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Abstract

Espinosa-Soto and Wagner (2010) introduced a domain with
weak assumptions on biology and environment, where mod-
ular structures emerge under simple evolutionary processes.

We found a number of anomalous behaviours: modularity
emerged in this domain, but could not dominate populations
as observed in biology. Highly fit, modular solutions exist in
the search space, can be readily found by a simple determin-
istic procedure (and presumably could dominate populations
if found), but evolutionary search never found them, despite
mutation biases that appear to favour those solutions. More-
over, emergence of modularity was promoted by stochastic
dynamicity in the fitness function: a stochastic but fixed fit-
ness function generated much less modular solutions.

Introduction
Adaptability is an essential property of both biological and
artificial evolutionary systems (Yang et al., 2013). Biolog-
ical organisms have already evolved it through modular-
ity (Gerhart and Kirschner, 2007), giving hope for artificial
systems to also generate modular, adaptable systems (Pfeifer
and Scheier, 2001).

Lack of modularity is a key factor limiting scaling of arti-
ficial biological systems to higher complexity (Kashtan and
Alon, 2005; Pfeifer and Bongard, 2006). Artificial neural
networks are usually densely connected (Jain et al., 1996),
where brains have modules taking different responsibilities
– hippocampus for novel situations, amygdala for emotional
controls (Coward, 2013). Thus it is important to under-
stand the conditions under which modularity spontaneously
emerged through biological evolution. Engineers may lever-
age them to generate modular systems, while understanding
may help to winnow the evolutionary theories of biology.

Formally, modularity is the division of structures or func-
tions into sub-units that perform autonomously (Schlosser
and Wagner, 2004). A module is a group of elements which
associate preferentially within the group (Newman, 2006;
Espinosa-Soto and Wagner, 2010). Many biological activ-
ities and structures can be modeled as networks – animal
brains, signaling pathways, etc. (Barabasi and Oltvai, 2004).

A modular network can be partitioned into highly con-
nected components, with only sparse connections between
them (Freeman, 1977; Clune et al., 2013). Elements within
a module preferentially undertake coherent functions inde-
pendent of outside elements (Espinosa-Soto and Wagner,
2010; Larson et al., 2016). Such modules appear everywhere
in biology (Coward, 2013), at multiple levels of organi-
sation (Espinosa-Soto and Wagner, 2010; Coward, 2013).
Modularity can promote the evolvability of organisms, i.e.
the ability to rapidly adapt to novel environments (Pigli-
ucci, 2008). Modular networks allow changes in one mod-
ule without disturbing others; and modular structures can be
reused and recombined to perform new functions (Espinosa-
Soto and Wagner, 2010; Wagner and Altenberg, 1996).

Despite decades of research into modularity (Wagner
et al., 2007), there is no consensus on its biological ori-
gin (Wagner and Mezey, 2004; Espinosa-Soto and Wag-
ner, 2010). Three theories stand out, as their precondi-
tions may commonly arise in nature (Wagner et al., 2007):
modularly-varying evolutionary goals (Kashtan and Alon,
2005), biological parsimony pressures (Clune et al., 2013),
and specialisations in gene activity patterns (Espinosa-Soto
and Wagner, 2010). In the first, modular changes in en-
vironments generate an impetus toward modularity (Kash-
tan and Alon, 2005). Organisms whose environmental sub-
components change repeatedly show more modularity than
those from stable environments (Parter et al., 2007). Fluc-
tuations are omnipresent in real environments (Espinosa-
Soto and Wagner, 2010; Yachi and Loreau, 1999). How-
ever it is unclear to what extent these fluctuations are mod-
ular (Espinosa-Soto and Wagner, 2010). While links in net-
works often incur costs, as Clune et al. assert, it is less clear
that the cost is so uniform across the many forms of biolog-
ical networks as to fully account for modularity’s ubiquity.

Gene regulatory networks (GRNs) commonly regulate to
preserve specific gene activation patterns against external
disturbance – the target pattern may differ over time or lo-
cation (Jones and Taylor, 1980). Espinosa-Soto and Wag-
ner (2010) suggested this may promote modularity, and de-
fined a GRN abstraction to test it. In the model, there
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was initially a single target; over evolutionary time, ad-
ditional modularly-structured targets were added. They
used a mutation-only (crossover-free) evolutionary algo-
rithm. Modularity was observed to emerge, though in con-
trast to biological systems, it was not seen to dominate pop-
ulations. Subsequently, this work was extended by Larson
et al. (2016), who examined the effects of different recombi-
nation mechanisms. Among other results, they first demon-
strated an evolutionary impact from crossover hotspots, a
phenomenon in which we were already interested.

We originally intended to extend this work, concentrat-
ing on two widespread biological phenomena, diploidy and
crossover hotspots. To establish a baseline, we experi-
mented with variants of standard genetic algorithms, yield-
ing anomalous and difficult-to-explain results. This paper
details some further results of our explorations, revealing
further anomalies and leading to deep questions about our
intuitions on both the structure of this problem, and biologi-
cal evolutionary landscapes in general.

Methods
We use genetic algorithms as our evolutionary simulation
tools. The GRN domain was originally proposed by Wag-
ner (1996) and customised by Espinosa-Soto and Wagner
(2010) and Larson et al. (2016). All simulation code was
implemented in Java 1.8.0 and Python 2.7.10. Modularity
was evaluated using the NetworkX package with the com-
munity API (Hagberg et al., 2008).

Model
Cells in an organism display heterogeneity in functionali-
ties and morphologies, yet generally contain the same genes.
This heterogeneity primarily arises from differing gene ex-
pression profiles resulting from differing gene-gene regula-
tion (repression or activation). Cells interpret the same ge-
netic material in different ways so that their behaviors and
structures vary. These distinct interpretations are due to reg-
ulation, among other mechanisms via the activation and re-
pression of genes by other genes, Such a GRN may be ab-
stracted as a weighted directed graph with the weights lim-
ited to +1 (activation) and -1 (repression) (Wagner, 1996).

We used the Espinosa-Soto and Wagner (2010) represen-
tation: a GRN with N genes is represented as an N2 adja-
cency matrix A = aji with aji ∈ {−1, 0, 1} with 0 repre-
senting independence of gene i from gene j. The gene activ-
ity pattern of this network at time t is a Boolean row vector
st = [s0

t , ..., s
N−1
t ]. Gene i can either be active (sit = 1) or

inactive (sit = −1). The state transition is modeled by:

st+1 = σ[
N∑

j=1

ajis
j
t ] (1)

where σ(x) equals 1 if x > 0 and -1 otherwise. For a more
detailed explanation and justification of the model, please

refer to the above paper.

Fitness
Biological GRNs are commonly able to maintain specific
activation states in cells in the face of random external per-
turbations (Aderem, 2005). The abstraction by Espinosa-
Soto and Wagner (2010) generated a set of P perturbations
of the target, with each gene having 0.15 probability of mu-
tating to the opposite state (they used P = 500, Larson et al.
(2016) used P = 300). The GRN was recursively applied
to each perturbation. Preliminary experiments indicated that
it normally took fewer than 20 transitions to reach an attrac-
tor (Wagner, 1996). In that case, the Hamming Distance
D between attractor and target state was returned; other-
wise the maximum possible Hamming distance Dmax was
returned. In either case, the value γi = (1−D/Dmax)5 was
computed for each perturbation i, with 1 ≤ i ≤ P . Finally,
the mean value γ̄ over all γi was used to compute the fitness
of the GRN g over a particular target t as:

ft(g) = 1− e−3γ̄ (2)

This process, of randomly sampling a set of perturbations
of the target, and evaluating the GRN’s ability to robustly
return them to the target, was repeated each generation.

In stage one, the system evolved to regulate only the first
target state. Subsequently, the fitness function rewarded reg-
ulation of newly introduced states, while maintaining pres-
sure to regulate earlier ones, computing the overall fitness
f(g) as the arithmetic mean of ft(g) over all targets t.

We followed the strategy of Espinosa-Soto and Wagner
(2010) (please see their paper for fuller detail), using only
two targets: evolving for 500 generations with one target,
then adding the second for a further 1500 generations. We
based our choice of the number of perturbations (75) on a
trade-off between the observation of Totten (2015) that 75–
100 perturbations are sufficient for emergence of modularity,
and the practical need to minimise runtime.

Larson et al. (2016) applied a different approach to evalu-
ating the fitness of networks, by sampling a static (but larger)
set of perturbations at the beginning of each run, and using
this same set of perturbed targets whenever network fitness
was calculated. This method has important computational
cost advantages, since the fitness value of a given GRN on a
given target remains fixed from generation to generation, so
that cacheing and hashing methods can be used to give sub-
stantial speedups However it converts the original stochas-
tically dynamic fitness evaluation into a static, deterministic
one. This has potential implications for search.

Evolutionary Simulations
Espinosa-Soto and Wagner (2010) imposed a mutation bias
towards networks with a relatively low link density. A node
u in the network has a probability µ = 0.05 to mutate every
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generation; if it does, it either loses or gains an interaction.
The probability for u to lose an interaction is:

p(u) =
4ru

4ru +N − ru
(3)

where N is the number of genes in the target activation pat-
tern, and ru is the number of regulators of gene u (Espinosa-
Soto and Wagner, 2010), i.e. the number of incoming edges.
The probability an interaction is 1 − p(u). This bias acts
to preserve the sparseness of the network, which computa-
tional biology research suggests is necessary for modularity
to emerge.

(a) A modular example (b) A non-modular example

Figure 1: Modular and Non-modular networks. Different
node colors represent distinct modules (based on the

modular changes in target values). Green/red edges mean
activation/repression.

Espinosa-Soto and Wagner (2010) defined modules as
components of targets that followed similar activation his-
tories. In the most-used example, with two targets of length
ten, the activations of the first five locations in both targets
were identical, while the activations of the second five were
inverted between the targets. Thus the modules treated as
the connected components in the GRN involving nodes 1–5
and nodes 6–10. Figure 1 shows typical examples.1

Espinosa-Soto and Wagner (2010) used no crossover;
Larson et al. (2016) used horizontal crossover, exchanging
blocks of rows: when matrices A1 and A2 cross over at in-
dex i, the sub-matrices A1[0 : i−1, :] and A2[0 : i−1, :] re-
main unchanged, while the remainders are exchanged. How-
ever it ignores the diagonal symmetry of modules (if aij
is in a module, then so is aji). We defined a ‘diagonal
crossover’ using a diagonally symmetric interchange: given
a random crossover point [i, i], we preserve the sub-matrices
A1[0 : i − 1, 0 : i − 1] and A1[i : 9, i : 9] (and also for
A2), while exchanging the rest. Compared with horizontal
crossover, as Figure 2 illustrates, this should better preserve
community structure.

1These color conventions are used throughout this paper. While
color in the images conveys additional information, the key distinc-
tions are still observable in black and white.

(a) Parental network 1. (b) Parental network 2.

(c) Child network 1. (d) Child network 2.

Figure 2: Illustration of diagonal crossover

Modularity Metric
In most of this paper, we used the Q modularity metric de-
fined in Newman and Girvan (2004). This measures whether
there are more inter-module edges than would be expected
from the total number of edges. Formally:

Q =

K∑

i

[
li
L
− (

di
2L

)2] (4)

Q falls in the range [− 1
2 , 1), the upper bound depending

on the number of modules ( 1
2 for two, 3

4 for three).

Preliminary Experiments:
Modularity Surprises

Figure 3: Modularity decreased after target change (marked
by the vertical line).
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Our baseline-setting experiments, using a standard ge-
netic algorithm with an elite of 10 and tournaments of size 3,
revealed surprising differences in the emergence of modular-
ity from the results of Espinosa-Soto and Wagner (2010) and
Larson et al. (2016). Recall that in their experiments, overall
modularity increased after a second target was added to the
fitness function. In our initial experiments (using the Lou-
vain metric (Blondel et al., 2008) rather than the Q metric we
use elsewhere), we instead observed a decrease immediately
following the addition of the second target, with the over-
all modularity eventually stabilising to a level substantially
below that of the first phase (see Figure 3).

Our settings differed from the previous work in the fol-
lowing ways:

1. Use of crossover (difference from the former only)

2. Tournament instead of proportional selection

3. Incorporation of elitism

4. Omission of the age–fitness Pareto mechanism (difference
from the latter only, (Bongard, 2017))

5. Use of the Louvain metric

Of these differences, item 1 seems unlikely to explain our
result since Larson et al. also used crossover, while items 3
and 4 both increase the relative eagerness of our search. The
Louvain and Q metrics measure closely related properties,
so seemed unlikely to be the cause. Item 2 is more complex,
since a tournament of size 3 exerts relatively weak selection
pressure, but the relative pressure of tournament and propor-
tional selection varies with the stage of the algorithm. Pro-
portional selection depends on relative differences in fitness,
so it typically exerts fairly strong pressure in early stages
of search, but as the population fitness converges and dif-
ferences reduce, pressure weakens; by contrast, tournament
selection, being dependent only on fitness rank order, exerts
a relatively constant selection pressure throughout. In par-
ticular, when populations are relatively converged (as at the
time of the target switch), we would expect even relatively
small tournaments to be more selective than proportional.

Based on the above, we decided to test the joint effects of
elitism and tournament selection. The results bore out this
hypothesis: the same algorithm and settings, with elitism
eliminated and proportional substituted for tournament se-
lection, led to the emergence of modularity, see Figure 4.

Experiment Settings
Tables 1 and 2 show the gene activity patterns and the es-
sential parameters of our evolutionary simulations. Unless
otherwise specified, all experiments used the stochastic fit-
ness evaluation of Espinosa-Soto and Wagner (2010). The
only parameters that varied from the tables are the selection

Figure 4: Without elitism, modularity increased after target
change (marked by the vertical line).

Table 1: Gene Activity Patterns
1

Target Pattern Generation where
Pattern is added

+1 -1 +1 -1 +1 -1 +1 -1 +1
-1

0

+1 -1 +1 -1 +1 +1 -1 +1 -1
+1

500

type (tournament) and size, and the elite size. The detailed
explanations of these parameters are given in Table 3.

The evaluation metrics for experiments are the eventual
fitness values and Q scores from the last generation. All are
significance tested using Wilcoxon’s Signed-Rank Test.

Experiments and Results
Diagonal Crossover Promotes Modularity
We ran trials comparing horizontal, diagonal and no
crossover, in all cases without elitism. As Tables 4 and
5 show, diagonal crossover generated significantly higher
fitness and Q score than horizontal crossover, which in
turn generated significantly higher Q score, though non-
significantly lower fitness, than absence of crossover.

This Boolean model was proposed in Wagner (1996), who
showed that random recombination made no difference to
evolution of stability. Our experiments suggest that more
structured forms of recombination (which occur in biology)
can contribute to evolvability. Diagonal crossover can pre-
serve underlying network modules. Although horizontal
crossover did not preserve community structures as well as
diagonal, its partitioning is still based on a modular struc-
ture, and thus partially preserves modularity.

Greediness Reduces Modularity
Elitism Reduces Modularity
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Table 2: Parameters of the Evolutionary Simulations

Edge Size Number of
Perturbations

Per-location
Perturbation
Rate

20 75 0.15

Mutation Rate Population Size Selection Type

0.05 100 Proportional

Reproduction
Rate

Maximum
Generation

Elite Size

0.9 2000 0 or 10

Trials per
Treatment

Significance
Test

40 Wilcoxon
Signed Rank

Elitism increases greediness of search by deterministially
retaining the fittest individuals. We compared an elite of 10
with no elite, finding significantly lower fitness and modu-
larity in the former case (Tables 6 and 7).

Comparing Best Fitness and Modularity between Pro-
portional Selection and Tournaments of Various Sizes
Tables 8 shows final generation best fitness increased with
decreasing tournament size, with proportional selection
falling between tournaments of sizes 2 and 3, though none
of these differences reached significance (Table 9). Mod-
ularity showed a similar pattern, although with proportional
selection yielding lower modularity than tournaments of size
3; however only the differences with tournaments of size 10
were significant.

Further Analysis and Discussion
Emergence rather than Dominance

Modularity in biological networks is remarkably robust; spe-
cific GRN modules cross not merely species boundaries,
but are shared across kingdoms, having survived billions of
years. They do not merely appear in populations, they are
generally common to all individuals in a species (Schlosser
and Wagner, 2004). By contrast, modularity in this prob-
lem domain is a delicate flower. It does not appear at all
if selection pressure is strong, and its emergence is heavily
dependent on evolutionary details; not merely the dynamic
fitness variation emphasised in the problem definition, but
the details of whether stochasticity in the fitness evaluation
is static or dynamic (see below).

What should we make of this? One possible reaction is to
follow Clune et al. (2013) and ascribe biological modular-
ity emergence to direct linkage costs, so that further inquiry
is unnecessary. However our further confirmation that this

Table 3: Explanations of simulation parameters

Target
Patterns

patterns that are perturbed, and to-
wards which gene regulatory net-
works evolve

Target Addition
Generations

the generations where new targets are
introduced

Edge Size the initial number of edges in the gene
regulatory network

Perturbation
Number

the number of perturbed versions of
each gene activity pattern

Perturbation
Rate

the expected proportion of corrupted
genes in a pattern

Mutation Rate the probability of a GRN node to gain
or lose an interaction

Population Size the number of individuals in the pop-
ulation

Selection Type the type of selection used, and where
tournament, the size of the tourna-
ment

Reproduction
Rate

the proportion of the population re-
produced without change, vacancies
being filled by the selection mecha-
nism

Maximum gen-
eration

the generation when the simulation
will terminate

Table 4: Final Generation Best Fitness and Q Score with
No, Horizontal and Diagonal Crossover

No
Crossover

Horizontal Diagonal

Fitness 0.9476 0.9446 0.9488

Q Score 0.1961 0.2919 0.3386

domain does promote the emergence of modularity, albeit
somewhat fitfully, deserves further investigation.

We looked more deeply at the diagonal crossover data of
Table 4; we assumed that the data might reflect some fit-
ness advantage from modularity (i.e. that over many runs,
fit but highly modular individuals might be fitter than their
non-modular cousins). So from each diagonal crossover run,
we collected the fittest individuals among those that had the
highest modularity value, and conversely, the least modular
among those that had the highest fitness. Averaged over all
runs, the latter were fitter than the former (Table 10) – the
less modular networks could more robustly recover the un-
perturbed pattern. Thus the failure of the modular networks
to dominate was less surprising: they could not do so be-
cause fitter, non-modular ones would take over.

We wondered whether this could arise from insufficient
complexity in the targeted gene activity patterns. The num-
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Table 5: Wilcoxon Ranked Sign Values for Table 4

Fitness P Q Score P

No < Horz 1.7090e-6
Horz ≤ No 0.0882

Horz < Diag 0.0006 0.0019

Table 6: Final Generation Best Fitness and Q Score with
and without Elites

No Elite Elite Size 10

Fitness 0.9488 0.9472

Q Score 0.3386 0.2735

ber of genes in patterns might be too simple, or the number
of targets might be too few, to reflect natural environments.
Perhaps modular networks might give great performance on
complex tasks, but worse than non-modular ones for sim-
ple tasks. Using the basic set-up of subsection ‘Diagonal
Crossover Promotes Modularity’, we ran more complicated
evolutionary simulations using patterns comprising 15 nodes
and three sub-patterns (for which the maximum modular-
ity score is 0.75, rather than the 0.5 for two sub-patterns),
encountering a sequence of seven different targets. Evolu-
tion was extended to 35,000 generations and during the final
epoch from (26000 → 35000) generations, it was evolving
to robustly recover all seven targets. We repeated the pre-
ceding analysis; the results in Table 11 resemble those of Ta-
ble 10. Overall, the number and complexity of targets could
not resolve the issue: less modular networks still recovered
the target more robustly than more modular networks. How-
ever the differences in modularity were smaller, suggesting
that modularity dominance might emerge with sufficiently
complex problems – perhaps beyond the bounds of compu-
tational feasibility with current techniques.

Are Inter-Module Edges Critical to High Fitness?
Finally convinced that inter-module edges were essential to
robust target recovery, we decided to validate this by an ex-
treme meaure. From the 40 runs in the first experiment
of this section, we extracted the least modular individuals
among those having the maximum fitness value found in
the run, yielding 40 fairly non-modular but highly fit indi-
viduals. We then simply removed all inter-module edges.
Naturally the resulting networks were perfectly modular, but
we expected them to be highly unfit. This expectation was
borne out in 16 cases. But in the majority (24) this crude

Table 7: Wilcoxon Ranked Sign Values for Table 6

Fitness P Q Score P

Elite 10 < No Elites 0.0003 0.0022

Table 8: Final Generation Best Fitness and Q Score for
Proportional Selection and Different Sized Tournaments

Proport Tourn
Size 2

Tourn
Size 3

Tourn
Size 10

Fitness 0.9488 0.9404 0.9404 0.9371

Q Score 0.3386 0.3697 0.3623 0.2783

Table 9: Wilcoxon Ranked Sign Values for Table 8

Fitness P Q Score P

Proportional > Tourn Size 2 0.7401 0.0467

Tourn Size 3 < Size 2 0.9313 0.7881

Tourn Size 10 < Size 3 0.0164 0.0015

Tourn Size 10 < Propor-
tional

0.0227 0.0054

operation resulted in an increase in fitness. Figure 5 shows
a real example of this process. The ’Before removal’ GRN
had a fitness of 0.9472. After removing ≈20% of its edges
to make it completely modular, its fitness rose to 0.9502. So
the inter-modular edges were not merely inessential to the
GRN’s fitness, they were an impediment. Which leaves the
question: since the resulting completely modular, very high
fitness solutions were available to the search algorithm, why
could it not find them?

Originally, we suspected this anomaly might result from
the lower edge density of the ’after removing’ networks –
perhaps they were too much below the edge density targeted
by the biased mutation operator, so that this soft constraint
eliminated them from search. Further investigation revealed
that on average, they still retained approximately 30 edges,
which is above the targeted density of the mutation operator
(equation 3), so far from being difficult to reach, the biased
mutation operator favored moving toward them.2

In order to further understand this phenomenon, that

2We found this result so surprising that we suspected a bug in
our implementation of the mutation bias. We turned off selection
completely, giving every individual the same fitness. The average
size stabilised at a little over 22 edges (because of asymmetry in the
mutation distribution - a GRN must have at least zero edges, but has
a finite probability of more than 40 - a small deviation above the
mutation target of 20 is unsurprising).

Table 10: Modularity dominance for data underlying
Table 4

Generation
Range

Modularity Fitness

(500, 2000) 0.5000 0.9482

0.1736 0.9502
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Table 11: Modularity dominance for extended runs from
more complex environments

Generation
Range

Modularity Fitness

(26000, 35000) 0.5506 0.9100

0.4151 0.9419

(a) Before removal (b) After removal

Figure 5: Illustration of inter-module connection removal.

our evolutionary simulations could not find a path to the
trimmed networks, we recorded all fitness values that could
be obtained by removing one inter-module edge in turn, until
all have been deleted, and plotted them as graphs. Figure 6 is
typical. We could usually see a steadily improving fitness as
edges were deleted, along a path that was favored by the bi-
ased mutation operator, yet our genetic algorithm could not
find these paths.

Fitness and Modularity benefit from Dynamic
Fitness Evaluation
One important difference between the work of Larson et al.
(2016) and of Espinosa-Soto and Wagner (2010) is the for-
mer’s sampling perturbations only once across a run. Thus
there is a single change in the fitness function (the changed
target after generation 500), while for the latter, the chang-
ing perturbation sample varies the fitness evaluation every
generation. Preliminary experiments had already shown that
static fitness evaluation substantially decreased both ulti-
mate fitness and modularity (Qin et al., 2018); we decided to
try to improve the performance of the static version by lim-
iting diagonal crossover to location [5, 5] (i.e. the module
boundary) – remarkably unsuccessfully, as lines 1 and 3 of
Table 12 show. Unlike the fitness difference, the modularity
difference was highly significant (p = 2.6879 ∗ 10−5).

To further understand this phenomenon, we collected
the gene regulatory networks of the final generation, and
mutated each network 499 times to generate neighbours.
We measured the fitness values of these neighbours with
the target perturbations from this generation, and deter-
mined their maximum. In this fashion, we would have 40
neighbourhood-maximum fitness values for both dynamic
and static fitness evaluation. We repeated this process for

Figure 6: Fitness Values along all Inter-module Edge
Removal Paths from a High Fitness, Low Modularity

Network that results in Increased Final Fitness.

Table 12: Fitness and Q Scores for Neighbours of Final
Generation Fittest Individuals in Static and Dynamic

Environments

Dynamic Static

Final Fitness 0.9461 0.9323

Best Neighbour
Fitness

0.9410 0.9323

Final Q 0.3374 0.1851

Best Neighbour
Q

0.3791 0.2223

the modularity Q score. As Table 12 shows, the fittest indi-
viduals in the final generation for the dynamic problem were
generally local optima, whereas for the static problem, they
were generally on a fitness plateau, with equally fit neigh-
bours, and a substantially lower fitness than found in the dy-
namic problem. In both scenarios, there were neighbours
of substantially higher modularity than the original individ-
ual, but overall modularity, both of the final generation best
individual and of its neighbours, were much higher in the
dynamic problem than in the static. Again, fitness differ-
ences between dynamic and static were not significant, but
modularity differences were (p = 2.6956 ∗ 10−5).

Conclusions
The modularity-inducing problem of Espinosa-Soto and
Wagner (2010) is clearly important for understanding the
evolution of network modularity, in that it relies on much
weaker assumptions about the world that provides the evolu-
tionary context (namely that some parts of the fitness target
change independently of others) than do other explanations.
It also provides potential insights into other aspects of bio-
logical evolution. The results of Larson et al. (2016) reveal
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connections between modularity and recombination, and of
particular importance, the first results known to us to suggest
an evolutionary advantage to the ubiquitous phenomenon of
recombination hotspots. Our own results suggest connec-
tions to homologous recombination, and to stochastic vari-
ation in fitness landscapes. They also reveal some puzzles:
why don’t modules dominate populations in this environ-
ment as they do in nature? Why can’t the many different
algorithms we tried find the very high fitness, completely
modular solutions that we know to exist? Why does stochas-
tic sampling generate fitter and more modular solutions than
static sampling? We have ended up with more (but more
detailed) questions than we started with. Clearly, further re-
search and new analyses are needed...
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