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Abstract

This empirical inquiry explores the behaviour of a particular class of evolutionary algorithms
as the number of conflicting objectives to be simultaneously optimised is increased.
Population-based optimisers that perform selection according to Pareto dominance and
density estimation are considered. The performances of abstracted algorithms, based on
decompositions of the fundamental components of a modern optimiser, are considered across
a wide range of mutation and recombination operating conditions. Configuration sweet-spots
for these algorithms are identified and contrasted. The classical mutation settings are shown to
be a robust choice, even when the total sweet-spot is seen to contract as the number of
objectives is increased. Classical settings for recombination, by contrast, are shown to work
well for small numbers of objectives but lead to very poor performance as the number of
objectives is increased. Mutation performance is demonstrated to be largely invariant of
population size across the standard range of values. The performance of recombination can be
somewhat improved by using larger population sizes. Explanations are offered for the
observed behaviour of the evolutionary optimisers.

1 Introduction

1.1 Background

Much of the research into evolutionary multi-objective optimisation algorithms (MOEAs)
concentrates on optimisation tasks with two conflicting objectives. However, the real-world
challenges to which these algorithms are applied often feature many more objectives (Coello
et al, 2002). Hence, there is a clear need to extend evolutionary multi-objective optimisation
(EMO) research into the realm of many-objectives’.

Interactions often arise between objectives. These can be classified as conflicting or
harmonious, and both interactions may co-exist between two objectives in the context of a
single optimisation problem (Purshouse and Fleming, 2003). In the case of conflict, a solution
modification that will improve performance in one objective is seen to cause deterioration in a
second objective. In the case of harmony, the modification causes simultaneous improvement
to both objectives. The conflict that exists in a many-objective task has been identified as a
serious challenge for contemporary EMO researchers, and it is this relationship that is
explored in this paper.

If the only assumption concerning decision-maker (DM) preferences is that a unidirectional
line of preference (Edgeworth, 1932) exists for each objective then performance comparisons
between solutions can be based on the notion of Pareto dominance (Coello et al, 2002). In
these conditions, the optimal solution to an M-objective task, in which all objectives conflict,




surface at a fixed resolution is exponential in M. Even if such an approximation set (Zitzler et
al, 2003) could be achieved, the quantity of information contained within the set may
overwhelm the DM, who must ultimately select a single solution.

The inherent difficulties in solving many-objective problems have lead EMO researchers to
incorporate preference-based schemes into their algorithms, as comprehensively reviewed by
Coello et al (2002). The fundamental aim of these methods is to limit the search requirements
of the optimiser to a sub-region of overall objective-space. However, as argued by Knowles
(2002), the potential for an exclusively Pareto-based solution to the many-objective
optimisation problem remains a matter of some interest. Indeed, if the resolution of the
obtained approximation set is regarded as a function of some maximum limit imposed on the
size of the set (such as the population size of an MOEA), then there is no reason per se Why
the achieved set should not be globally non-dominated and optimally distributed across the
trade-off surface. But is it possible to design an evolutionary algorithm that is capable of
generating such results, given finite resources, when faced with many conflicting objectives?

A family of tractable, real-parameter optimisation tasks that are scalable to any number of
conflicting objectives was proposed by Deb et al (2002b) to stimulate research into many-
objective optimisation. In the first known study of its kind, this test suite was used by Khare
et al (2003), to investigate the scalability of some contemporary MOEAs. The results
suggested that PESA (Corne et al, 2000) could produce approximation sets with good
proximity but with poor distribution as problem size increased, whilst SPEA2 (Zitzler er al,
2001) and NSGA-II (Deb et al, 2002a) produced the converse result. However, since single
configuration instances of each algorithm were used, and each algorithm is itself a
complicated structure of basic EMO components, it is difficult to identify the exact
mechanisms and rationale that underpin the observed behaviour.

In this paper, abstracted algorithms derived from the NSGA-II class are used to understand
the changing behaviour of isolated EMO mechanisms, and combinations of such mechanisms,
as the number of objectives is varied. Results are generated for a map of configuration
settings for each algorithm. This permits analysis to be made in terms of the exploration-
exploitation trade-offs in EMO (Bosman and Thierens, 2003) and for performance sweet-
spots to be identified (Goldberg, 1998).

1.2 Document roadmap

The remainder of the paper is organised as follows. In Section 2, the class of evolutionary
multi-objective optimisers explored in the inquiry is introduced. The NSGA-II algorithm
established by Deb et al (2002a) is described, together with three related algorithms based on
decompositions of the NSGA-II selection mechanisms. The single-parent (mutation) and
multi-parent (recombination) variation operators that are combined with selection to form the
complete evolutionary method are also introduced.

Preliminary analysis of the class of optimisation algorithms described in Section 2 is
undertaken in Section 3. Analysis is documented for selection-for-variation and selection-for-
survival mechanisms, together with insights into the behaviour of the variation operators
under special selection conditions. This analysis is helpful in attempting to explain and
understand the observed empirical results of Sections 3, 6, and 7.

The components of the empirical inquiry are detailed in Section 4. The scalable optimisation
task used in simulations is described and discussed, together with performance indicators for
measuring the quality, in terms of proximity and spread, of the generated approximation sets.
An experimental framework, based on components from studies by Laumanns et al (2001)
and Purshouse and Fleming (2002b), is introduced and contrasted to the methodology adopted
in a recent study into many-objective optimisation by Khare et al (2003).
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Experiments in Section 5 and Section 6 are conducted for a fixed population size of 100
individuals. The number of objectives in the optimisation task is varied between 3 and 12.
Section 5 details the results obtained for the optimisation algorithms when combined with the
mutation operator, whilst Section 6 describes results for the algorithms in combination with
the recombination operator. In each section, a synopsis of the fundamental results and
analysis is given, followed by more detailed observations and discussions. Section 7
documents the results for both mutation and recombination when the size of the optimisation
task is fixed at 6 objectives and the population size is allowed to vary between 10 and 1000
individuals.

Section 8 concludes the inquiry with a summary of important findings and suggestions for
essential future work into evolutionary many-objective optimisation.

2 Optimisation algorithms

2.1 Introduction

The evolutionary search mechanism, often described in terms of exploration and exploitation,
employed by the optimisers considered in this inquiry can be summarised by Equation 2.1.

Ple+1]=s, (v[ s, (P[e]) . PL7]) @.1)
where P[¢]is the population at iteration z,

s, is the selection-for-variation operator,

v is the variation operator, and

sy is the selection-for-survival operator.

The selection-for-variation operator, usually known simply as the selection operator, selects
candidate solutions from the current population to form the mating pool. Variation operators
are applied to the solutions in the mating pool to create a set of new candidate solutions.
These new solutions then compete with the population of current solutions in the selection-
for-survival stage to determine the composition of the subsequent population. The selection-
for-survival operator is also known as the population management or reinsertion operator.

The different multi-objective evolutionary optimisers proposed in the literature are generally
categorised by the manner in which selection is performed. One particular broad category of
selection scheme can be represented by the elitist non-dominated sorting genetic algorithm
(NSGA-II) developed by Deb et al (2002a). In the inquiry, NSGA-II is considered at an
abstracted, or component, level to improve the clarity with which underlying algorithm
mechanisms can be identified as being responsible for observed performance. Four algorithms
based on NSGA-fype components are investigated. These deconstructed algorithms are
described in Section 2.2.

Abstracted versions of the NSGA-II algorithm have been chosen to represent a class of
optimisers that use the dominance concept as a primary, relative discriminator between
candidate solutions in the population. Some algorithms within the class also use population
density estimates as a secondary discriminator in cases where the primary comparison fails to
distinguish relative worth. The preservation of previously discovered solutions within the EA
population can also feature in this class.
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The NSGA family has been specifically chosen because it is heavily studied in the literature
and is conceptually very simple. NSGA-II is often regarded as parameter-free, and is used in
such a format in the inquiry, although this is not strictly accurate. This is explained further in
the algorithm discussions below. The family has strong similarities with other algorithms of
its class, such as the multi-objective genetic algorithm (MOGA) family introduced by Fonseca
and Fleming (1993), the strength Pareto evolutionary algorithm (SPEA) family first
described by Zitzler and Thiele (1999), and others. It is strongly argued that generalised
evidence collected for the abstracted NSGA algorithms will be widely applicable across other
algorithms that use similar selection mechanisms.

The different selection schemes considered in the inquiry are described in Section 2.2, and are
related back to the fundamental search mechanism given in Equation 2.1. The variation
operators used in the study are introduced in Section 2.3.

2.2 Selection mechanisms

2.2.1 emol: non-dominated sorting

The fundamental step in the construction of an EMO optimiser is to translate a vector
performance measure (where each element represents a particular objective) into a unary
indicator of absolute or relative worth. All methods in the studied class use the notion of
comparison across a population of solutions to perform this mapping. The original method for
EAs, non-dominated sorting, was suggested by Goldberg (1989). In this layer-based
procedure, the locally non-dominated solutions in the population are identified, are assigned
best rank, and are temporarily removed. The new locally non-dominated solutions in the
remaining population are then identified, assigned next-best rank, and are removed. This
process continues until the population is empty, by which time all solutions have received a
rank (a series of equivalence classes has been defined). A computationally efficient method of
performing the operation was implemented in NSGA-II (Deb ez al, 2002a).

Non-dominated sorting is a common feature across the NSGA family and is used in all
algorithms in the inquiry. Other dominance-based procedures have been suggested, such as
Fonseca and Fleming’s (1993) Pareto-based ranking and Zitzler and Thiele’s (1999)
strength-based approach. Pareto-based ranking assigns the rank of a solution to be the number
of solutions in the population by which it is dominated. This is a more fine-grained approach
than non-dominated sorting. The strength system uses the number of solutions that a
particular solution dominates in addition to the Pareto-based rank to determine a fitness value
for a solution. The granularity of this approach is greater still than Pareto-based ranking.
There is little evidence available to argue that any one of these techniques is superior to any
other under any optimisation conditions. This is because most EMO performance studies,
with the notable exception of the inquiry by Laumanns et al (2001), consider complete
algorithms rather than concentrate on specific components. Studies by Purshouse and Fleming
(2002a) and Bosman and Thirens (2003) found no significant difference in performance
between non-dominated sorting and Pareto-based ranking when solving tasks from the so-
called ZDT test suite (Ziztler et al, 2000).

The selection-for-variation mechanism for emol is a binary tournament. From two solutions
selected at random from the population (with replacement), the solution that is accepted into
the mating pool (the winner) is the one with the lowest non-dominated rank in the partial
ordering defined by the above sorting procedure. In the case of a tie, selection is performed at
random. In the selection-for-survival stage of emol, the new population is composed entirely
of the post-variation (child) solutions.
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2.2.2 emo2: non-dominated sorting and crowding comparison

Some optimisers use population density estimates to discriminate between solutions of the
same dominance-based equivalence class in order to promote diversity of solutions. Diversity
is commonly required in objective-space, although sometimes the explicit promotion of
diversity in decision-space is also appropriate. Deb et al (2002a) proposed a crowding
distance estimator, which computes the average side length of the hypercube formed using
nearest neighbour (NN) values in each objective as the vertices. This operator is described as
parameter-less, but is actually a specific case of k&th NN with k =1.

Boundary conditions for the estimator are handled slightly differently in the inquiry than to
the original specification of Deb et al (2002a). All boundary distances are set to the maximum
distance found rather than infinity to ensure that all estimates are equal for the equilibrium
condition of a perfectly distributed (in the sense defined by the general form of the estimator)
Pareto front.

Various density estimators have been proposed in the context of EMO, all with the aim of
providing sufficient information to bias selection probabilities in favour of solutions from
less-dense areas of objective-space. It is argued that the behaviour of emo2 when compared
to emol will be generally indicative of the effect of introducing any type of explicit diversity-
promoting mechanism. However, it should be noted that the relative effectiveness of the
crowding distance estimator when compared to other estimators has been questioned by some
researchers (Laumanns et al, 2001; Deb ef al, 2003).

A two-step tournament process, formally defined by Deb et al (2002a) as the crowded-
comparison operator, is used at the selection-for-variation stage of emo2. As for emol, the
winner is the solution with the lowest non-dominated rank. In the case of tied rank, the
solution with the lowest density estimate is chosen. If the density estimates are also tied, the
winner is selected at random.

This selection-for-variation mechanism is very similar in spirit to the fine-grained ranking
procedure described by Purshouse and Fleming (2002b) and the modified strength measure in
Zitzler et al’s (2001) SPEA2. These latter schemes also permit the use of proportional
selection since they map the complete partial-ordering to actual fitness values.

At the selection-for-survival stage, the current population is replaced in its entirety by the
child population.

2.2.3 emo3: elitist non-dominated sorting

Elitism refers to the policy of preserving previously-found good solutions in the population of
the EA from one generation to the next. Selection-for-survival techniques of this nature can
offer improved (faster) convergence to near-optimal regions and are also used to develop
asymptotic convergence proofs for MOEAs (Rudolph, 2001; Laumanns et al, 2002).

In emo3 the so-called (u+/) strategy is implemented for selection-for-survival, in which the
new EA population is taken as the best half of the elements from the combined parent (p) and
offspring (A) populations. Best is defined according to the partial ordering obtained from a
non-dominated sorting of the combined (p+A) population. If the cut-off point for the new
population occurs within an equivalence class then solutions are selected at random from this
class.

Given settings for [u| and [A], the (u+A) method is sometimes then regarded as parameter-free,
but the elitism intensity (a form of selective pressure, defined as the probability of selecting a
member of the new population from p) can in fact be varied to control the oft-cited
exploration — exploitation (EE) trade-off (Laumanns et al, 2001). One particular method of
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varying the elitism intensity in the context of NSGA-II is known as controlled elitism (Deb
and Goel, 2001). In this scheme, the number of solutions that can be selected to occupy each
dominance-based equivalence class in the new population is constrained according to some
pre-specified plan. Controlled elitism has been shown to overcome some of the convergence
problems encountered by the standard NSGA-II on multimodal task landscapes, in cases
where variation operators have insufficient exploratory power. In this study, in order to limit
the complexity of the forthcoming analysis, it is assumed that the EE trade-off can be
adequately controlled with fixed elitism intensity. Also, multimodal task landscapes are not
considered.

For emo3, the selection-for-variation method is identical to that described above for emo1l.

2.2.4 emo4: elitist non-dominated sorting and crowding
comparison — NSGA-II

This algorithm combines non-dominated sorting, secondary density-dependent selection-for-
variation via the crowding distance estimator, and an enhanced form of (u+\) elitism to form
the complete NSGA-II algorithm described by Deb er al (2002a). The enhanced (pu+\)
selection-for-survival mechanism discriminates based on new density estimates from the
combined (u+4) population in cases where the cut-off point for the new population lies within
an equivalence class obtained from non-dominated sorting. If the cut-off point still resides
within the finer hierarchy, then selection-for-survival is made at random from this sub-set of
solutions.

2.3 Variation operators

2.3.1 Introduction to variation

Variation refers to the process of making new solutions from current solutions. When
combined with selection, it forms a compelling Darwinian search mechanism that is at the
very heart of the EA heuristic.

In general, within a single variation operation, m current solutions (known as parents) are
used to produce n new solutions (known as children). m = n for most variation operators,
including those considered in the inquiry. An operator is usually classified based on whether
it is single-parent (m = 1) or multi-parent (m > 1).2 Single-parent variations are also known as
mutations, whilst multi-parent variations are called recombination or crossover operators.
Other distinctions between the natures of recombination and mutation can be made, being
often representation-dependent. A discussion of these is beyond the scope of this inquiry.

In the context of the multi-objective performance of a child compared to its parents, a
variation will have one of the following mutually exclusive outcomes:

The child dominates at least one of its parents.
¢ The child is non-dominated with respect to all of its parents.

e The child is equal to at least one of its parents and does not dominate any of its
parents.

e  The child is dominated by at least one of its parents and is non-dominated with
respect to all of its other parents.

* The special case of /m = 0 could be regarded as an operator that creates a new solution from a distribution rather than a set of
exemplars. This is the common method for initialising the EA population.
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In a single-parent setting, from the perspective of evolutionary progress, these outcomes can
be interpreted as success, incomparability, equality, and failure respectively. The multi-parent
situation is more complex (there are 4" distinct outcomes in terms of comparison across all m
parents) and is clouded further by the possible relationships between parents. In the two-
parent case, the above classification of outcomes is sufficient but cannot be strictly interpreted
in the same way as the one-parent situation.

2.3.2 Mutation

Deb and Goyal’s (1996) polynomial mutation operator is used in the inquiry. This variation
operator is popular in real-parameter multi-objective optimisation tasks, and has previously
been used to solve the example problem used in this paper (Deb et al, 2002b; Khare et al,
2003). Variable-wise mutation is performed according to a probability distribution function
centred over the parent value. The operator is defined by Equations 2.2 and 2.3.

e P,-'*‘(P;-—l,-)ﬁsz 1frf.<0..5 22)
p,+(u;— p;)d, otherwise
2r) -1 ifr <05
- (2.3)

1- [2(1 -7 )]l‘l(n”m otherwise

where p; is the parent value for the ith decision variable,
u; and [; are the upper and lower bounds on the ith decision variable,
. 18 a distribution parameter,
r; is a number generated uniformly at random from [0 1], and
c; is the resulting child value for the ith decision variable.

Polynomial mutation has two controllable parameters: (i) the probability of applying mutation
to a chromosome element, p,, and (ii) a mutation distribution parameter, 7,,. The latter
parameter controls the magnitude of the expected mutation of the candidate solution variable.
The normalised variation is likely to be of O(1/#,,). Thus, relatively speaking, small values of
7m should produce large mutations whilst large values of #,, should produce small mutations.

Mutation is applied independently to each element of each candidate solution with probability
Pm- Thus, the probability of mutating a candidate solution of n decision variables is defined as
shown in Equation 2.4.

p(mutate) =1-(1-p, )" (2.4)

2.3.3 Recombination

Deb and Agrawal’s (1995) simulated binary crossover (SBX) operator is also considered in
the inquiry as an alternative to polynomial mutation. Unlike the latter operator, SBX is a two-
parent variation operator that produces two new solutions. SBX has been considered
extensively in previous EMO studies using real-parameter representations (Deb et al, 2002b;
Khare et al, 2003), and is defined in Equations 2.5, 2.6, and 2.7.

¢, =05[(1+8) P+ (1-5) P, | (2.5)

Cai :0-5[(1“‘/’3’1’)]’1.1' +(1+/6i)p2.i:i (2.6)
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where p;; and ps; are the parent values for the ith decision variable,
A 1s a distribution parameter,
r; is a number generated uniformly at random from [0 1], and
c1,; and ¢; are the the resulting child values for the ith decision variable.

SBX generates child values from a probability distribution, with standard deviation derived
from the distance between parent values and a distribution parameter 7.. Distance is the
primary factor in determining the magnitude of the distribution, with larger distances leading
to larger standard deviations. 7, determines the shape of the distribution. To generate child
values for a decision variable, the distribution is centred over each parent and a random value
is generated from the distribution to create one child. The second child is generated
symmetrically to the first child about the mid-point between the parents. The child values for
a decision variable are then exchanged between the complete child solutions with probability
P.- Variation may be introverted (the child values are within the range defined by the parents)
or extroverted (the child values are outside the range defined by the parents). Child values
outside the range of a decision variable are cropped to the nearest feasible value.

SBX is applied to a pair of parent solutions with probability p.. If a uniform recombination
scheme is chosen, in which each individual decision variable is selected for variation
independently of any other (given the fact that variation is to be &pplied to the selected
parents), then the probability of applying recombination to a pair of candidate solutions (each
comprised of n decision variables) can be expressed as shown in Equation 2.8.

p(recombine) = p, [1— (1= ps )u] (2.8)

Dic is the probability of applying variation to a decision variable, given that recombination is
to be applied in general to the complete solution pair. In standard uniform recombination
schemes in the literature, p,. is usually set to 0.5. However, by allowing this probability to
vary and setting p. to unity, the probability of applying two-parent SBX to a solution can be
viewed as equivalent to that expressed for polynomial mutation in Equation 2.4.

3 Preliminary analysis

3.1 Introduction

Preliminary analysis of the selection and variation mechanisms described in Equation 2.1 will
prove helpful when attempting to explain the forthcoming experimental results of Sections 3,
6, and 7. In Section 3.2.1, the conditions when various aspects of the selection-for-variation
(s,) mechanisms of the emo algorithms are likely to be active (or deactive) are described, and
the expected effect of these mechanisms on overall search performance is discussed. Similar
analysis is undertaken in Section 3.2.2 for the selection-for-survival mechanism (s,). Section
3.3 studies the behaviour of a population under the variation operators (v) in the absence of
selective bias. This analysis provides useful information because some settings for variation
configurations can substantially reduce the influence of selection mechanisms over the
population evolution.




3.2 Selection mechanisms

3.2.1 Selection-for-variation

The binary tournament selection process in the emo algorithms makes comparisons of the
following forms between solutions:

A, primary dominance-based comparison (all emo algorithms),
B. secondary density-based comparison (emo2 and emo4).

Considering stage A alone, if the dominance-based equivalence classes are small in relation to
the population size then s, will direct the application of variation operators towards high
quality (from the perspective of the current population) regions of the search space. Actual
progress then depends on the ability of v, given this genetic material, to find superior
solutions. If the equivalence classes are large in relation to the population size (generally
meaning that a single equivalence class has a large membership in the population, which in
practice implies that most of the solutions are locally non-dominated) then s, will tend to
select solutions on a more uniform basis from P[z]. This does not necessarily mean that search
progress will be attenuated, since this still depends on the ability of v to find improved
solutions under these conditions. The rate of improvement (and hence convergence towards
the globally optimal surface) depends on (i) the probability of improvement and (ii) the
expected magnitude of improvement. Note that, in the absence of diversity-promoting
mechanisms, random sampling errors are likely to progressively focus the population on to a
small region of objective-space. This phenomenon is known as genetic drift.

EMO algorithms also seek to obtain a good distribution of solutions to present to the decision-
maker. Stage B of the selection-for-variation operator is one method designed to take account
of this aim. Stage B only has a real impact on the results of s, when many population
members share the same dominance-based equivalence class. Assuming that the locally non-
dominated solutions comprise the largest class, then the probability of stage B being the key
arbiter in a selection decision is approximately equal to the proportion of non-dominated
solutions in the population. When B is active, s, is biased in favour of solutions with low
density estimates. For the crowding distance estimator illustrated in Figure 3.1, noting that
density is the inverse of distance, these solutions are likely to be

e boundary solutions (which are assigned the largest distance found for that
objective in the boundary direction),
other remote solutions, and

e immediate neighbours to remote solutions.

The volume of objective-space increases exponentially as the number of conflicting
objectives is increased linearly. For a finite population in these higher-dimensional spaces
there is more opportunity for a solution to be remote from others, be distant from the global
trade-off surface, and yet still be locally non-dominated. Thus, s, can bias in favour of
solutions that are locally non-dominated but are actually poor in relation to others from the
perspective of the off-line proximity indicator. This could ultimately affect the ability of an
MOEA to discover an approximation set that is of value to the decision-maker, since the set
may be far from Pareto-optimal and lacking in compromise solutions.

If the variation operators have difficulties in producing children that dominate badly
performing parents then MOEA performance can be adversely affected. This problem of
dominance resistant solutions was first identified by Ikeda ez al (2001), in the context of real
number representations and particular real parameter variation operators, for a specific class
of multi-objective functions. Deb et al (2002b) have also encountered this behaviour for the
scalable, real parameter, constraint surface tasks. The authors also identified that, in this




instance, the problem of dominance resistance increased with the dimension of objective-
space.
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Figure 3.1: Crowding distance density estimator

3.2.2 Selection-for-survival

In the non-elitist algorithms (emol and emo2) the children produced by the variation
operators are certain to be included in the new population. Members of the current population
are entirely supplanted by these new solutions. Thus, the only way for the genetic material of
any member of the current population to survive into the next iteration is via selection-for-
variation. In the elitist algorithms (emo3 and emo4) by contrast, members of the current
population have a non-zero probability of being included at the next iteration.

In the elitist schemes, reinsertion into the new population is based on a deterministic
hierarchy formed from comparisons between candidate solutions:

A. primary dominance-based hierarchy (emo3),
B. secondary density-based hierarchy (emo4).

Considering stage A alone, this approach will conserve all locally non-dominated solutions
discovered during the search until the number of such solutions exceeds the population size.
In this latter case, non-dominated solutions will be rejected on a random basis. It is thus
conceivable that this approach can suffer from oscillatory behaviour, in which previously
rejected solutions are rediscovered, due to the absence of an asymptotic convergence
property. This issue has been identified and addressed by Everson et al (2002), Knowles and
Corne (2003b), and Laumanns et al (2002).

Elitism is known to increase the convergence rate of evolutionary algorithms, with a
corresponding increased risk of premature convergence in multimodal cost environments if
mutation search power is insufficient. Increased convergence can also quickly limit the
variability within the genetic material available to the search operators. For multi-parent
operators that make use of the differences between parents to adapt the search magnitude, this
can cause EA search stagnation.
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