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Abstract. We build on recent advances in the design of self-organizing
interaction networks by introducing a sexual variant of an existing asex-
ual, mutation-limited algorithm. Both the asexual and sexual variants
are tested on benchmark optimization problems with varying levels of
problem difficulty, deception, and epistasis. Specifically, we investigate
algorithm performance on Massively Multimodal Deceptive Problems
and NK Landscapes. In the former case, we find that sexual recombi-
nation improves solution quality for all problem instances considered; in
the latter case, sexual recombination is not found to offer any significant
improvement. We conclude that sexual recombination in self-organizing
interaction networks may improve solution quality in problem domains
with deception, and discuss directions for future research.

1 Introduction

Many natural and physical systems can be characterized as networks, where
vertices denote system components and edges denote component interactions.
Recent advances in computational power and the increased availability of large-
scale data sets have provided several novel insights regarding the influence of
network structure on the functionality and vulnerability of these systems [15],
and on the dynamical processes that occur within them [4]. For example, at the
cellular level, the average connectivity of a genetic regulatory network affects
both its ability to discover novel phenotypes and its robustness to perturbation
[3]; at the population level, the spatial localization of interaction events affects
the maintenance of genetic diversity [12,22], the evolution of cooperation [16,10],
and the emergence of altruistic behavior [25].

Inspired by the interaction networks of such complex adaptive systems, recent
advances in cellular evolutionary algorithms have employed heterogeneous inter-
action networks as population structures. The saturation dynamics of advanta-
geous alleles have been investigated in both small-world [7] and scale-free [7,19]
interaction networks, and scale-free population structures have been analyzed in
the context of genetic algorithms for single [6] and multiobjective optimization
problems [13,14], and in evolutionary robotics applications [5].

While such complex population structures bear a closer resemblance to some
natural systems than their lattice-based predecessors [24,23,8], the analogy only
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goes so far. In all of the examples cited above, the interaction network was gen-
erated prior to the evolution of the population, and its structure was held fixed
throughout the evolutionary process. Though this approach provides useful in-
sights regarding the influence of various topological properties on evolutionary
search [19], it is a gross oversimplification of the interaction networks of natural
systems, which are both dynamic and self-organizing. To date, only two studies
have attempted to incorporate these salient features of biological systems into
cellular evolutionary algorithms [2,26]. In [2], the global ratio of the horizontal
and vertical dimensions of a two-dimensional lattice population structure was
adaptively altered via a feedback loop with the evolutionary dynamics of the
population, offering significant performance improvements over static lattice-
based interaction networks. However, the local neighborhood structure of the
interaction network was assumed a priori and held constant throughout the
run and the global population structure was assumed to be regular. In con-
trast, the algorithm presented in [26] is not only dynamic, but also allows for
the self-organization of irregular local neighborhood structures and the emer-
gence of global network properties similar to the complex adaptive systems from
which nature-based optimization algorithms draw their inspiration. The results
of [26] demonstrate that mutation-limited genetic algorithms structured on such
self-organizing interaction networks improve both diversity maintenance and so-
lution quality over panmictic and lattice-based population structures, in specific
problem domains.

Here, we extend the algorithm presented in [26] to include sexual recombi-
nation, a variation operator that is integral to the exploration phase of evolu-
tionary search. We compare the asexual and sexual variants of this algorithm
on benchmark optimization problems with varying levels of problem difficulty,
multimodality, and epistasis.

2 Methods

2.1 Self-Organizing Interaction Networks

The details of the asexual variant of the self-organizing interaction networks
considered in this study are provided in [26]. For completeness, we provide a
high-level overview of this algorithm here.

The interaction network is initialized as a ring of M vertices, where each vertex
connects to its two nearest neighbors. A population of size M is then randomly
initialized, and each individual is placed in its own vertex. Since vertices are
always occupied by a single individual, the terms vertex and individual will be
used interchangeably.

The coupled evolution of the population and the interaction network is broken
into two phases per generation. In the first phase, M parents are selected to
produce offspring, each of which is placed in a new vertex. This results in a
network with 2M vertices. An offspring vertex connects to its parent vertex, and
inherits each of its parent’s edges with probability padd. If an offspring inherits
an edge from its parent, then the parent loses that edge with probability premove.
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Since offspring connect to their parents, and a parent can only lose an edge if its
offspring gains that edge, it is guaranteed that the network will remain connected
(i.e., a finite path exists between all vertices). Parents are selected with uniform
probability from the population, with replacement. Thus, parent selection does
not depend on fitness. Offspring faithfully inherit the parental genotype, subject
to mutation.

In the second phase, selection pares the interaction network back down to M
vertices, as follows. A vertex is selected at random with uniform probability from
the population. This vertex then competes with its lowest-fitness neighbor. Of
this pair, the lower fitness vertex is removed from the network and the higher
fitness vertex inherits all of its links. Since the individual with the highest fit-
ness cannot lose one of these competitions, elitism is implicitly included in this
framework.

A key insight of [26] is that the fitness of a vertex should be considered in
the context of its local neighborhood. To do this, each individual is given a
rank r based on how its raw fitness f compares with the raw fitnesses of its d
neighbors. A rank of r = 0 denotes the best individual in a neighborhood and a
rank of r = d denotes the worst. Based on the individual’s rank r, it is assigned
a contextual fitness f ′ according to

f ′ =
d − r

d
, (1)

which is used in all competition events. After an individual is removed from the
network, the contextual fitnesses of all its neighbors are reevaluated.

These two phases are repeated for a specified number of generations. Each
vertex addition and removal transforms the network away from its original ho-
mogeneous form to something more closely resembling the topologies of complex,
natural systems [26] (Fig. 1).

2.2 Sexual Recombination

Here, we propose a simple extension of the asexual reproduction phase considered
in [26]. When a vertex i is chosen for reproduction, a mate j is subsequently
selected at random from the neighborhood of vertex i. A recombination operator
is then applied to the individuals situated in vertices i and j to form an offspring
in vertex z, which attaches to i and inherits i’s links in the same manner as the
asexual variant.

2.3 Benchmark Problems

In this section, we briefly describe the two benchmark optimization problems
used in this study. These problems were chosen because they possess impor-
tant characteristics of real optimization tasks, such as multimodality, deception,
and epistasis, and allow for a tunable degree of problem difficulty. Due to space
constraints, we limit our description of these problems to their defining char-
acteristics and the details needed to replicate our experiments. The interested
reader should refer to [2,11] for more details.
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Fig. 1. Visualization of the evolutionary dynamics of self-organizing interaction net-
works. The network is initialized as a ring and the vertex addition and removal events
of subsequent generations (g) transform the network into a heterogenous form. For
visual clarity, these networks are deliberately smaller than any used in the experiments
(M = 30 vertices). These networks were generated by evolving a population on NK
landscapes with N = 30 and K = 2 (see Section 2.3).

Massively Multimodal Deceptive Problems. Massively multimodal de-
ceptive problems [2,9] consist of k concatenated subproblems, each with two
global optima and a single deceptive suboptimum. The subproblems are six bits
long, and the fitness contribution of each subproblem depends on the unita-
tion of the bits. Specifically, the unitation is used as an index into the vector
〈1.00, 0.00, 0.36, 0.64, 0.36, 0.00, 1.00〉. Thus, the global optima of each subprob-
lem are at maximum hamming distance from one another (at a unitation of zero
and six) and provide a fitness contribution of one. The deceptive suboptimum
provides a fitness contribution of 0.64 and is located at a unitation of three.
Maximum fitness is k, which we normalize to a maximum of 1.

NK Landscapes. NK landscapes are abstract models of fitness surfaces [11].
Each of the N bits in a binary string epistatically interact with K neighboring
bits to provide a fitness contribution. These contributions are in the range (0, 1)
and are extracted from a randomly generated look-up table with 2K+1 entries
for each of the N bits. The ruggedness of the fitness surface increases with the
number of interacting bits K. Fitness is defined as the arithmetic mean of the
N fitness contributions.
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2.4 Experimental Design

To be consistent with [26], we use a population size of M = 100, a mutation rate
of 1/N (where N is the length of the binary string), and padd = premove = 0.1.
We use bit-flip mutation and, in the sexual case, one-point crossover (in addition
to mutation). For the MMDP, we consider 20 ≤ k ≤ 640 and allow evolution
to proceed for 1000 generations. (Preliminary experimentation with maximum
generation time indicated that 1000 generations was sufficient for population
convergence to occur, for all values of k considered.) For each problem instance,
we perform 500 independent replications, where the asexual and sexual variants
are seeded with the same initial populations. For the NK landscapes, we consider
N = 30 and 2 ≤ K ≤ 14, and allow the population to evolve for 5000 generations,
consistent with [26]. For each value of K, we randomly generate 500 problem
instances. For each problem instance, we generate a random initial population
and use it to seed both algorithm variants. This experimental design allows for
a paired statistical comparison of all results.

3 Results

3.1 Massively Multimodal Deceptive Problems

For all instances of the MMDP considered, the asexual and sexual algorithm
variants both converged on suboptimal, deceptive solutions. However, the sexual
variant always found higher fitness solutions. For example, in Fig. 2a, we depict
the average best fitness of the two algorithm variants on a representative MMDP
instance, with k = 80. In this case, the average best solution found by the asexual
variant had a fitness of 0.687 (±0.0004 s.e.), whereas the average best solution
found by the sexual variant had a fitness of 0.717 (±0.0005 s.e.).

This trend was consistent across all MMDP instances. In Fig. 3, we depict the
fitness of the best solutions found at the end of each replication as a function
of problem difficulty, for the asexual (A) and sexual (S) algorithm variants. The
average best fitness of the sexual variant was always significantly higher than
the average best fitness of its asexual counterpart (p < 0.05, paired t-test). As
problem difficulty increased, the average best fitness found by both algorithm
variants decreased (Fig. 3), an expected result given that the population size
was held constant for all experiments.

3.2 NK Landscapes

In Fig. 4, we compare the fitness of the best solutions found by the asexual (A)
and sexual (S) algorithms on NK landscapes with N = 30 and varying levels
of epistasis (K). For both algorithm variants, the fitness of the best solutions
varied non-monotonically with K, such that the highest fitness was observed for
6 ≤ K ≤ 8. For all values of K, the distributions of best fitness were statistically
indistinguishable between the two algorithms (p > 0.05, paired t-test).
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Fig. 2. Best raw fitness per generation of the sexual and asexual algorithm variants on
the (a) MMDP (k = 80) and (b) NK (N = 30, K = 10) test problems. Data points
are the average of all replications, and error bars denote standard error. (In (a) the
error bars are smaller than the symbol size.) The data are deliberately offset in the
horizontal dimension for visual clarity.

As an illustrative example, we depict in Fig. 2b the fitness of the best solutions
found by the two algorithms as a function of generation number, for a represen-
tative case of intermediate epistasis (K = 10). On these problem instances, the
best solutions found by both algorithm variants had an average fitness of 0.770
(±0.004 s.e.).

4 Discussion

In this study, we have demonstrated that including sexual recombination in self-
organizing interaction networks can improve solution quality in some problem
domains. In a direct comparison between an asexual, mutation-limited algorithm
[26] and a sexual, recombinative variant, we found that the sexual variant dis-
covered higher quality solutions when the problem instance was deceptive, but
offered no advantage when the problem instance was epistatic.

Our results on NK landscapes contrast those observed with panmictic genetic
algorithms [1], where recombination was shown to offer an advantage over a
mutation-limited variant for intermediate levels of epistasis (12 < K < 32 for NK
landscapes with N = 96). We found that the asexual and sexual variants produced
statistically indistinguishable results for all values of K considered. This result fol-
lows from the fact that both the ruggedness of a fitness landscape and the fitness
difference between peaks and valleys increases monotonically with K [17]. Thus,
not only is recombination more likely to produce offspring in maladaptive fitness
valleys as K increases, but the sheer depth of these valleys acts to preclude any
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Fig. 3. Best raw fitness after 1000 generations for various MMDP problem sizes (k),
using the asexual (A) and sexual (S) algorithm variants. The sexual variant produced
significantly higher quality solutions in all cases (p < 0.05, paired t-test).

possibility of mutational escape. While such maladaptive movements in genome-
space are often considered prerequisites for adaptive peak shifts in epistatic fitness
landscapes [17], they were not found to offer any advantage here.

The coupling of population dynamics and population structure [26] makes
these self-organizing interaction networks unique among those employed in cel-
lular evolutionary algorithms, and allows for better diversity maintenance than
static, lattice-based interaction networks [26]. An analysis of several structral
properties of the interaction networks evolved in this study, including charac-
teristic path length, clustering coeffecient, degree distribution, and assortativ-
ity, did not reveal any significant difference between the asexual and sexual
cases. Further, we did not find any relationship between the structure of the
evolved interaction networks and the underlying problem domain or its corre-
sponding difficulty. Future work will seek to investigate the relationship between
the topological characteristics of self-organizing interaction networks and the
population-level distribution of genetic information, in order to better under-
stand how diversity is maintained in both the asexual and sexual cases. This
will complement previous analyses of population distributions in static, regular
interaction networks [20].

Self-organizing population structures offer the potential to improve the effi-
cacy of evolutionary search, and better mimic some of the features of complex
biological systems. However, several important aspects of natural interaction
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Fig. 4. Best raw fitness after 5000 generations as a function of the degree of epistasis K
in NK landscapes with N = 30 for the asexual (A) and sexual (S) algorithm variants.
Solution quality was statistically indistinguishable between the asexual and sexual
algorithm variants (p > 0.05, paired t-test).

networks are not included in this framework. In biotic populations, individuals
often choose their own social ties, as opposed to inheriting them from their par-
ents, as was the case here. This ‘active linking’ has offered novel insights into
such pertinent topics as the evolution of cooperation, in both theoretical [18] and
experimental settings [21]. We believe that allowing individuals to strengthen (or
weaken) their ties with competitors or mating partners may further improve the
search capabilities of cellular evolutionary algorithms that employ self-organizing
interaction networks. Current research is directed along these lines.
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