematical terms the assumptions made by a generalizer so that
the used model best fits the training set representing the real world. As a result the
elaboration of important theoretical proofs proposes a solid basis for tackling several
issues in machine learning and gives rise to the development of concepts such as the
NFL theorems.

The first and foremost contributions of Wolpert concerning NFL theorems were
presented in the papers [56, 57]. In this set of two papers, namely:

(i) “The lack of a priori distinctions between learning algorithms” and
(ii) “The existence of a priori distinctions between learning algorithms,”

Wolpert develops his theory and formulates the NFL theorems. In the former,
he discusses the hypothesis that given any two learning algorithms one cannot
claim having any prior information that these algorithms are distinct as far as the
performance of these algorithms on specific class of problems is concerned. In the
latter paper, Wolpert unfolds the arguments concerning the inverse assumption, i.e.,
there are prior distinctions regarding the performance of any two algorithms. These
two papers deal with supervised learning but the theoretical constructs were applied
to multiple domains where two different algorithms compete as for which performs
better for a class of problems and associated error functions.

Focusing on supervised learning, in the first of the previously mentioned papers
the concept of “off-training set” (OTS) is defined and the associated performance
measure of the supervised learning algorithm is proposed. The mathematical
formalism used is based on the so-called extended Bayesian formalism and is refined
in order to take into account the generalization error, the cost function, and their
relation to the learning algorithm while providing the necessary hypotheses for the
training sets and the targets. In the sequel the probability of some cost “c” of the
learning algorithm associated with the loss function is proposed as follows:

P (c|d) =
∫

df dh P (h|d) P (f |d) Mc,d (f, h) ,

which is considered to be the inner product between the infinite dimensional
vectors P(f |d) and P(h|d) representing the target and the hypothesis functions,
respectively. This inner product quantity is maximized if the target function f

and the hypothesis function h given the training data d are close enough to each
other, i.e., they are aligned. Given two learning algorithms (generalizers) A and
B, an important question to be answered deals with the comparison of these two
algorithms in terms of how the set F1 of target functions f for which A beats
B compares with the corresponding set F2 of the target functions f for which
algorithm B outperforms A. As it is stated in [56]: “in order to analyze this issue it is
proposed to compare the average over f of f -conditioned probability distributions
for algorithm A to the same average for algorithm B. Then the relationship between
these two averages is used to compare the sets F1 and F2 .”
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In the second paper: “The existence of a priori distinctions between learning
algorithms” [57] Wolpert, besides revisiting the theorems and some examples
of the first paper, examines the NFL theorems with respect to cross-validation
and the so-called head-to-head minimax behavior that is the case where for an
algorithm A there exist comparatively few target functions for which A is slightly
worse than algorithm B and comparatively few target functions in which algorithm
A is superior to algorithm B. Moreover, he develops an extension of his theory
by considering averaging over generalizers rather than targets. This means that
instead of characterizing two algorithms by averaging over targets, namely f , φ,
P(f ), or P(φ), holding the hypothesis, P(h|d), fixed it is tentative to consider
alternative results where one holds one of the entities concerning the targets, fix
and average over the hypothesis entities. For this case, Wolpert formulates some
additional theorems and finally he examines the case when the loss function L(·|·)
is non-homogenous and thus the NFL theorems do not apply as one can make a
priori distinctions between algorithms.

As a conclusion it is stated in [57] that these two papers investigate some of the
behavior of OTS error. In particular, they formalize and investigate the concept that
“if you make no assumptions concerning the target, then you have no assurances
about how well you generalize.”

3 No Free Lunch for Optimization and Search

Another direction of research for applying the ideas of the NFL theorems, as
presented above, concerns the domain of optimization. The work “No free lunch
theorems for optimization” [62] published by Wolpert and McReedy deals with
this matter based on two technical reports produced by the authors at the Santa
Fe Institute. The first technical report published in [35] with the title “What
makes an optimization problem hard?” raises the question: “Are some classes
of combinatorial optimization problems intrinsically harder than others, without
regard to the algorithm one uses, or can difficulty be assessed only relative to a
particular algorithm?” The second technical report [61], entitled: “No free lunch
theorems for search” focuses on proving that all algorithms searching for an
optimum of an optimization problem, i.e., an extremum of an objective function,
performs exactly the same, no matter the performance measure used, when taking
the average over all possible objective functions.

The work of Wolpert and McReedy “No free lunch theorems for optimiza-
tion” [62], sets up a formalism for investigating the relation of the effectiveness
of optimization algorithms and the problems they are solving. The NFL theorems
developed in the paper establish that the successful performance of any optimization
algorithm on one class of problems is counterbalanced by its degraded performance
on another class of problems. A geometric interpretation is provided concerning the
meaning of the fitness of an algorithm to cope with some optimization problem.
Moreover, as mentioned in the previous technical reports the authors examine
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applications of NFL theorems to information-theoretic aspects of optimization as
well as to defining measures of performance for optimization benchmarks.

Given the multitude of black-box optimization techniques available, the authors
try to provide the formalism for tackling the following problem: “is there a
relationship between how well an algorithm performs and the optimization problem
on which it is run?” This problem can be cast in several other such as:

(a) What are the mathematical constituents of optimization theory one needs to
know before deciding on the necessary probability distributions to be applied?

(b) Are information theory and Bayesian analysis suitable for understanding the
previous issues?

(c) Given the performance results of a certain algorithm on a certain class of
problems can one provide a priori generalization of these results on other classes
of problems?

(d) Is there a suitable measure of such generalization? Can one evaluate the
performance of algorithms on problems so that he is able to compare those
algorithms?

The formalism developed by the authors is articulated around the following
concepts:

(i) A sample of size m is a set of m distinct points visited by the algorithm and is
denoted by

dm = {(
dx
m(1), d

y
m(1)

)
,

(
dx
m(2), d

y
m(2)

)
, . . . ,

(
dx
m(m), d

y
m(m)

)}
,

where dx
m(i) denotes the X value of the i th element of the sample and d

y
m(m)

is the associated cost, i.e., the Y value.
(ii) An optimization algorithm α is a mapping from previously visited sets of

points to a single new point in X , i.e.,

α : d ∈ D → {
x | x /∈ dx

}
,

where D denotes the space of all (m-sized) samples and α is deterministic in
the sense that every sample maps to a unique new point.

(iii) The performance of an algorithm after m iterations is a function Φ(d
y
m) of the

sample.
(iv) Given the space of all cost functions, i.e., optimization problems F the

distribution:

P(f ) = P
(
f (x1), f (x2), . . . , f (x|X |)

)
,

defined over F gives the probability that each f ∈ F is the actual
optimization problem at hand.

(v) The performance of an optimization algorithm α on a cost function f after m

iterations is measured with P(d
y
m | f,m, α).
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Let us consider the problem:

Suppose that F1 ⊆ F is the set of problems for which an algorithm α 1 performs better than
algorithm α 2 and F2 ⊆ F denotes the set for which α 2 performs better than α 1. How can
one compare these two sets?

The answer provided by the authors relies on the sum of P(d
y
m | f,m, α 1) and the

sum of P(d
y
m | f,m, α 2) over all f , i.e., over all problems. The following theorem

as formulated in this paper addresses the previous problem.

Theorem 1 For any pair of algorithms α 1 and α 2,

∑
f

P
(
d

y
m | f,m, α 1

) =
∑
f

P
(
d

y
m | f,m, α 2

)
.

In the theorem the problem is considered to be fixed over time. If the cost function is
time-dependent in the sense that, while the problem is initially expressed with some
cost function f1 which is present when sampling the first value in X , then this
function is deformed before any subsequent iteration of the optimization algorithm.
If deformation is represented with the mapping T : F × N → F , and T = Ti ,
then fi+1 = Ti(f ) and the following theorem can be formulated:

Theorem 2 For all d
y
m, D

y
m, m > 1, algorithms α 1 and α 2, and initial cost

functions f1

∑
T

P (d
y
m | f1, T ,m, α 1) =

∑
T

P (d
y
m | f1, T ,m, α 2),

and

∑
T

P (D
y
m | f1, T ,m, α 1) =

∑
T

P (D
y
m | f1, T ,m, α 2).

One of the implications of the NFL theorems discussed by the authors deals with
the geometric perspective of NFL. In this perspective consider the space F of all
cost functions and the probability of obtaining a certain d

y
m defined by the relation:

P(d
y
m | m,α) =

∑
f

P (d
y
m | m,α, f ) P (f ),

with P(f ) being the prior probability that the optimization problem at hand has
cost function f . As noted by the authors the previous sum can be considered as an
inner product in F . Hence, if we define the vectors −→v d

y
m,α,m and −→

p by their f

components, respectively:

−→v d
y
m,α,m(f ) ≡ P(d

y
m | m,α, f ), and −→

p ≡ P(f ),
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then it holds that:

P(d
y
m | m,α) = −→v d

y
m,α,m · −→

p .

The authors note that this equation provides a geometric interpretation of the
optimization process. Hence, d

y
m represents the desired sample and m is taken as

a measure of the computational effort needed for the algorithm. Moreover, if the
vector −→

p represents the prior which includes all knowledge about the cost functions,
then the last equation formulates in mathematical terms that: “the performance of an
algorithm is determined by the magnitude of its projection on −→

p or in other words
by how aligned −→v d

y
m,α,m is with the problem’s vector −→

p .” With respect to the

geometric view the NFL result that
∑

f P (d
y
m | f,m, α) is independent of α means

that for any particular d
y
m and m, all algorithms have the same projection onto the

uniform P(f ) represented by the diagonal vector
−→
1 .

Moreover, the authors investigate the relationship of the above results with
information-theoretic aspects of optimization and provide measures of performance
for assessing the efficacy of a certain optimization algorithm. Finally, minimax dis-
tinctions between search algorithms are discussed and some performance measures
for search algorithms are provided.

4 More Recent Work of Wolpert

The work of Köppen, Wolpert, and McReedy “Remarks on a recent paper on the No
Free Lunch Theorems” [33] is a letter reconsidering a previous work of Köppen [32]
with the title “Some technical remarks on the proof of the No Free Lunch theorem.”
In this letter the authors, following suggestions made in [32], provide a short proof
of the NFL theorems while correcting a wrong claim made in [32] about circular
reasoning of the original proof of the NFL theorems in [61, 62].

Hereafter, let us give some details on this theorem, as presented in [61, 62]; its
proof is important for many papers on NFL theorems. First, consider two finite sets
X and Y together with the set of all cost functions f : X → Y . Moreover, for a
positive integer m such that m < |X| let dm = {(dx

m(i), d
y
m(i) = f (dx

m(i)))} i.e.,
the points sampled by the algorithm in m steps, with i = 1, 2, . . . , m dx

m(i) ∈ X ∀x

and for any i, j it holds that dx
m(i) �= dx

m(j). Let a denote the search algorithm of
interest, which is a deterministic “blind” algorithm assigning to every possible dm

an element of X which is not already in the dx
m. This means that,

dx
m+1(m + 1) = a[dm] /∈ {dx

m}.

Let Y (f, a,m) denote the sequence of the m values of Y produced by the algorithm
a to f after m successive steps and δ(·, ·) is the Kronecker delta function giving 1 if
its arguments are identical and 0 otherwise. Then the following lemma holds:
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Lemma 1 For any algorithm a and any d
y
m,

∑
f

δ
(
d

y
m, Y (f,m, a)

) = |Y ||X|−m.

Thus, if c(·) is some performance measure assigning a real value to any set d
y
m and

k ∈ R is a performance value, then the theorem in question is:

Theorem 3 For any two deterministic algorithms a and b, any value k ∈ R, and
any performance measure c(·),

∑
f

δ
(
k, c

(
Y (f,m, a)

)) =
∑
f

δ
(
k, c

(
Y (f,m, b)

))
.

Besides considering the proof of this theorem, in this letter, the authors take
the chance to defend NFL theorems against what they call a rather nihilistic view
that algorithms of universal applicability would not exist. NFL theorems should be
considered as a research topic and not as simply some convenient or inconvenient
result. Hence, they propose that a more open minded view should prevail in order
to investigate the limits of NFL theorems as well as the potential issues arising by
their application in various domains.

It is worth noting, here, a relatively more recent work of Wolpert [60] entitled:
“What the No Free Lunch Theorems Really Mean? How to Improve Search
Algorithms?” In this research report the author reconsiders the main ideas of his
work on NFL as far as search algorithms are concerned. Wolpert insists on analyzing
the issue that while the NFL theorems have strong implications whenever a uniform
distribution of the cost function over the optimization problems is adopted, this is not
meant to support the use of such a distribution when one has to solve an optimization
problem. Trying to clarify what the NFL really mean in order to improve search
algorithms, Wolpert analyzes some kind of “deep formal relationship between
supervised learning and searching.” As a result of the analysis of this relationship
there are NFL theorems for both search and supervised learning and so there are
various ways of reusing techniques first developed in supervised learning for guiding
search. A number of experiments are presented which confirm the effectiveness of
search algorithms built upon these concepts.

5 NFL for Optimization and Evolutionary Algorithms

5.1 No Free Lunches and Evolutionary Algorithms

The NFL theorems have attracted the interest of the scientific community and keep
this interest unchanged. On the other hand, there has been occasionally the bone
of contention between some researchers. Such conflicting positions are listed in



66 S. P. Adam et al.

Perakh’s essay [42]. In particular, one may note the position of Orr [37] regarding
the NFL theorems, which was presented on the occasion of the publication of
William Dembski’s book [10]. Orr stated that:

. . . NFL theorems compare the effectiveness of evolutionary algorithms and look at how
often such an algorithm can detect the target, within a certain number of steps. . .

Orr underlined some very useful observations regarding NFL theorems in rela-
tion with Darwinian theory and this has been the essence of the difference
between Orr and Dembski. More precisely, Orr claims that evolution accord-
ing to Darwin’s theory cannot be seen as a search process and therefore, con-
trary to Dembski, one cannot claim that Darwinism constitutes a search algo-
rithm. It is evident that NFL theorems do not exclude evolutionary process
defined according to the Darwinian theory. Hence, evolutionary algorithms can be
appropriate used for search and they are capable to overcome a random search
algorithm.

In [42] Perakh gave a popularized interpretation of NFL theorems. This inter-
pretation is presented hereafter along with some useful comments and remarks as
given by the author. Suppose that A and B are two search algorithms, exploring the
same search space. The algorithms explore the search space by moving from one
point to another, selecting points either randomly or following a specific order. Each
algorithm performs a certain number of moves. At any point visited the algorithm
computes the value of the fitness function and so after, say, k steps the algorithm
provides k measurements, which constitute what is called a sample.

In essence, this sample is nothing more than a table in which the values of the
fitness function are recorded for each search point. However, an important question
arises: “could two algorithms return the same sample, given that they have selected
the same number of points?” Obviously, the samples computed by two arbitrarily
chosen algorithms are not expected to be the same. This argument can be easily
understood if one considers it in terms of probabilities.

Specifically, Perakh notes that:

The probability of a sample (i.e., a table), of size k, produced by an algorithm, say A, differs
from the probability that the same sample is produced by another algorithm B, for the same
number of steps of the algorithms.

However, the first NFL theorem states that if the search results of the two algorithms
are not compared for a particular fitness space but averaged over all possible search
spaces, then the above probabilities of obtaining the same sample are equal for any
pair of algorithms.

It is worth to underline that the NFL theorems are valid regardless how many
times the algorithms are used to complete a search of the underlying problem space
or which fitness function values are returned by the different search points. Another
point that is worth paying attention is that NFL theorems make no claim about the
relative performance of the algorithms, as defined in [42], for a particular search
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space. As a result, in terms of performance, any algorithm could be much better
than any other “competitor.”

Despite the fact that NFL theorems are valid for evolutionary algorithms, in [58]
it is argued that this may not stand for the case of co-evolutionary algorithms and so
“Free Lunches” are possible. The NFL framework for the case of co-evolutionary
algorithms as described in [49] is given next.

The statement relative to “the average performance of the algorithms,” men-
tioned in the previous paragraphs and references therein, is meaningless without the
definition of how this performance is measured. In other words, a very important
issue is to define the metrics that one should use in order to effectively measure and
compare the performance of the algorithms.

In addition, some other important questions may arise, such as:

(a) Are there any classes of co-evolution for which there exist NFL theorems?
(b) For which co-evolution classes there can be Free Lunches?

According to the literature [63] these questions are difficult to be answered and they
still remain open problems.

Some recent research efforts regarding NFL theorems and black-box optimiza-
tion have shown that there are co-evolutionary problems with No Free Lunches
while Free Lunches are present in the context of other co-evolutionary problems.
More precisely, in their work [49], Service and Tauritz present a NFL framework
for classes of co-evolutionary algorithms. What is important in this work is the
classification of co-evolutionary algorithms based on the solutions they seek.
In the co-evolutionary algorithms framework defined in this work, the type of
the solutions, or the corresponding individuals, that are effectively considered as
solutions to the problem, depend, exclusively, on the type of the problem for which
the co-evolutionary algorithm is designed. Note that the different solution concepts
are related to the cooperative co-evolution case, the Nash equilibrium case, the
maxmin case, etc.

The authors define the so-called weak preference relation which is a relatively
simple way of measuring the performance of co-evolutionary algorithms and so
it constitutes a metric. This metric is different than the one originally defined by
Wolpert and Macready in their work “Co-evolutionary Free Lunches” [63].

The framework developed by Service and Tauritz can be considered as a combi-
nation of concepts and definitions originating from two theoretical frameworks. The
first framework deals with the original NFL theorems [62] for search algorithms
and the other for concerns co-evolutionary algorithms [18]. This fusion is done with
respect to the consistency of both frameworks. Moreover, in [49] the authors showed
that in co-evolution there are Free Lunches. In consequence, the important question
that remains to be answered is: “in which classes of co-evolutionary algorithms
there are Free Lunches?” and further studies are needed to explore additional
classes of co-evolution.
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5.2 No Free Lunches and Meta-Heuristic Techniques

It is well known that particle swarm optimization methods [41] have greatly
contributed to the field of mathematical optimization. These swarm- based methods
consist of a number of individuals who guide the optimization process through
their collective behavior in order to attain an optimal solution. A great advantage of
these methods is that, under suitable conditions and assumptions, they are capable
to avoid local minima and ensure convergence of the algorithm to some globally
optimal solution. However, convergence analysis of swarm optimization algorithms
still remains an active research areas. The most important schemes that have been
define and used include: “Particle Swarm Optimization” (PSO) [14], “Ant Colony
Optimization” (ACO) [11], “Firefly Algorithm” (FA) [64], “Artificial Bee Colony
algorithm” (ABC) [28], “Bat Algorithm” (BA) [65], “Cuckoo Search” (CS) [67],
among others.

These methods, also called meta-heuristic techniques, involve exploration and
exploitation; two specific search processes which under appropriate conditions
“control” the swarm in order to avoid local minima of the fitness function.
The applications of the above swarm-based schemes are many and belong to
different scientific fields. More details on these can be found in [19], especially
concerning engineering and industrial applications. In recent years, application of
meta-heuristic techniques has constantly increased and has entered the field of art
[1, 2, 12, 47, 52]. More specifically, meta-heuristic techniques have been applied in
the tasks of Crowd simulation, Human swarming, and Swarmic art.

Meta-heuristic techniques or meta-models, such as those proposed in [38–
41, 43, 50], are used in many cases of evolutionary computing techniques [15–17,
20, 34], in order to create faster optimization algorithms. Especially, in cases where
data sets are incomplete or imbalanced or the objective function is computational
costly, the meta-heuristic procedures provide alternative, effective, and efficient
solution to the optimization problem. Specifically, these techniques are high-
level heuristic processes that aim at choosing or creating meta-heuristic search
models to resolve more efficiently optimization problems. As noted in [4], under
some mild conditions with respect to objective functions, the surrogate algorithms
achieve global convergence [5]. In addition, these meta-models are not plagued
by damaging features of classic optimization methods, such as the calculation of
derivatives. As a consequence, meta-models outperform classic methods, enabling
them to be effectively and efficiently deployed in a variety of applications, such as
[25, 30, 53].

An important discussion concerning NFL for meta-heuristics is proposed by
Yang [66]. In this work the author notes that NFL theorems deal with the average
performance of optimization algorithms on all existing problems. Nevertheless, in
many real problems this does not hold, as the theoretical requirements are strict
and they cannot be applied, in practice. As a consequence, this situation results
in getting Free Lunches, and what needs to be determined is the performance of
specific algorithms in particular classes of problems. Hence, in such cases there
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may exist algorithms that are significantly better than others for a particular class of
problems. This phenomenon, i.e., the non-validity of NFL theorems, often occurs
when applying meta-heuristic approaches, as the primary NFL theorems concern
algorithms searching for individual solutions while population-based meta-heuristic
approaches explore simultaneously different parts of the search space and, in this
sense, they are considered dealing with sets of solutions. As an example one may
consider the cases of genetic algorithms or PSO. A similar situation is encountered
in multi-objective optimization, where some algorithms are found to outperform
others on specific problems, thus, giving rise to Free Lunches [9].

The theoretical results of NFL theorems while being very important for mathe-
matical optimization with significant theoretical impact, however, incite a number
of questions related with practical applications such as: “What is the position and
the opinion of optimization algorithm designers on the practical validity and the
applicability of NFL theorems?”

Yang [66] provides an answer to this question and classifies developers of
optimization algorithms in three groups:

(a) A large part of researchers believe that the conditions set by NFL theorems
cannot be applied in practice and therefore they do not accept them.

(b) Researchers in the second category accept the validity of NFL theorems but
they believe that for specific types of problems there exist optimal algorithms.
So, they focus on finding such algorithms for particular classes of problems.

(c) The last group claims that NFL theorems do not hold for continuous problems
or for problems belonging to the NP-hard class. Therefore, they focus on
discovering problems for which NFL theorems do not apply and hence on
defining Free Lunches.

The appeal and the controversies caused by NFL theorems led a large part of
the scientific community to re-examine these theorems and restate them in several
equivalent forms. The studies resulting from this trend have led to the creation
of many frameworks for black-box search algorithms such as the framework
proposed by Schumacher et al. [48]. These authors studied the length of the problem
description and they concluded that the NFL results as initially formulated by
Wolpert are valid not only for the set of all functions but even for smaller sets.
Hence, NFL results are independent of whether the set of functions is compressible
or not. Finally, the authors conclude that the results of NFL theorems are best
maintained in the case of the permutation closure of a single function.

The variety of scientific fields where NFL theorems have been applied made
more and more researchers study and apply these theorems which led to the
proposition of various extensions of NFL theorems. It is worth mentioning that
Auger and Teytaud [4] proposed extensions of NFL theorems related to infinite
spaces both countable and uncountable. In addition, they studied the design of
optimal heuristic optimization models. According to the original work of Wolpert
and Macready [62], the NFL theorems for optimization concern finite search spaces.
So, in order to extend the theorems to infinite search spaces, stochastic terms and
procedures are introduced. The authors demonstrated that in the case of infinite
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countable spaces, the physical extension of the NFL theorems does not hold. In
addition, for their proof they defined some distributions of the fitness functions,
which lead to equal performance for all heuristic search techniques.

The above proof resulted in Free Lunch theorems based on a random fitness
function and involves random search spaces. An additional contribution made in [4]
deals with designing optimal algorithms for random fitness functions regarding a
black-box optimization framework. In particular, the authors presented an optimal
algorithm based on the Bellman’s decomposition principle [6], for a certain number
of algorithm iterations and a given distribution of fitness. Moreover, for the
design procedure and the experiments conducted, the “Monte-Carlo planning”
algorithm [31] and the “Upper Confidence Tree” algorithm [51] were used.
Following these research results one may, reasonably, put forward the question: “Is
the improvement proposed by Auger and Teytaud just of theoretical importance or it
can be applied in practical situations in acceptable computational time?”

Hereafter, in order to present some of the results of Auger and Teytaud [4],
more formally, we recall the necessary notation adopted in [4]. Let X denote
the search space and Y its codomain for a given objective function f . For any
integer m ∈ {1, 2, . . . , |X |} let (x1, x2, . . . , xm) be the vector of the first m

iterates of a search algorithm and let (f (x1), f (x2), . . . , f (xm)) be the vector
of the associated objective values. The performance of an algorithm a after m

iterations is given by measuring the vector of cost values denoted by Y (f,m, a) =
〈f (x1), f (x2), . . . , f (xm)〉.

Using the previous notation, NFL theorems imply the following results for X
any finite domain, Y its codomain, two search algorithms a and b, any number of
iterations m and, finally, any objective function f and p any random permutation
uniformly distributed (among all permutations) over X : the random vectors:

Y (f ◦ p, m, a) = 〈f ◦ p(x1), f ◦ p(x2), . . . , f ◦ p(xm)〉,

and

Y (f ◦ p, m, b) = 〈f ◦ p(x1), f ◦ p(x2), . . . , f ◦ p(xm)〉,

follow the same distribution.
Moreover, let X be a countably infinite space and without loss of generality let

X = N. If one is able to provide a non-trivial measurable objective function f ,
then the following proposition holds:

Proposition 1 Assume that NFL (N, p, f ) is a No Free Lunch, and

f (i) = (−1)i+1 i , ∀ i ∈ N.

Then there is no random permutation p such that NFL (N, p, f ) holds. Conse-
quently, the NFL (N, f ) does not hold.
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Table 1 Number of citations of the references related to the NFL theorems for Optimization and
Evolutionary Algorithms issues presented in Section 5

Contribution Total citations Citations per year

Schumacher et al. [48] 190 11.18

Droste et al. [13] 150 9.38

Perakh [42] 6 0.40

Griffiths and Orponen [23] 9 0.69

Service and Tauritz [49] 4 0.40

Poli and Graff [44] 35 3.18

Auger and Teytand [4] 70 8.75

Yang [66] 34 5.67

Among different theoretical results, one may stick to the following Continuous
Free Lunch theorem which is considered to be the main result of Auger and Teytaud
in [4].

Theorem 4 (Continuous Free Lunch) Assume that f is a random fitness function
with values in R

[0,1]. Then GNFL ([0, 1], f ) does not hold.

In the above theorem X is considered to be a continuous domain and without loss
of generality X = [0, 1] and Y = R. Moreover, the notation GNFL is used for a
weaker NFL which does not restrict the fitness function to the compositional form
f ◦ p.

Remark 1 Let f be a random fitness. Then GNFL (X , f ) holds if and only if
for any m ∈ N (smaller than |X | when X is finite) and any two optimization
algorithms a and b, Y (f,m, a) and Y (f,m, b) follow the same distribution.

In Table 1, we provide information about the number of citations1 received by
the most significant contributions concerning the field of the NFL theorems for
Optimization and Evolutionary Algorithms. This citation analysis can be considered
as an additional information about the importance and contribution of these works
in the field of the NFL theorems.

Designing an optimization algorithm that will be more effective than other
optimization schemes is a very difficult process and requires a number of conditions.
“Multidisciplinary Design Optimization” is a problem that is based on the best
architecture selection. In such a context, it can be easily understood that obtaining
the most efficient design scheme requires testing and may lead to errors. However,
the trial-and-error procedure is not appropriate as it is a costly computational
process. Vanaret et al. [54] proposed a general design process that avoids the above
problem, as well as the inherent complexity that exists in such applications.

1Source: Google Scholar.
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In most cases of Multidisciplinary Design Optimization, having efficient opti-
mization algorithms is seriously restricted by the complexity of the objective
function which is due to the fact that several different architectures are used for
the design task. So, it is of primary importance to dispose a methodology that
can be applied in all design cases and alleviate this disadvantage. In [54] this is
accomplished through a replacement function that can be calculated much more
easily than the original one. The authors propose a scalable replacement model
through which the architectures can be evaluated easier and thus the choice made
more appropriate. Through their experimental results it is clear that the performance
of an architecture model depends significantly on the dimension of the original
problem. Therefore, as stated by the NFL theorems, there is no architecture that
is significantly more efficient than all the others, when dealing with problems of
the same dimension. The authors adopt the “Multidisciplinary Feasible” and the
“Individual Disciplinary Feasible” architecture models as the more representative
among different architecture models for Multidisciplinary Design Optimization
problems. Nevertheless, more architecture models need to be explored in the
future.

Kimbrough et al. [29] studied several cases of optimization with constraints using
population-based optimization algorithms. In particular, in their research they used
genetic algorithms regarding two populations, those of feasible solutions and those
of non-feasible ones. Theoretically, in a simple, typical scheme of genetic evolution,
the individuals evaluated as feasible solutions would be the only ones that would
take part in the evolution of the population and so, in the final formulation of the
solution. However, this theoretical provision is not valid in [29] as in this case
Kimbrough et al. use feasible solutions in improving the values of the objective
function, while non-feasible solutions are used to correct the penalties caused by
their constrains.

In order to ensure the smoothness of the optimization process, namely the
evolution of the populations, the authors defined a metric distance between the
two populations, both among the individuals and the populations’ centroids. An
important detail that has to be underlined is that the centroids of the two populations
are approaching each other during the evolution.

At first sight, it might seem strange to maintain a whole population of infeasible
solutions. However, a closer look reveals the usefulness of this position as this
population is free to move to space areas, where the feasible solutions cannot,
and thus to explore the limited search areas. The authors studied specific problems
and spaces and showed that the conclusions of the NFL theorems regarding the
equivalence of the black-box search algorithms do not hold. Furthermore, they
shown that the NFL theorems do not hold for problems with constraints and
specifically in many practical problems where the restrictions are fixed.

The evolutionary computing scheme adopted by Kimbrough et al. [29] is an
elegant mechanism which permits to show that there exist constraint optimization
problems for which NFL results do not hold. The interested reader is invited to refer
to the work [29].
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As a supplement of the above research works along with both the theoretical
arguments and the conclusions of the specific problem classes mentioned above,
Droste et al. in [13] provide some realistic remarks based on the computational
complexity of heuristic optimization algorithms. The authors claim that NFL
theorems are not possible in the case of heuristic optimization. However, an
“(Almost) No Free Lunch” ((A)NFL) theorem shows that for each function that can
be efficiently optimized by a heuristic search, many other related functions can be
constructed where the same heuristic is bad. Consequently, heuristic search methods
use some a priori known information, a kind of “ideas,” of how to search for good
solutions and so they can be successful only for functions that give the appropriate
“help.”

Theorem 5 Assume that S is a randomized search strategy and let f be a function,
f ∈ {0, 1}n and the output range is {0, 1, 2, . . . , N − 1}. Then there are at least
N2n/3−1 number of functions, let g, g : {0, 1} → {0, 1, 2, . . . , N} in agreement with
f on all but at most 2n/3 inputs such that S does find the optimum of g within 2n/3

steps with a probability bounded above by 2−n/3.

This theorem suggests that heuristic methods cannot succeed in all existing
problems. This is because the effectiveness of these techniques is largely based on a
good “guess.” If this guess is correct, these methods can be very efficient. If not, the
search time can reach exponential levels and this constitutes a serious disadvantage
of this family of methods.

In [23] Griffiths and Orponen studied optimization strategies for a given finite set
of functions. Specifically, they investigated the conditions that need to be satisfied
for the functions under consideration in order to have the same performance for a
uniform distribution of functions. The result of this research is related to some non-
trivial Boolean functions and bounded search algorithms. An important conclusion
of this research is that the relationship of NFL theorems and the closed under
permutation conditions does not always hold. This happens when we consider
functions used to maximize the performance of bounded length searches.

Closing this section, it is worth to mention the contribution of Poli and Graff [44]
concerning the NFL theorems and hyper-heuristic techniques. Their conclusions
further support the previously referenced works as far as the non-validity of the
NFL theorems and the existence of Free Lunches are concerned. The NFL theorems
guarantee that this phenomenon happens to hyper-heuristic techniques and high-
level hyper-heuristics, if all the problems of interest are closed under permutation.
For many real applications the corresponding optimization problems do not satisfy
this condition and so, in these cases, there is a Free Lunch for hyper-heuristic
techniques. Note that this happens provided that at each level of the search hierarchy
the heuristics are evaluated using performance measures that reveal the differences
in immediately lower level. The fact that the results of NFL theorems may not
hold over heuristic searching techniques does not mean that the existing hyper-
heuristic methods are good enough. This may need to be proven and so it requires
to be further investigated. Finally, whenever implementation of the NFL theorems
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is not possible, one should see the opportunity to try finding some new and more
powerful, effective, and efficient hyper-heuristic algorithms, including techniques
that are based on genetic programming and genetic algorithms.

6 NFL for Supervised Learning

Revisiting his initial work on supervised learning Wolpert in his work entitled:
“The supervised learning no-free-lunch theorems” [59] analyzes the main issues
underlying his theory on NFL. Wolpert criticizes conventional testing methods for
supervised learning as they do not account for out-of-sample testing which is more
important for the behavior of supervised learning algorithms. Actually, despite any
opposite claim it is common practice in established supervised learning approaches
to perform testing with test set that overlap training sets. Thus, conventional
frameworks are bound with specific application fields of supervised learning and
not with the very problems of the domain.

To cope with this inability of conventional frameworks and deal with the off-
training-set error he proposes the so-called Extended Bayesian Framework (EBF)
which besides offering an extension to classical Bayesian analysis it, also, has
the major advantage that it encompasses the conventional frameworks. Based on
the EBF, Wolpert develops the set of No Free Lunch theorems which “bound
how much one can infer concerning the (off-training-set) generalization error
probability distribution without making relatively strong assumptions concerning
the real world. They serve as a broad context in which one should view the claims
of any supervised learning framework.”

All aspects of supervised learning are modeled by means of probability distri-
butions. Wolpert provides definitions for those points that are ill defined and they
are assumed to constitute defaults for conventional approaches which deal with
generalization. Hence, according to Wolpert’s notation, if

d = {dX(i), dY (i)}, ∀ 1 � i � m ,

denotes the training data, “f ” is the function giving the probability P(y | x, f ) =
fx,y and “h” is the x-conditioned probability distribution over values y which is
produced by the learning algorithm in response to training data d, P(y|x, h) = hx,y

then the generalization error function typically used in supervised learning can be
expressed by the expectation value E(C | h, f, d) for some cost “C” induced by the
learning algorithm. So, for the “average misclassification rate error,” one may set:

E(C | h, f, d) = E(C | h, f ) =
∑
x

π(x)
[
1 − δ(f (x), h(x))

]
.

This is the average number of times across all x ∈ X that h and f differ relatively
to the sampling distribution π(x) which produced the training data.
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In the sequel, the following two theorems are formulated. These theorems are
known as “No Free Lunch theorems for supervised learning.”

Theorem 6 E(C | d) can be written as a (non-Euclidean) inner product between
the distributions P(h | d) and P(f | d):

E(C | d) =
∑
h,f

Er(h, f, d) P (h|d) P (f |d),

where Er(h, f, d) denotes the error function.

The following meanings are given by Wolpert to this theorem:

(a) An answer to how well a learning algorithm does on some problem is deter-
mined by how “aligned” the algorithm P(h|d) is with the posterior P(f | d).

(b) One cannot prove anything regarding how well a particular learning algorithm
generalizes as one is, generally, unable to prove that P(h|d) is aligned with
P(f | d) unless P(f | d) has a certain form.

The impossibility to prove that P(f | d) has a certain form is formalized by the
following theorem.

Theorem 7 Consider the off-training-set error function. Let “Ei(·)” indicate an
expectation value evaluated using learning algorithm “i.” Then for any two learning
algorithms P 1(h | d) and P 2(h | d), independent of the sampling distribution

(i) Uniformly averaged over all f ,
E1(C | f,m) − E2(C | f,m) = 0;

(ii) Uniformly averaged over all f , for any training set d,
E1(C | f, d) − E2(C | f, d) = 0;

(iii) Uniformly averaged over all P(f ),
E1(C | m) − E2(C | m) = 0;

(iv) Uniformly averaged over all P(f ), for any training set d,
E1(C | d) − E2(C | d) = 0.

Remark 2 Given that the quantities E(C | d), E(C | m), E(C | f, d), or E(C | f,m)

denote different measures of risks, the theorem states that for any of these measures
any two algorithms on average perform equally well. Actually, Algorithm 1 is
superior to Algorithm 2 for as many problems as Algorithm 2 is superior to
Algorithm 1.

The examples given by Wolpert are about cross-validation and Bayesian infer-
ence. Moreover, some variants of Theorem 7 are presented and the intuitive ideas of
Theorem 7 are analyzed. These ideas gave rise to the following important research
efforts concerning two critical issues of supervised learning, namely early stopping
and cross-validation.
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6.1 No Free Lunch for Early Stopping

Iterative methods, such as gradient descent, train a learner by updating its free
parameters in order to make it better fit the training data and improve the perfor-
mance of the learner on data outside the training set. Up to some point this is a
successful task but beyond that point further training leads to over-fitting the training
data while failing to deal with out-of-sample data, thus, increasing the generalization
error of the learner. Regularization techniques including early stopping are used to
avoid over-fitting.

The “early stopping” provides rules on how to conduct training and when to
stop iterations in order to avoid over-fitting. In machine learning the early stopping
has been used in many contexts and has been supported with various mathematical
tools. A well-known and widely used technique is to guide validation of a training
procedure with early stopping by monitoring the increase of the generalization error
on validation data.

In [7] Cataltepe et al. aim at bringing the idea of NFL into the framework of early
stopping. The method of choosing a model using the early stopping approach relies
on a uniform selection of the model among the models giving the same training
error. This approach is claimed to be similar to the “Gibbs algorithm.” The uniform
probability of selection around the training error minimum is equivalent to the
isotropic distributions of Amari et al. [3], while it differs from this work as it does
not assume a very large number of training examples. In addition to general linear
models in [7] it is presumed that the probability of selection of models is symmetric
only around the training error minimum.

This symmetry hypothesis is a weaker requirement than uniformity. The authors
analyze early stopping for some training error minimum. If the training set consti-
tutes all the information that one has about the target, then one should minimize the
training error as much as possible to achieve lower generalization error. Moreover,
the authors demonstrate that when additional information is available, early stopping
can help.

6.2 No Free Lunch for Cross-Validation

In machine learning and, generally, in statistical learning theory, “cross-validation”
is a model evaluation method used when a predictive modeling procedure or any
learner is asked to make new predictions for data it has not already seen. This
data constitutes the model validation set. Therefore, instead of using mathematical
analysis cross-validation is a generally applicable method used to assess the
performance of a model. Specific methods of cross-validation can be either of
“exhaustive” (such as leave p-out, leave-one-out) or “non-exhaustive” type (such
as k-fold, hold out, repeated random sub-sampling) and they are able to give
meaningful results provided that the training set and the validation set are drawn
from the same population, i.e., the same distribution.
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Cross-validation is a statistical technique which constitutes an objective approach
to compare different learning procedures as it does not rely on in-sample error
rates. Thus, it was long widely believed that it can be successful, despite of the
prior knowledge available on the problem at hand. Zhu and Rohwer [68] provide
a numerical counter-example which, despite the fact that it is an artificial one,
constitutes a minimal proof that cross-validation is not a “universally beneficial
method.” The problem consists in selecting the unbiased estimator of the expectation
of a Gaussian distribution between two estimators, namely: (a) an unbiased and
(b) a highly biased one. The authors apply the leave-one-out scheme and make
an attempt to show that this method is inefficient even in small problems. Hence,
cross-validation cannot defy the theoretical result of the NFL theorem, that is, “no
algorithm can be good for any arbitrary prior.”

Moreover, the authors carry out further experiments and give a detailed analysis
with the aim to provide answers to any criticism against the main issue tackled by
the paper which is “as with any other algorithm, cross-validation and, in this sense,
a number of other approaches such as bootstrap cannot solve equally good any
kind of problem.” Hence, if some prior knowledge is used for an algorithm, then this
should be communicated to any interested user so that he can decide whether to use
it or not.

Goutte published a more elaborated approach on this matter in his work [22] enti-
tled “Note on free lunches and cross-validation.” In this paper the aforementioned
approach of Zhu and Rohwer on cross-validation and NFL theorem is revisited by
further elaborating on the numerical example. The author, also, applies the leave-
one-out and the m-fold cross-validation schemes on the numerical result used by
Zhu and Rohwer and performs a more detailed mathematical description. Analysis
of the results obtained supports the argument that there is “No Free Lunch for
cross-validation” and though the method is not the best approach for evaluating
performance of learners, however, it is capable to give very good results in a number
of practical situations.

Further to the above research, Rivals and Personnaz [46] took over the work
of Goutte and by using probabilistic analysis they applied leave-one-out cross-
validation on measures of model quality. The leave-one-out scores obtained show
that the conclusions of Goutte are optimistic as they deal with a trivial problem for
which any reasonable method is not prone to make a wrong choice. In addition,
a comparison between leave-one-out cross-validation and statistical tests for the
selection of linear models is performed. The numerical results obtained by a specific
illustrative example show that for linear estimators with large number of samples,
leave-one-out cross-validation does not perform well as compared to statistical tests.
This leads to the conclusion that it is unlikely that this method is able to perform well
in the case of nonlinear estimators such as neural networks. Hence, an important
result is stressed, that is, statistical tests should be preferred to leave-one-out cross-
validation “provided that the (linear or nonlinear) model has the properties required
for the statistical tests to be valid.”
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6.3 Real-World Machine Learning Classification and No Free
Lunch Theorems: An Experimental Approach

The majority of the research concerning NFL and supervised learning seems to be
more or less theoretical. Unlike the previously reported work Gómez and Rojas
published in [21] the results of a number of machine learning experiments with
the aim to help understanding the impact of NFL on real-world problems. At the
same time the authors attempted to provide sufficient experimental evidence on the
validity of NFL.

The set of machine learning algorithms used in these experiments comprise:

(a) Naive Bayes classifiers,
(b) C4.5 decision trees,
(c) Neural networks,
(d) k-nearest neighbors classifiers,
(e) Random C4.5 forest,
(f) AdaBoost.M1,
(g) Stacking.

The performance of these approaches was examined in terms of average accuracy
over six data sets taken from the UCI machine learning repository. These data
sets are: “Audiology,” “Column,” “Breast cancer,” “Multiple features (Fourier),”
“German credit,” and “Nursery.” To a great extent, the results obtained are consistent
with previous research. On the other hand, according to the NFL theorem the tested
algorithms should expose the same degree of accuracy. However, this is valid when a
sufficiently large number of data sets are available. The authors underline that some
common assumptions pertain the data sets. These common assumptions concern
the Occam’s razor and the independent identical distribution of the samples as well
as, mainly, the data-dependent structural properties found in the data sets, that is,
determinism and the Pareto principle. Based on these last properties they explain
the peculiarities of the data sets and the results concerning the accuracy. Then, it is
clear that not all the algorithms perform equally well on all problems.

In addition to the above, the authors perform a number of experiments using
kernel machines and especially support vector machines (SVM) as well as deep
learning networks. The results obtained show that SVM outperform the other
learning algorithms while the performance of deep learning on these small and
relatively simple problems is disappointing. In fact while these architectures are
designed to handle complex data sets which have inherent abstraction layers they
seem to be incapable to cope with simpler data sets with possibly lower data
abstraction. This shows that NFL applies even in the case of deep learning which is
also subject to limitations as other machine learning algorithms.

In terms of conclusion the authors state that: “While evaluating the average
accuracy ranking for the six data sets, they noticed the effect of the NFL theorem
and how assumptions are key to performance.” Comparing with similar research
work they conclude that: “the data and its pre-processing are as important as, if
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not more so than, the algorithm itself in determining the quality of the model. Data
visualization or statistical techniques such as feature selection can be crucial to
provide a better fit and obtain simpler and better models.”

7 Synopsis and Concluding Remarks

In this paper we surveyed some of the most sound research works concerning No
Free Lunch (NFL) theorems and their results in search, optimization, and supervised
learning. Starting from the earlier work of David H. Wolpert, where the essential
concepts underpinning NFL theorems were defined, we went through the research
efforts that contributed to the formulation of the most relevant frameworks for
applying NFL theorems. Moreover, we presented those research works which show
when NFL theorems do not hold and so there are Free Lunches, i.e., algorithms that
significantly outperform other algorithms on specific classes of problems. One of the
objectives set for this survey was to make clear which are the hypotheses and the
restrictions for applying NFL results, or on the contrary, to pinpoint the conditions
under which there are Free Lunches, as defined by researchers in their respective
papers.

One of the most relevant conclusion is that important research needs to be carried
out in order to delineate those classes of problems for which NFL theorems apply
and those for which they don’t. NFL theorems do not put any obstacle on continuing
research for developing more efficient algorithms which apply to even larger classes
of problems. They just seem to make clear that there are limits for these algorithms.
Finally, this does not mean that for some specific problems one is not able to design
an algorithm performing better than its competitors.

Closing this review we hope that this work will assist all those who are interested
in NFL theorems.
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