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Noise is a ubiquitous feature of the physical world. As a result, the first prerequisite of life is fault tolerance:
maintaining integrity of state despite external bombardment. Recent experimental advances have revealed that
some biological systems achieve fault tolerance by implementing mathematically intricate error correcting
codes and by organizing in a modular fashion that physically separates functionally distinct subsystems. These
elaborate structures represent a vanishing volume in the massive genetic configuration space. How is it possible
that the primitive process of evolution, by which all biological systems evolved, achieved such unusual results? In
this work, through experiments in Boolean networks, we show that the simultaneous presence of error correction
and modularity in biological systems is no coincidence. Rather, it is a typical co-occurrence in noisy dynamic
systems undergoing evolution. From this, we deduce the principle of error correction enhanced evolvability:
systems possessing error correcting capabilities are more effectively improved by evolution than those without.

DOLI: 10.1103/7kcl-jshm

I. INTRODUCTION

Even under the influence of entirely deterministic natural
laws, a finite agent that interacts with a large environment
will experience some degree of randomness. This is because
it will eventually lose record of all its previous interactions,
and will only be able to reason on probabilistic terms. This
is exemplified in physics by observations of Brownian mo-
tion [1], in which an observed particle in contact with a large
bath of unobserved particles undergoes seemingly random,
yet entirely determined, motion. Therefore it is reasonable to
suggest that anywhere life emerges, it is probably doing so
despite a stochastic environment, as it has on Earth.

von Neumann appreciated the fundamental nature of
noise and observed that the biological information process-
ing systems that underpin life handle it elegantly [2]. In
particular, biological systems are generally not halted by a
single-component failure or error. In contrast, the engineered
computers of his time were generally brittle, and errors in a
single component had to be identified and addressed before
the rest of the system could continue operation. von Neumann
thought this approach would begin to become infeasible as
more and more complex systems were constructed [3]. To
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resolve this and to contribute further to our understanding of
the connection between computing in the presence of noise
and life, he established the theory of fault-tolerant computa-
tion [4].

Fault-tolerant computing systems compose noisy primitive
computational units (e.g., logic gates) into structures that com-
pute the same primitive, robustly [4,5]. This concept is not
limited to digital computation: fault tolerance has recently
been demonstrated in neural networks with brainlike repre-
sentations [6] and is also an active area of theoretical and
experimental research in quantum computing [7-10], where
it is particularly important due to the high susceptibility of
real qubits to noise. Today, fault-tolerant computing is gen-
erally accomplished by computing within the context of an
error correcting code. An error correcting code specifies a
way to robustly store or transmit messages in the presence
of noise [11]. The basic idea is to encode messages in code
words, which add redundancy such that if part of the code
word is lost the message can still be recovered. Fault-tolerant
computing further requires that the recovery be done by the
noisy system itself.

Since the time of von Neumann, many specific examples
of robust behavior in biological information processing sys-
tems have been discovered. Genomes are one example of this.
Single-knockout experiments in a particular yeast found that
only 19% of the genes were required for the organism to
continue living [12,13]. The same resilience is seen in the
human brain, which can tolerate substantial death of neu-
rons with minimal cognitive impairment [14,15]. This level
of robustness implies the existence of mechanisms for error
correction. Studying these mechanisms is an emerging topic
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of theoretical interest in genetics [16]. There is also substantial
evidence for formal error correction mechanisms in the brain.
Many neural circuits have population activities that live on
low-dimensional manifolds [17-20], reminiscent of topologi-
cal error correcting codes [21,22]. In particular, it is thought
that grid cells use an efficient error correcting code to robustly
encode position in the presence of noise [23].

One way that large-scale natural and engineered systems
seem to achieve robustness is through modularity, the divi-
sion of a large system into functionally independent parts.
The genome is believed to have spatial and functional mod-
ularity [24], and a common view of the brain is that it is
composed of many modules responsible for different func-
tions that combine to form our intelligence [25]. At a large
scale, organizations, processes, and machines frequently have
a division of responsibility for separate subtasks, such that if
one subsystem fails the system can still complete its func-
tion [26-28]. In general, an overarching motif observed in
natural systems is that they appear to be assembled out of
smaller, individually robust components.

At the same time, biological structures emerge by mak-
ing local changes that improve fitness, a process of adaptive
evolution. Robustness has often been thought to be at odds
with evolution; it is intuitive that systems that are robust
to perturbations will also be difficult to change and im-
prove [29-31]. Additionally, the particular modular, error
correcting structures seen in biology represent a vanishing
fraction of genomic configuration space, presenting evolution
with a daunting search problem. A tantalizing question is,
therefore, what conditions and principles drove evolution to-
wards these robust structures? The answer to this question is
significant, as it gets to the root of forces that gave way to the
crystallization of life.

Any property that increases the efficacy of adaptive evo-
lution may be referred to as evolvable. Evolvable properties
should emerge as a typical result of evolution since obtaining
some of an evolvable property increases an organism’s ability
to acquire more of it. Identifying evolvable properties is a
topic of constant interest [32-35]. For example, Kauffman
famously showed that systems with a phase transition from
frozen to chaotic behavior (a so-called ordered phase) tend to
be more evolvable, and seek the edge of chaos [36,37].

In this work, we show that both error correcting codes and
modularity are typical coemergent results of evolution in a
noisy environment. We show that this occurs because organ-
isms with error correcting properties are better protected from
lethal mutations than those without, allowing them to more ef-
fectively search configuration space for improvements. From
this, we introduce the concept of error correction enhanced
evolvability: organisms with error correcting codes are more
evolvable than those without. This principle is illustrated in
Fig. 1. Noise bootstraps this phenomenon, suggesting that
noise plays an important role in evolving complex structures.

We begin by introducing Boolean networks and motivating
their use in the study of evolution and life. We then show
that when evolved to perform primitive computations in the
presence of noise, Boolean networks almost always develop
strong error correcting codes. By probing the effect of mu-
tations on evolved networks, we then demonstrate that this
occurs because error correcting codes increase the number
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FIG. 1. Error correction smooths valleys in fitness landscapes.
Noisy systems initially evolve error correction to protect themselves
from random environmental fluctuations that affect their state. How-
ever, once evolved, error correction also helps neutralize permanent
genetic mutations that would otherwise be lethal. During evolution,
this allows organisms that possess error correcting codes to search
further in genome configuration space for improvements than their
non—error correcting counterparts. This is illustrated in the figure:
the organism that uses error correction can sustain the first genome
mutation without falling into a valley of fitness that is too low to
survive. It can then acquire a further mutation which brings it to a
new, improved local fitness maximum, corresponding to an improved
error correcting code. With this new code, it will even more easily be
able to find improvements, and so on. Error correction begets more
error correction, leading to its ubiquity in the natural world.

of neutral mutations seen by organisms, allowing them to
more effectively search locally for improvements than their
non—error correcting counterparts. Finally, we show that under
composite computational tasks (that require more than one
primitive), evolution tends to produce structurally modular
organisms that employ modular error correcting codes, beau-
tifully reflecting what is seen in biology.

II. BOOLEAN NETWORKS

Originally developed to model gene regulatory net-
works [38-40], Boolean networks are autonomous, discrete-
time dynamical systems with binary-valued states. Boolean
networks can be viewed as dynamic function evaluators. A
function input can be given as an initial state to a network
and the output is simply the state at some specified later
time. Boolean networks are therefore reasonable computa-
tional models of primitive living organisms: receiving input
and later producing the correct output is equivalent to an agent
responding to environmental stimulus to avoid death [41].
Despite their simple binary nature, Boolean networks can
express very complex behavior. For example, they possess
the aforementioned ordered phase that seems to be crucial for
successful adaptation [36,42]. This complexity makes them a
candidate for modeling large-scale brain dynamics [43].
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FIG. 2. Boolean networks adapting into error correction. (a) A Boolean network that has adapted to solve the and task in the presence of
noise. Inputs are provided to the orange nodes 0 and 1 at time =0 and the answer is expected at the green node 2 at r=T. A Boolean network
is specified by a directed graph with a truth table living on each node. The state of each head node at time 7 4 1 is a binary function of the
state of each tail node at time ¢. For example, the state of node 6 at time 7 + 1 is computed by applying a length 23 truth table to the states of
nodes 0, 1, and 3 at time ¢. The edge coloring reflects the influence of a head node on a tail node. (b) Examples of noisy dynamical trajectories
of the network in (a) for each of the 22 possible input states. The network encodes the answer in code words of maximal Hamming distance
and stabilizes the code word against noise events. Code words may be taken as the final state of the network x[7'] for the different output
values. The two code words are visualized on the network graph. The boundary of the circles indicates the node function, and the fill indicates
the code word. (c) Evolutionary trajectories of 150 randomly initialized populations learning to solve the XOR and AND tasks. Populations
were not pruned; every population that was started is included in the statistics. The solid line indicates the median logical error probability,
and the shaded region indicates the interquartile range. (d) Distribution of final logical error probabilities over all populations. In both tasks,
typical organisms learn to suppress errors far below the physical noise level (pyhys, indicated by the dashed black line). (e) Distribution of
average Hamming distance between the code words C, and C, over all populations. The typical organism uses a strong error correcting code
to suppress errors. (f) Scaling of the logical error probability with the physical error probability for the highest performing organisms: logical

error probability is strongly suppressed relative to physical error probability.

containing the truth tables for each node and a matrix defin-
ing the connectivity between nodes. For further information
on how the Boolean network genome was specified in these
experiments, see [44] or Supplemental Material (SM), Sec.
1 [45].

The space of possible Boolean networks is truly massive.
For a network with exactly k£ connections per node, the num-
ber of unique networks is [46,47]

Here, we leverage Boolean networks to computationally
probe evolution in a noisy environment. We assign Boolean
network organisms a measure of fitness based on their abil-
ity to compute a simple function in the presence of noise.
We provide an organism with the input to the computation
in a raw, unencoded form, and allow it to undergo noisy
dynamics for several time steps. It is then queried for the
output, which can be compared to the correct output for fitness

calculation. Producing the correct output in the presence of N
noise is a daunting task: an organism has to have a method 22 NI !
for encoding the inputs, robustly performing the computation, (N — k)! 1

and stabilizing the answer against noise in memory. We study
the evolution of organisms that compute primitive and more
complicated composite computations to study the emergence

The networks considered in this work are ragged, which
means that they have k; < kpax connections per node. As

of error correction and modularity.

The state of a Boolean network of N nodes is given by
a length N binary vector x. The state of the ith node x; at
time ¢ + 1 is given as an arbitrary Boolean function f; of the
state of k; < knyax other nodes at time ¢. Therefore, a Boolean
network can be thought of as a directed graph with truth tables
of length 2% living on each node [Fig. 2(a)]. The genome of
such a Boolean network is therefore specified by a matrix

such, the number of networks is larger than what is indicated
by Eq. (1). For the N = 8 and ky,x = 3 network shown in
Fig. 2(a), this evaluates to ~10*". This number grows very
rapidly with N; for N = 15 there are more configurations than
there are bits of information in the observable universe [48].
Therefore, any particular configuration of a Boolean network
resides in a vanishing volume of configuration space. At the
same time, Boolean network loss landscapes are generally
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rugged and multipeaked, making adaptation nontrivial [36].
Therefore, any configuration that is consistently reached by
randomly initialized adaptive walks must be somehow attrac-
tive: it is exceptionally difficult to stumble upon particular
solutions by accident when working with Boolean networks.
This makes Boolean networks particularly useful for studying
evolvability.

We introduce stochasticity to our Boolean networks [49]
by injecting independent Bernoulli noise alongside the deter-
ministic state update described above:

x[t + 1] = f(x[t]) ® Bernoulli(ppnys)s 2

where f is the collection of all the f; and represents the
deterministic update previously described, @ indicates bitwise
XOR (exclusive or), and pphys ~ 1072 is the physical error
probability. In other words, the noise acts to flip each bit
of f(x[t]) independently with probability pppys. Figure 2(b)
shows an example of the state of a noisy Boolean network
versus time for different inputs.

We provide input to our organisms via designated input
nodes, which are initialized with the input to a computational
problem at t+ = 0. For example, an organism that solves the
and task has two input nodes, as shown in Fig. 2(a), which
could be initialized as any two-bit binary string. The rest of
the nodes are initialized to 0. The organism then undergoes
T — 1 steps of noisy dynamics, corresponding to determin-
istic state updates followed by exposure to noise [Eq. (2)].
One more state update is then applied, serving as a noiseless
decoding step, as is standard in the study of fault-tolerant
subsystems [4]. The state of the output nodes is then taken
as the logical output of the organism. We randomize 7" within
some small range to force the organism to stabilize the so-
lution instead of being allowed to pass through it transiently.
The structure and complexity of the computational task can
be varied to probe different properties of the solutions. The
unfitness (or loss) of a given organism is its logical error
probability piog. piog is the probability that the output node
contains the wrong value at time T (after the decoding step),
averaged over noise and all possible input binary strings. As
an example, for the network shown in Fig. 2(a), piog is the
probability that at time 7 the output node does not contain
the and of the values initially supplied to the input nodes.
Dlog therefore reflects the effect of physical error ppyys on the
network. For a fixed pphys, a low pjo, means the network is
performing the computation in a way that is robust to noise.

Endowed with a measure of fitness, we can then experi-
ment with adaptive evolution in configuration space.

Our evolutionary procedure follows an externally imposed
“survival of the fittest” rule, as is standard in computational
studies of evolution [50-54]. At the beginning of an ex-
periment, a population of randomly generated organisms is
created. Then several generations of evolution are carried out
to select for organisms with increased fitness. During each
generation, the fitness of each organism in the population is
evaluated by measuring its logical error rate, and the least
fit organisms are dropped from the experiment. The genome
of the surviving organisms is used to create replacements via
crossover operations (breeding) and mutation. This procedure
is detailed in SM, Sec. 2 [45] and in the code we used to carry
out our experiments [55].

This evolutionary procedure is intentionally primal and is
meant to mirror operations that would have been feasible dur-
ing biogenesis. We tried a few different crossover operators
and found that none of them meaningfully outperformed the
local search (see SM, Sec. 4 [45]).

Note that we are not attempting to use Boolean networks
as a model of any specific biological system. Instead, we are
simply using the networks as a toy example of something
that can undergo an evolutionary process that is qualitatively
similar to what could happen in a biological system, as has
been done in many prior works [56,57].

Despite the apparent simplicity of Boolean networks, ex-
ploring their evolution in the presence of noise is extremely
computationally intensive. For every evolutionary step, sev-
eral hundred populations of several hundred organisms must
be run through several hundred different noise trajectories
starting from tens of different input states. This number
quickly approaches batches of 10® networks. Such large ex-
periments were made possible by accelerating evaluation
using modern graphics processing units (GPUs) with large
memories [44]. Trillions of networks were simulated in the
course of this work, consuming several GPU months of com-
pute time.

One reason for this computational difficulty is the discrete
nature of the genome of a Boolean network. It would be rea-
sonable to avoid this difficulty by working with a system that
has friendlier optimization properties, such as a neural net-
work, which could allow for much-larger-scale experiments.
Despite the inherent limitations, there is significant value in
working with a discrete system because, as far as we know,
biological evolution also occurred in a discrete space.

We performed several experiments that probed the ability
of Boolean networks to robustly perform the primitive com-
putations and AND XOR in the presence of noise. Figure 2(a)
shows a typical resulting organism for the and task (xor results
are similar; see Supplemental Material, Sec. 3 [45]). The
organism itself has little structure, as expected for a primitive
task.

III. EVOLVING ERROR CORRECTION

What is most interesting about the evolved organisms is
that they seem to achieve low error rates by implementing
error correcting codes. There are two possible answers to both
the and AND XOR tasks: 0 and 1. As shown in Fig. 2(b), the
network given in Fig. 2(a) rapidly converges to a fixed point
corresponding to the correct output for a given input, and
the equilibrium state in each case may be taken as a code
word Cy or C;. The code words are shown overlayed on the
network graphs in Fig. 2(c). The code words are of maximum
Hamming distance from each other, meaning that Cy differs
from C; by every possible bit. This is desirable, as it means
the two states are maximally distinguishable in the presence
of noise. The evolved organism also stabilizes the code word:
the state returns to the code word one or two time steps after
perturbation by noise.

What is remarkable is that error correcting codes seem
to be a typical result of this experiment. The lower half of
Fig. 2 shows results from 150 independent evolutionary ex-
periments. These populations were all completely randomly
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FIG. 3. The effect of error correction on evolvability. (a) The lethality of different kinds of mutations for error correcting and non—error
correcting AND organisms. A mutation is “lethal” if an organism that computes AND perfectly in the absence of noise can no longer do
so after the mutation. Mutations to the truth tables consist of all possible bit flips applied to each node’s truth tables. Mutations to the
connectivity constitute adding or deleting a single connection between nodes at random. The lethal mutation fraction is the fraction of all
of the possible mutations that lead to death for a given organism. This is plotted as a distribution over all organisms for each error type. (b)
Comparing the probability of surviving several sequential truth table mutations for error correcting and non—error correcting AND organisms.
Error correcting organisms can survive three sequential mutations with the same probability that a non—error correcting organism can survive
one. (c¢) Comparing the median logical error probability to the fraction of lethal truth table mutations for the populations of AND organisms
from Fig. 2. We see that the lethal mutation fraction decreases with logical error, a direct demonstration of the principle of error correction

enhanced evolvability.

initialized, and the results were not pruned: every population
that was initialized has been included in the statistics. The
distribution of population fitnesses over time is summarized
in Fig. 2(c). As can be seen in Fig. 2(d), over 80% of the
organisms compute the primitive with pioe < pphys, With the
median organism suppressing error by nearly an order of
magnitude. Figure 2(e) shows that organisms accomplish this
using error correcting codes. Most organisms develop code
words of nearly maximum Hamming distance. Figure 2(f)
shows that the organism suppresses logical error superlinearly,
a hallmark of error correction.

Achieving piog < Pphys 18 an unambiguous symptom of
fault tolerance: organisms that compute in a fragile way where
a single error can lead to a logical fault will generally have
Dlog > Dphys- Fragile networks experience such significant
logical errors because they have many nodes and are exposed
to noise for many iterations of the dynamics; see SM, Sec.
3 [45] for further discussion.

It should be emphasized here that no prior information
about error correcting codes was supplied to the evolutionary
procedure in the form of extra loss terms or otherwise: the
mathematical concept of error correction emerges here exclu-
sively from the primitive concepts of life and death in a noisy
environment. This separates this result from previous studies
where tailored optimization procedures were used explicitly
to find good error correcting codes [58—62].

Another pattern present in the results presented in Fig. 2
is that the edges of the evolved Boolean networks are dom-
inantly of moderate influence. The influence of an edge is
the probability (taken over the entire truth table of the head
node) that the state of the head node flips if the tail node
were to flip. Edges of moderate influence are expected for a
fault-tolerant solution, as heavy influence edges more readily
propagate errors.

Interestingly, many Boolean network models of biological
systems exhibit dynamics dominated by the effects of canal-
izing functions [63], which commonly involve edges with an
influence close to 1. The presence of canalizing functions is
often associated with stability, in the sense that the network
will eventually return to its original attractor after a small
perturbation. This notion of error resilience would not be suf-
ficient for an organism to be considered fit in our experiments,
which required errors to be corrected rapidly. We hypothesize
that this difference in recovery timescales is the main reason
our evolutionary process preferred distributed computation
over canalizing functions.

The overwhelming typicality of error correcting codes in
these results is surprising. Complete convergence of so many
randomly initialized populations is not expected for adaptive
walks on rugged loss landscapes [36]. We would expect many
populations to get trapped in local minima and not find good
codes. The implication of all of this is that in the presence of
noise evolutionary processes somehow seek error correction.
Note that the search of configuration space performed by evo-
lution was nowhere near exhaustive. From Fig. 2(c), we can
see that convergence was achieved in ~10° generations, with
~10? variations being explored each generation. The adap-
tive procedure explored a minuscule fraction of configuration
space, 108/10% = 10732, This is far beyond finding a needle
in a haystack (~107'%) and is closer to looking in the same
haystack for a particular carbon atom.

One explanation is that error correcting codes not only
protect an organism from noise that strikes randomly during
the dynamics but also from systematic manipulation of the
genome. This is supported by data presented in Fig. 3. For
non—error correcting organisms, most genome mutations are
lethal, such that an organism that perfectly performs a partic-
ular computation in the absence of noise before mutation no
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FIG. 4. Emergent structure in noisy adapting dynamic systems. (a) Organisms that have adapted to solve the parallel and task with and
without noise, all other experimental parameters held equal. The structures of the noisy organisms reflect the structure of the computational
task, while the noiseless organisms have no obvious structure. This implies that noise alone can lead to modular dynamic systems. Experiments
were also completed using the shared (b) and sequential (c) AND tasks. The computational structure of these tasks is also reflected beautifully
in the evolved organisms. (d) An example of the code words developed for the shared AND task. The organism possesses two distinct memory
modules of equal size, each of which implements an independent maximum Hamming distance code. The coloring of the nodes (white or
black) indicates the steady-state value of the node (1 or 0) after the computation has taken place. (¢) The code words associated with the shared
AND task, which has three possible outputs. The code words are all of maximum Hamming distance from one another. (f) The structure of a
network that computes a six-bit function before and after adaptation. We can see that the adaptive process imprints the computational structure
on the organism, and also leads to the pruning of many unnecessary nodes.

longer does so after mutation. However, as shown in Fig. 3(a),
the same is not true for error correcting organisms, for which
only a small percentage of mutations are lethal.

The implication of this is error correction converts many
lethal mutations into neutral mutations, such that organisms
possessing error correcting codes experience more neutral
mutations than those without. This is widely recognized as a
sign of an evolvable property [64,65]. It follows that error cor-
recting organisms can accumulate longer strings of mutations
before suffering a lethal mutation, as shown in Fig. 3(b).

As illustrated in Fig. 3(c), the lethal mutation fraction
decreases with logical error probability. Therefore, having
some error correction makes it easier to search for more error
correction, which will lead to error correction being a typical
result in noisy evolutionary processes. This is the essence of
the principle of error correction enhanced evolvability. This
principle explains the prevalence of error correction in our
experimental results, and possibly the natural world. Interest-
ingly, noise is required to bootstrap this process, as there is no
evolutionary pressure to develop an initial, small error correct-
ing code without it. Noise enhances evolutionary processes.

Mutations are unit distance movements in configuration
space. Random sequential mutations trace out random walks
in configuration space, and a lethal mutation occurs when
this walk encounters a configuration with a fitness that is too
low to be survivable. Therefore, these results may be equiv-
alently understood as error correction locally smoothing over
valleys in the fitness landscape being searched by evolution.
Figure 3(a) shows the smoothing of the region that can be

reached by a single mutation and therefore may be interpreted
as error correction reducing the magnitude of the “gradient”
of the fitness with respect to the configuration (although this
is not a true gradient, since the configuration space is discrete).
Figure 3(b) shows the same information over long distances.
This concept of error correction smoothing the local fitness
landscape and allowing error corrected organisms to search
further for improvements is illustrated by the cartoon in Fig. 1.

IV. EVOLVING MODULARITY

Figure 4 shows that our results extend to composite com-
putational tasks. The most striking feature of these organisms
is that when evolved in the presence of noise, the structure
of the computation is strongly imprinted on the structure of
the organism. This is shown clearly in Fig. 4(a). Here, a
parallel and task is used, in which two noninteracting and
computations must be completed. The task can be completed
by two independent modules, each containing a pair of inputs
and their corresponding outputs. When evolved in a noisy
environment, this is exactly the structure present in the or-
ganisms. Independent modules saturate Newman’s modularity
metric [66]: this solution could not be any more modular.
When evolved in the absence of noise (with all other exper-
imental parameters held constant) the structure vanishes, and
the solutions resemble random graphs. The story is the same
for tasks with more complicated modular structures, as shown
in Figs. 4(b) and 4(c). It seems that noise, and noise alone,
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can be enough to drive the evolution of structural modularity
in dynamic systems.

Although the idea of modularity emerging naturally to
increase the robustness of systems to noise is old [67],
experimental demonstrations of this principle are rare. Under-
standing the emergence of modularity in cognition is a recent
topic of interest. Most methods that have been developed
involve imposing a special cost or environmental constraint
that encourages modularity, such as rapidly varying a learn-
ing objective in a modular fashion [56,68] and associating
a cost with adding connections to a network [69]. Results
on noise alone leading to modularity are sparse, and lim-
ited to small neural networks [70]. Therefore, our results on
modularity taken alone are significant, as they demonstrate a
long-believed concept within the physically relevant formal-
ism of dynamic systems.

It should be noted that like the primitive organisms, the
organisms shown in Fig. 4 also possess error correcting codes.
As shown in Fig. 4(d), the structurally distinct modules seen
in the shared and organism also make up functionally distinct
memory modules. Each memory module implements an in-
dependent maximum Hamming distance code for each output
bit, akin to the and code shown in Fig. 1. This modular error
correction reflects the way the brain seems to implement inde-
pendent error correcting codes in different regions [18,19,23].
The way the modules are constructed is also interesting, as
from a fitness standpoint each output bit was made equally
important and the same number of nodes are dedicated to each
module. This kind of code is formally efficient in the sense
that the number of bits it can encode scales linearly with the
number of physical bits (it is asymptotically a constant rate
code). The sequential and organism develops a different kind
of code, as shown in Fig. 4(e). In this case, memory modules
would not be an efficient solution, as there are only three
possible outputs for this task: 00, 01, and 11. Instead, this
organism develops a Hamming-like [71] code that maximizes
the distance between each of the three distinct code words.

To explore the emergence of modularity at larger scales
while maintaining computational tractability, instead of start-
ing searches from random states one can seek to improve the
fault tolerance of a network that already performs a particular
computation in the absence of noise. In particular, we sample
random networks that compute a function on a certain number
of bits in the absence of noise, and then evolve them in a
noisy environment and observe the results. An example of
an organism that implements a six-bit function is shown in
Fig. 4(f). We can see that substantial structure is evolved. The
final network is modular, with nodes 1 and 3 being distinctly
separated from the other nodes. Additionally, the evolutionary
process removes many of the nodes present in the original
network, suggesting they were useless to the computation and
only increased noise cross section.

V. DISCUSSION

It can be hypothesized that the general principle behind
noise-induced modularity is that noise punishes network size,
both in terms of the number of connections and the number of

nodes. Noise punishes connectivity because errors can prop-
agate further and faster in more densely connected networks.
For example, the separate modules evolved to solve the noisy
parallel and task prevent errors that strike one module from
ever propagating to the other. In general, connectivity in the
organisms evolved to solve noisy tasks reflects the computa-
tionally required connectivity to move information between
inputs and outputs. The shared and organisms generally sepa-
rate into two modules, with connections present between the
two only to communicate the state of node 1. Similar features
are observed in the noisy sequential and organisms. Noise
punishes network size because larger networks have more
components subject to error.

The experimental results presented in this paper demon-
strate that error correction and modularity go hand in hand,
and may be expected to emerge as a result of noisy evolution-
ary processes. Explicitly, we show that error correction is a
typical result of evolving to perform a primitive computation
in the presence of noise and that this principle scales to small
composite computations, where solutions that are both modu-
lar and error correcting emerge.

We reason that this occurs because of error correction
enhanced evolvability: systems possessing error correcting
codes are easier to improve.

Note that it has previously been hypothesized that robust-
ness in general may be evolvable [72]. Here, we provide
specific experimental evidence that backs this claim, and find
a particular operational mechanism: the gradual accumulation
of an error correcting code and the associated fault-tolerance
machinery.

With our principle in hand, we believe that these results
should extend to scales more comparable in size to biologi-
cal information processing systems. Such regimes are out of
reach of our current techniques as evolving orders of magni-
tude larger organisms is presently computationally intractable.
Future work may explore alternative modeling mechanisms,
including direct physical implementations of noisy dynamics
with electrical, mechanical, or biological mechanisms, or with
neural network learning as a proxy for evolutionary change.
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