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Figure 2 Evolutionary path of a population of 50 networks towards a fixed target function. a,b, Average distance to the target is de“ned as 1-Fitness (Npop= 50,
N= 500,Lc = 10 andμ = 0.02) for homogeneous networks (a) and scale-free networks (b). For random networks over 800 generations there is only one function in the
whole population with 1-Fitness= 0.3 for which the value of the output node has periodL= 2 (generation 500). After the advantageous jump, the population includes two
functions (either 1-Fitness= 0.3, L= 2 or 1-Fitness= 0.1, L= 10) that the networks follow depending on the initial conditions (generation 1,200). In scale-free networks,
after only a few generations (generation 10) the population consists of∼25 different functions of various periods (L= 1, 2, 5, 20, 40, 50). The perfect function, which
matches the target function, appears as soon as the 12th generation, but does not dominate the population until∼250 generations.

During the plateaus the network population is dominated by a
single function: a short cycle (usually with length L = 1 or 2)
that maximizes the fitness (Fig. 2a). Although there is no
measurable improvement of the fitness, neutral mutations modify
connections and weights in the connectivity matrix of the networks
within the population but do not affect the function. When an
additional advantageous mutation occurs, the number of copies
of the associated mutant grows exponentially with the number of
generations and becomes dominant in the population (Fig. 2a).

In contrast, a population of scale-free networks evolves
continuously towards the target function (Fig. 2b). After only few
generations, the population consists of many different functions
which can also have different cycle lengths (Fig. 2b). We interpret
the diversity of functions in scale-free networks as the signature
of the fitness landscape that allows the population to escape local
optima with very few mutations. Many mutated networks with
an improved function occur at each generation, and produce
a population composed of different functions until an optimal
solution (1-Fitness = 0) becomes dominant. Surprisingly, even
poor solutions can survive over many generations along with the
best fit. We then determine whether for each topology, independent
runs with distinct initial conditions and mutations exhibit similar
evolutionary paths. We find that evolutionary paths of random
networks depend on rare advantageous mutative events and thus
differ from one another (Fig. 3a). For scale-free networks, the
distribution of independent evolutionary runs exhibits a similar
trend to that of individual runs (Fig. 3b). Functions of high fitness
emerge by evolving existing functions gradually towards the target

function. Hence, a population of scale-free networks not only
evolves faster than that of random networks but also has the
capacity to produce a wide range of heritable functions27.

The dynamical behaviour of boolean networks is characterized
by a phase transition from order to chaos. In the ordered
phase, a small difference in the initial conditions fades away,
whereas it spreads and dominates the dynamics in the chaotic
phase28. These two phases correspond to low and high average
connectivity respectively. We calculate the critical point using the
annealed approximation introduced by Derrida and Pomeau28.
The dynamical behaviour of boolean threshold networks depends
not only on �K�, like in Kauffman networks25, but on the higher
moments of the distribution P(k). Scale-free and homogeneous
random networks with the same average connectivity can exhibit
distinct dynamical behaviour29. Random networks exhibit chaotic
behaviour for �K� larger than Kc = 3.83 and scale-free networks
exhibit chaotic behaviour for exponents γ lower than γc = 2.42
(see the Supplementary Information). We found that the ability
for homogeneous random networks to evolve depends on the
specific value of the parameter �K� (Fig. 4a). In particular, the
fitness increases for values of �K� ranging from the critical to
the chaotic phase. Conversely, the fitness of scale-free networks
does not show large variations with different values of γ (Fig. 4b).
It is conceivable that scale-free networks have a predetermined
evolutionary advantage because the length of their cycle matches
that of the target function. However, we found that the convergence
of the fitness function was also better for scale-free networks even
when the length of the target function, Lc, was much smaller
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Figure 3 Distribution of evolutionary paths. a,b, Distribution of the “tness of 50 populations as a function of the number of generations for homogeneous random networks
(a) and for scale-free networks (b). Results for�K� = 4.1 andγ = 2.0 are presented in Supplementary Information, Fig. S8.

(see the Supplementary Information). A qualitative argument
allows us to understand the origin of these distinct evolutionary
behaviours for the two topologies. First, we compute the average
probability, �Pdyn�, that a perturbation associated with a mutation
of a given node would affect the dynamics of another directly
connected node (see the Supplementary Information). Then, the
probability that this latter mutation would affect the dynamics of
the output node is �Pdyn��, where � is the average distance in the
network. We found that the probability �Pdyn�� depends strongly on
the connectivity distribution of the network and is larger for scale-
free than for random networks. As a result, scale-free networks are
more likely than random networks to produce a new function by
several orders of magnitude. Scale-free topology alone allows the
evolution of networks towards the target function faster than those
with homogeneous random topology for any values of �K� or γ .

On the basis of the analysis of the phase diagram of boolean
networks, Kauffman suggested that evolution of real systems may
occur ‘at the edge of chaos’30. This hypothesis entails that systems
not only need to be stable to carry out a function but they also
need to be sensitive enough to perturbations to evolve towards
new functions. Because the critical phase gathers the two latter
properties, it was proposed that living systems may exhibit a
similar critical behaviour to be evolvable. In Kauffman’s picture,
the topological parameters have to be fine-tuned to specific values
so that systems can exhibit a critical behaviour. In contrast, in our
study, scale-free threshold networks evolve fast and continuously,
and the associated evolutionary paths are robust to variations of
the degree exponent γ . Consequently, the dynamical behaviour of
scale-free networks does not need to be fine-tuned to the critical
phase to promote evolution. On the other hand, homogeneous
random networks evolve through a series of sparse punctuated
changes, which inhibit their ability to evolve rapidly towards
the desired function. In contrast with scale-free networks, the
evolutionary paths of homogeneous networks depend on the
specific values of the average connectivity �K�: random networks
with a low connectivity evolve slowly, whereas networks with
larger connectivity evolve faster. This study indicates that topology
governs the evolutionary paths of large complex networks, which

suggests that the ubiquity of certain topologies in nature, such
as scale-free, may also be the product of a selective process. The
underlying physical principles of this approach are general and
are applicable to a wide spectrum of neural-based systems that
model real-world complex networks ranging from biological to
engineered systems.

METHODS

NETWORK OUTPUT AND TARGET FUNCTION

Each round of mutations and selection is known as a generation. A series of
10,000 generations for one population is one evolutionary run. At each
generation a set of initial values is attributed randomly to each node. The value
of each node is updated following the dynamical rules described in Fig. 1a.
After a transient phase, the whole network follows a cycle of length L. Each
network has a fixed output node throughout one evolutionary run. The values
of the output node during the network’s cycle form a time series that is the
‘function’ of the network. This time series is compared with a target function of
length Lc using a fitness function (Fig. 1b). The time series of 0s and 1s, which
constitutes the target function, is randomly chosen for each evolutionary run
and is kept fixed throughout the run. At each generation we randomly choose
different initial conditions for each network so that we could select for
networks that are robust to variations of initial conditions.

EVOLUTIONARY ALGORITHM

First, we randomly generate a population of Npop = 50 networks that have
either a homogeneous random (with a fixed parameter �K�) or heterogeneous
scale-free topology (with a fixed parameter γ). Second, we increase the size of
the population to include both the non-mutated parent networks and the
mutated offspring. Each network from the initial population will have an
offspring of three mutated networks. The size of the population will then be
M = (3 mutants+1 parent)Npop. Third, we select a new generation of Npop

networks that have the highest fitness among the non-mutated parent networks
and the mutated offspring.

MUTATIONS

At each generation we mutate each node of each network in the population
with a fixed rate μ = 0.02 so that the expected number of mutations in each
network is μN , where N is the size of the network. For each mutative process
we randomly choose a node, and we either change one of its input connections
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