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Abstract—Neural Cellular Automata (NCA) have recently
been proposed as neuromorphic robot controllers. Despite
their promising behavioural characteristics and small parameter
counts, training NCA for control tasks has proven difficult and
unstable. It is so tricky that curriculum-like multi-stage training
programs must be used for simple control tasks. This thesis posits
how criticality theory, an amalgam of statistical mechanics and
neuroscience, presents a compelling case for pre-training NCA
into a critical state. Mainly the increase in inter-cellular com-
munication distance and maximization of available information.
This thesis presents a novel NCA update function architecture
loosely based on neuroscience and two novel interchangeable
pre-training methods, one implicit and one explicit, based on
criticality theory aimed at improving training performance. The
new architecture and pre-training methods are tested on the Cart-
Pole environment and trained with Double Deep Q-Learning
(DDQN) and neuro-evolution. The new architecture improves the
training speed and general performance of the NCA, whilst the
two pre-training steps greatly stabilise the control task training
when using DDQN. The explicit methods resulted in faster agent
training than the implicit methods, but the pre-training step was
prone to failure, whereas the implicit methods always succeeded.
Neuro-evolution was more efficient than DDQN when training
iterations and helped explain the dynamics that make NCA
challenging to train. The architecture and pre-training steps were
further tested on the LunarLander problem, a more complex
control task. The neuro-evolution method succeeded in training
but did not present excellent results, whilst DDQN failed outright
to train.

Index Terms—Neural Cellular Automaton, Criticality, Neuro-
Evolution, Double Deep Q-Learning, Reinforcement Learning

I. INTRODUCTION

Neural Cellular Automata (NCA) offer an enticing
proposition. They promise computational complexity
through simplicity by harnessing a nearly universal natural
phenomenon, complex emergent behaviour through localised
interactions. However, as is true for many nascent fields, a
plethora of hurdles need to be overcome before meaningful
state-of-the-art results can be achieved.

Neural Cellular Automata are a class of algorithms comprised
of spatially distributed elements -called cells- such as grids
or graphs, where each cell can be an arbitrary data structure
[1, 2]. Cells are updated over time through local interactions
governed by a neural network. Training the neural network
results in a static map of weights and biases. However, the

learned local rules encode for both the development from a
random lattice configuration to one suitable for computations
and information processing. This has some parallels with
nature. A theory called the “genomic-bottleneck” [3]
postulates that there is an information gap between the size
of the DNA encoding for the neural structure of the brain and
the complexity of such a structure. Instead, the DNA encodes
for the local interaction between neurons during development
and maturity, and the structure and computation capabilities
of the brain emerge from these local interactions.

From path-finding algorithms to embodied soft robots,
NCA have been proposed as an alternative solution to various
typical problems in robotics [4, 5, 6]. One of the most
exciting approaches, and the primary inspiration for this
thesis, is using NCA as self-organising end-to-end controllers
for reinforcement learning agents. In [7], the NCA acts as a
self-organising controller for the classic cart pole problem.
It successfully controlled the cart pole for hundreds of
thousands of steps while demonstrating life-like phenomena
such as a developmental phase, regeneration after damage,
stability despite a noisy environment, and robustness to
unseen disruption such as input deletion. Impressive, though
it may be, the approach encountered many problems that
still need to be solved. Many of these issues, including but
not limited to training stability and training time, can be
attributed to inadequate neural architectures. This research
was built on the foundational model for stimulating cell
replication, morphogenesis, and specialisation [1]. This may
render the neural architecture inadequate for simulating more
complex brain-like behaviour necessary for control tasks, as
information processing between tissue cells and brain cells is
inherently different [8].

On a theoretical basis, NCA are plausible analogues to
the brain. NCA are typically implemented as recurrent
deep convolutional neural networks [9]. Research has
shown that individual cortical brain cells act like deep
convolutional neural networks [10]. However, NCA vary
vastly in information propagation mechanisms and connective
range compared to cortical cells. NCA, however, effectively
represents every cell as a DNN with local intercommunication,



providing a topological and structural foundation to replicate
biological neuro-functionality without mimicking it.

Moreover, due to the lattice configuration of the neural
cellular automata acting as a critical component of its
computation, it is entirely possible for NCA to be taught
to modify their lattice values to trigger different modalities.
This can be seen as a meta plasticity where the Neural
Network is a reservoir of computations whose modality is
triggered by phase transitions in its input variables. A form of
meta-learning cellular automaton has already been explored
[11], though it lacks the true meta-plasticity present in our
brains.

Phase transitions play an essential role in the functionality
of the brain and NCA alike. Strong evidence suggests that
the brain operates in a critical state [12, 13, 14, 15]. A
critical state is a state that exists in the phase transition from
random, chaotic behaviour to ordered, predictable behaviour.
In Neuroscience, it is a state in which computational
complexity and neuron-to-neuron communication distances
are maximised. Similarly, Cellular Automata, and by extension
NCA, can have states on the edge of chaos. These states,
known as the fourth class of CA, are considered critical and
have been theorised to all be capable of universal computation
[16].

This thesis extends the work of Variengien et al. [7] in
several ways. It will present a neural architecture inspired by
neuroscience that improves training stability, consistency, and
task performance. It will compare the training performance
of gradient-based and gradient-free methods to extend the
theoretical understanding of NCA. Finally, it will present
two novel pre-training steps based on criticality theory that
improve NCA training times and performance. It will argue
that this pre-training step broadly applies to any NCA. The
thesis repository can be found on GitHub '

II. BACKGROUD AND PREVIOUS WORK

This section focuses solely on background information as
it applies to NCA. Detailed background information could
be given about topics relevant to control and reinforcement
learning, but this would make the length of the document
untenable. The reader is encouraged to look into, or at least
have basic knowledge of reinforcement learning. The specific
topics in reinforcement learning that this thesis addresses will
be covered in their relevant methodology section but are not
the focus of the research.

A. NCA

Neural Cellular Automata are a subclass of Cellular Au-
tomata that extends their capabilities through differentiable
programming. Cellular Automata can be generally defined as
a four tuple (Z%, S, N, f) where:

Uhttps://github.com/etimush/Critical-Neural-Cellular- Automata

e Z% is a finite or infinite lattice with d dimensions

o S is the finite set of cell states

o N is the neighborhood

o f is the update function

Each cell ¢, (where z € X represents the location of the
cell on the lattice) is sequentially updated at each time step ¢
by a function f that takes in as inputs the cell in question c,
and its neighbourhood N such that:

't = flch, N(ch)) (D

All cells are synchronously updated. Additionally, ¢, can
be an arbitrary data structure [17, 18, 19].

NCA replace the hand-crafted update function with one
that can be learned as a feed-forward neural network. Though
to fully take advantage of the many tools available for
differentiable programming, they are often implemented as
fully convolutional neural networks with the fully connected
layers implemented as 2D convolutions to compute the whole
NCA update in parallel [9]. Real values typically replace
the binary cell values, and cell updates become additive
over time. Thus, the NCA cell update can be formulated as
follows:

Pt =ct + f(c, N(ch)) )

This makes NCA Recurrent Residual Convolutional Net-
works [1]. Unlike traditional Deep Neural Networks and their
monolithic design, NCA typically have a minute number of
parameters and derive their complexity in computation through
recurrent and local interaction.

The use of NCA in robotics has been limited and scattered
thus far. Attempts have been made to use them as path-finding
algorithms [4, 5], distributed embodied soft robots [6], and
mechanistic controllers [7]. These methods have all found
advantages to NCA, such as strong generalisation capabilities
in path-finding scenarios, and have laid a foundation for further
work to improve on.

B. Criticality

Dynamic criticality (criticality) is a concept with origins
in statistical mechanics [20]. It studies the behaviour of
physical dynamic systems, such as fluid mixtures and magnet
spin orientations, at the border of a second-order phase
transition. A second-order phase transition is a continuous
phase transition, as opposed to a first-order phase transition,
where the transition is discontinuous at the transition point.

As a concept, it has successfully explained the behaviour of
many localised biological systems, such as the movement
of fish schools and birds’ flocks [21]. In biological terms,
criticality is the transition point between chaos and order.
From localised interactions alone, these groups of animals
display complex global behaviour as an adaptation to
environmental stimuli such as predators. In a critical state,
sensitivity to said stimuli is maximised as a balance between
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order arising from strong local interactions and disorder
occurring from sensitivity is reached [22].

Most pertinent to this thesis is that the brain has been
shown to exist in a critical state [12, 13, 14, 15]. In this
critical state, sensitivity to perturbation in the form of neuronal
inputs is maximised. This, in effect, means the maximisation
of information transfer distance and computational capabilities
of the brain.

As counterintuitive as it may seem that a single concept
can encapsulate phenomena in statistical mechanics, biology,
and neuroscience, there is a good explanation. Universality
is an intrinsic feature of all critical systems; in essence, it
means that regardless of the minutiae that determine the local
interactions of dynamic systems, at large enough scales, they
converge onto a single dynamical behaviour governed by the
large correlation distances between individual components
[23].

Further evidence that lends credence to the importance of
criticality in the brain comes from a study on neuromorphic
networks. The authors simulated biologically realistic neural
architectures and tested their learning capabilities on a
memory-encoding task. They found that, despite differences
in structural properties of different networks, and despite
some performing better at sub-critical or over-critical states,
they all performed equally well and best in a critical state
[24]. Demonstrating the importance of criticality even over
neural structure.

The evidence thus put forward suggests that criticality
in NCA might be a vital state to achieve for maximising their
computational ability. More important than even the neural
architecture selected.

C. Measuring Criticality

Since NCA are represented as lattices of values, criticality
needs to be measured across a lattice. Statistical mechanics
offers various tools to measure criticality. These methods
come from the study of the Ising model. The Ising Model is a
2-D cellular automaton that models magnetic spin orientation
in metallic lattices. Each site can exist in either the +1 or -1
state and the state of each site is dictated by the spin of its
four nearest neighbours and a temperature parameter [25].
Due to universality, the exact details of the local interaction
do not matter; what is essential to note is that the control
parameter, temperature, affects what phase the lattice is in.

Correlation Length, Lattice Thermalisation Time, and
Feature Power Law Distribution are three canonical methods
for measuring the Ising model’s proximity to criticality.
Feature power law distribution and Lattice thermalisation
have their problems. With feature power law distribution
requiring prohibitively large latices to compute the feature
sizes and thermalisation time approaching infinity as the

lattice nears criticality [25, 26]. Correlation length offers a
good balance between the two.

Moreover, correlation length more accurately measures
criticality as the universality theorem prescribes. Strictly
speaking, critical characteristics are homogeneous across
systems as the large correlation distances cause them. Despite
this, the method has flaws; correlation length can only be
accurately measured on infinite-sized latices, which is an
obvious limitation. This is due to the finite size effect, where
distances are not large enough for long-range correlation
dynamics to take effect [25]. Despite this, the method still
works to approximate the critical point. In an infinite-sized
lattice, as the critical point is approached, the correlation
length diverges towards infinity. This divergent property of
the function holds for finite-sized lattices. Thus, measuring
the peak of the divergence gives a reasonable estimate. Fig. 1
illustrates how ¢ diverges in the Ising model as the critical
temperature is approached. Measuring correlation length (§)
can be done as such:

Correlation Length vs Temperature
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Fig. 1: Correlation length (£) value over a range of tempera-
tures. Notice the strong divergence and distinct peak between
temperatures 2 and 2.2; this signifies the critical temperature.

For any two sites {i,7} the dynamic correlation function
[27] C;; is defined as:

o = A1) — (50))(S5(t) — (Si))
Y (VS — (S)2(85(8) — (S))%)
Where S; and S; are the spin values at site ¢,j, and ()
signifies average over time.

3)

Thus, the dynamic correlation function for the entire
lattice C' is defined as:

o= (Bime 2j=o(Silt) — (S)(8;(t) — (55)))
<\/Z?:o(5i(t) = (9i))? 2250 (S5 (1) = (S;))%)

where n is the size of dimensions ¢, j.
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The dynamic correlation function with respect to distance
C(r) , r =1 —j is known to decay exponentially [26]:

C(r) o e /¢ 5)

Thus, by fitting an exponential to (4) at every temperature,
with the constraint » = ¢ — 7, and extracting the exponent,
correlation length £ can be calculated. Fig. 2 illustrates the
dynamic correlation function at every distance for tempera-
tures 7' = 2, T = 2.18, T = 3. At T = 2.18, the critical
temperature, the slope of the exponential decay function, is
smaller, indicating a higher value of &.

Dynamic Correlation v Distance
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Fig. 2: Correlation function C(r) with respect to r for tem-
peratures T = 2, T' = 2.18, T' = 3. These temperatures
equate to sub-critical, critical, and over-critical, respectively.
The exponential decay at the critical temperature is of a lesser
degree.

Fig. 3 illustrates visually what this signifies. At a sub-
critical temperature (Fig. 3a), spins in the magnetic lattice
align as strong local interaction dominates the dynamics, and
perturbations cannot propagate. At an over-critical temperature
(Fig. 3c), spins in the lattice are arranged randomly as a con-
sequence of the over-excitability of the system. At the critical
temperature (Fig. 3b), features (regions comprised of matching
spins) of various sizes appear and fluctuate over time. The size
of these features exhibits a power law distribution over time
and at any scale due to the long correlation length between
sites (which is what is meant by measuring feature power law
distribution).

@T =2

(b) T =2.18 ©T=3

Fig. 3: Ising model at three different temperatures, sub-critical,
critical, over-critical

To reiterate, due to the universality of criticality, this method
can be extrapolated to work on real-valued latices, such as
those found in NCA. The Ising model can be seen as a single-
parameter Cellular Automaton, whereas NCA can be seen as
an n-parameter Cellular Automaton. Thus, & is proposed as
the loss function to be used with back-propagation to tune an
NCA into a critical state.

D. Neuro-evolution

Neuro-evolution is an artificial neural network optimisation
paradigm that tunes the neural architecture and its parameters
through evolutionary algorithms [28]. Compared to gradient-
based methods, neuro-evolution is more widely applicable. It
is not necessary to learn Q-values from state action pairs as
individuals can be directly evaluated on more straightforward
fitness functions such as the number of steps they survived
in the environment [29]. This lends it particularly well to
reinforcement learning tasks where input-output pairs are
hard to compute or come by. It has been shown to perform
proficiently on many reinforcement learning tasks, scaling
exceptionally well with CPU core counts [30].

Many approaches to neuro-volution exist; NeuroEvolution
of Augmenting Topologies (NEAT) is an algorithm that
evolves neural networks by adding and removing nodes
and connections and tuning the weights and biases [31].
However, the NEAT algorithm typically has many tunable
hyperparameters and struggles with creating large neural
networks required for a more complex task. Evolutionary
Deep Learning Genetic Programming (EDLGP), uses genetic
programming to evolve deep neural network architectures
while minimising the number of parameters needed for
tuning through constructing tree ensembles of smaller neural
networks [32]. Furthermore, it works with convolution layers.
It can, however, struggle with creating architectures that are
too large.

Unfortunately, both these approaches and any approach
that modifies the topology of the neural networks used in
NCA will struggle wildly. Cellular Automata generally exhibit
extreme phase transitions amid small parameter changes [18].
This effect would be further magnified with topology changes
incorporated in tandem. However, pure parameter search
through evolutionary algorithms does offer some promise
when training NCA and can help explain their dynamics



better. Furthermore, until the recent advancements in NCA,
evolutionary algorithms were the primary way of optimising
Cellular Automata [33, 34, 35].

Though gradients through NCA can be found and loss
propagated through the parameters, their recursive nature
and local interdependence can lead to complex gradient
computations. Furthermore, as NCA are run for extended
periods, the computation graph required to compute the
gradients grows at an increasing rate. Despite the gradients
being computable and the loss landscape technically being
continuous, NCA erratic phase transitions lend their landscape
an air of pseudo-discontinuity that can cause problems for
gradient-based approaches. Examples include [7] where a
pre-training step is necessary, or the NCA gets stuck at local
optima, incapable of learning the cart pole environment.

Thus, neural evolution presents a solution to some of
these problems. Evolutionary algorithms can deal with
discontinuous fitness landscapes, handle the noise features
of NCA, and avoid large computational graphs. In theory,
evolutionary algorithms should be able to handle NCA
end-to-end training as long as the topologies are not changed.

III. IMPROVEMENTS TO NCA ARCHITECTURE
A. General Architecture

NCA architecture has come a long way in recent years.
Architecture, in this case, refers to the structure of the NN
that composes the update function. The most promising
advancements came from Mordvinstev et al. [1] and have
served as the basis for many NCA research papers since
[1, 7, 36]. The underlying theme of these papers has
assembled around the replication of cell dynamics, including
cell growth, pattern generation, and virus dynamics. The
general architecture has predominantly been composed of
three main functions: a perception step, a compute step, and
an update step. The shape of the NCA (the shape of the
lattice and the data each cell contains) also plays a role in
its abilities. The state of the NCA refers to the dynamics the
NCA exhibits due to its NN parameters and not the lattice
configuration. However, since the lattice configuration affects
the computations performed by the NCA, the state of the
NCA can be affected by its lattice configuration.

The shape of the NCA is generally a 3-dimensional
lattice composed of NxN cells, with each cell having C-real-
valued channels. Thus, a C-channelled update vector must be
computed and added at every step for each cell.

The perception step is primarily achieved through a
convolution function and serves the purpose of propagating
information across cells in a channel. It is the mechanism
by which local interactions arise and is the only function
in which individual cells see more information than what
is contained within themselves. The kernel size dictates the
communication range between cells. The kernels can be static

or learnable. To illustrate, if one was interested in gradients
across channels, a set of Sobel filters could be used. A
perception vector is created and passed on to the compute
function from these kernels and the cells’ current stat. See
Fig. 4.

The compute step is the central computational element
of NCA. It represents the most significant number of
parameters allocated to the NCA, taking in the perception
vector and calculating an incremental update that is added
back to each cell. It is assembled from standard differentiable
building blocks such as fully connected layers (implemented
as 1x1 convolutions) and non-linear activation functions.
Unlike typical Neural Networks, there is no non-linear
function at the final layer; this allows it to increment or
decrease the cell values in the NCA as needed.

The update step acts as a form of conditioning to the
outputs of the compute function. For certain NCA, behaviours
such as asynchronous updates need to be forced. These
behaviours are implemented in the update function as
transformations to the data. In this step, the output from the
compute function is also reshaped into the appropriate format
to be added to the NCA cell states.

In control problems, input and output cells are selected.
The environmental observations are injected into input cells
that can either be affected by the NCA steps or left untouched
as continuous sources of perturbations. The output cells are
always affected by the NCA steps, and the control signal is
read directly from these cells.

B. New Architecture

The neural architecture presented in this paper takes
inspiration from [1] and [7] whilst presenting new concepts
inspired by neuro-science, that aim to help improve the
performance of the NCA as a controller. It is well-known
that there are different types of neurons across the body that
carry information from sensory organs such as the skin to the
brain [37]. These neurons do more than propagate sensory
information; they also condition or pre-process the signals
before they reach the relevant cortex. Moreover, a variety of
cortical neurons have been discovered. Though their functions
aren’t entirely known, their variety seems to play a crucial
role in the capabilities of our minds [38].

It is not easy to fully realise the complexity and diversity
of real neurons with the current paradigm in NCA. Imbuing
NCA with the plethora of neuron-like structures necessary to
imitate the brain comes at a tremendous computational cost
compared to the current singular network shared across all
cells. This is evident in the fact that multiple neural networks
would have to be instantiated and trained concurrently per
cell type, vastly increasing the number of parameters to be
trained. With this in mind, two new functions are proposed in
addition to the three standard functions of NCA: pre-process



and post-process.

The pre-process function is loosely based on the pre-
processing functionality of the nervous system before
information reaches the brain. Traditionally, input signals
are injected raw into the input cells of the NCA before the
update function steps are called. This presents the NCA
with four tasks: process input, propagate the input, perform
computations with the input, and produce an output signal at
the output cells. The preprocessing function aims to remove
the processing task from the NCA and move it to a single
step. It consists of a small three-layer NN that expands the
input dimensionality and then reduces it again. The resulting
vector should contain additional features not present in the
raw input signal. This vector is then injected into the NCA’s
input cell location.

The post-processing function was loosely inspired by a
subgroup of cortical neurons called fast-firing neurons. While
slower-firing neurons give deeper contextual information, fast-
firing neurons are predominantly associated with movement
and the corresponding feedback signals [39]. The readout for
the control problem is still part of the NCA matrix, but the
last channel where the readout is performed is calculated by
a different neural network. This neural network calculates
the control channel based on the values of the information
channels. This separate neural network uses a convolution
form of channel attention and a final 1x1 convolution. It
can be seen as a form of reservoir computing, where the
NCA information channels act as reservoirs of contextual
information that iteratively update at every CA step. The
final channel acts as a readout of the reservoir, picking the
appropriate channels and combining them at the final CA
step. See Fig. 4 for details.

IV. TRAINING METHODOLOGY

Training directly on the control problem rarely, if ever,
works. The issue arises from the interplay of stabilising
the NCA dynamics and learning the correct policy. It has
to transform any arbitrary lattice configuration into a stable
configuration and then learn a stable configuration capable
of computations. From observations, it was determined that
the NCA first prioritises stabilising dynamics, followed by
learning a policy. However, upon stabilising the dynamics,
the model finds itself in a local optimum that is far from
being capable of any control behaviour and thus never learns.

As described previously, small parametric changes lead
to significant phase changes in NCA. A poignant example
of this is Lenia [18], a Cellular Automata whose dynamics
effectively act as a NCA. In Lenia, small changes to any
parameter lead to drastically diverse behaviours. More
relevant to this research, however, is that the vast majority of
parameter configurations lead to an exploding or vanishing
system that is stable towards an infinite horizon (exploding
systems become stable as CA have a limited number of
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Fig. 4: New architecture for NCA update function. The NCA
has C channels. 1. The Pre-processing step transforms one
observation into a C-1 (one less dimension than the number
of channels C present in the NCA) dimensional vector that
is injected into the NCA lattice at that observation’s input
cell. 2. The NCA lattice goes through the perception and
the computation steps, and a C-1 channel per pixel update is
generated. 3. The resulting update is added back to the NCA.
Steps 2-3 are repeated N-1 times. 4. At the Nth step, the C-1
channels of the NCA lattice are passed to the post-processing
function, which generates the last channel update. 5. The
last channel update is concatenated with the C-1 channels
produced in the last N-1 steps. 6. The last channel is used
as the control signal for the cart-pole environment.

cells with maximum values; thus, when all cells reach the
maximum value the system stops changing). This points to
the core issue with NCA training, which is that reaching
an equilibrium state is not hard. Instead, it is the default.
Referring back to criticality theory, this suggests that NCA
defaults to a sub-critical state with strong local interactions
dominating the dynamics and very low correlation distances.
The NCA training landscape appears to be peppered with
immediately accessible local optima.

The necessity for a curriculum-style training regime thus
becomes apparent. This should help the model by putting
it in a state where varying the parameters does not cause
drastic increases in the loss, enabling more effective fitness
landscape exploration. Three pre-training methods will be
explored: the standard one implemented in [7], and the two
novel methods this thesis introduces, an implicit-criticality
method and an explicit criticality method.

Training is split into two phases: pre-training and control
training. For both training stages, the pre-training and control
training, one training mechanism is shared. To speed up
training, a pool of random lattices is initialised; a batch of
lattices is then drawn from this pool and added back to it once
a training step is done and the NCA has modified the lattices.
One of the lattices in every batch is random to avoid the



pool of lattices becoming saturated with stable configurations,
leading to the NCA forgetting how to stabilise random
lattices. This allows the NCA to learn how to compute
outputs on a variety of lattices and extends the number
of steps the NCA can maintain a stable lattice, without
incrementing the number of training steps. Unfortunately,
this leads to a problem of irrecoverable lattice configurations
being present in the pool, such as a lattice filled with NaNs,
if training is not constrained. Thus, the loss function needs
to accommodate a term for limiting the values present in the
lattice.

A. Pre-control Training

1) Standard Implementation: The standard implementation
is identical to [7]. The method does not appear in the paper
proper, but in their code, with an explanation. The method
works as such: Select a static location on the lattice for the
input and output cells. At every training step, inject a random
value per input cell; the loss for the backpropagation is the
MSELoss between the output cell’s last channel value and the
average value of the input injected into the input cells. The
paper theorises that this simple pre-training step teaches the
NCA to transfer information towards the output cells.

Listing 1: Standard Pre-training

Listing 2: Implicit Pre-training

out_cells = output_cell_positions
nca_steps = num_nca_steps
nca = NCA(out_cells ,nca_steps)
pool = initialise_random_grid_pool ()
for _ in range(optim_steps):
inp_cell = generate_rand_inp_cells(
num_inp_cells)

nca.input_cells = inp_cell

inputs = random(len(inp_cell))
random_grid_ids = random(batch_size)
X = pool[random_grid_ids]

X = nca(x,inputs)

loss = L2_loss(x[out_cells], inputs)

pool[random_grid_ids] = x
back_propagation(loss)

inp_cells input_cell_positons
out_cells = output_cell_positions
nca_steps = num_nca_steps

nca = NCA(inp_cells ,out_cells ,nca_steps)

pool = initialise_random_grid_pool ()
for _ in range(optim_steps):
inputs = random(len(inp_cell))

random_grid_ids = random(batch_size)

x = pool[random_grid_ids]
X = nca(x,inputs)
loss = L2_loss(x[out_cells], inputs)

pool[random_grid_ids] = x
back_propagation(loss)

3) Explicit-criticality: As the name might suggest, explicit
criticality pre-training aims to measure the critical state of the
NCA directly. As with the Implicit-criticality function, a set of
random input cell locations is selected to inject perturbation at
every training step. The loss is now calculated using (4) on the
entire lattice, with the dynamic correlation averaged over all
information channels. The exponent, &, is found by fitting an
exponential top the resulting data of dynamic correlation with
respect to distance. In theory, the training should maximise
correlation distances between lattice sites. Because no specific
equation is measured, such as the average of the injected
inputs, this should leave the NCA in a critical state with
a larger computation reservoir where maximum information
between channels is preserved.

Listing 3: Explicit Pre-training

2) Implicit-criticality: The implicit criticality method is
similar to the standard method, but there is one significant
difference. At every training step, the input cell locations are
selected randomly from any location on the NCA. This should
make it harder for the NCA to learn the appropriate function.
Howeyver, it should also induce a critical or near-critical state.
The idea is that by changing the input cell location, for the
NCA to reduce the loss, it needs to be able to propagate
information at a distance potentially as large as the lattice.
As training prolongs and the NCA start in a stable common
configuration, it learns to maximise sensitivity to perturbations
and propagate information long distances. This is what a
critical state means.

out_cells output_cell_positions
nca_steps = num_nca_steps
nca = NCA(out_cells ,nca_steps=1)
pool = initialise_random_grid_pool ()
grid_over_time = []
for _ in range(optim_steps):
inp_cell = generate_rand_inp_cells(
num_inp_cells)
nca.input_cells = inp_cell
inputs = random(len(inp_cell))
random_grid_ids = random(batch_size)
X = pool[random_grid_ids]
for _ in range(correlation_steps):
X = nca(x,inputs)
grid_over_time .append(x)

C_ij = calculate_dynamic_correlation
(grid_over_time)

xi = fit_exponential (C_ij)

loss = 1/xi

pool[random_grid_ids] = x

back_propagation(loss)




B. Control Training Gradient Method

To deal with control problems, Double Deep Q-learning
will be used [40]. This method aims to approximate the
reward given a state and an action. The Deep Q-learning
algorithm suffers from overestimation of rewards, which can
lead to slower training. Double Deep Q-learning addresses this
by decomposing the max operation in the target into action
selection and action evaluation. The greedy policy is evaluated
according to the online network, but the policy value used for
gradient descent is calculated using the target network as such:

Q" (s, ar) = 1y + 7Q(St41, arg max Q'(se.ar))  (6)

Here Q* (s, at) is the estimated state action pair value, r;
is the reward, +y is the time discount factor, s, is the state at
the next time step, and Q' (s, a¢) is target network estimated
state action pair value. The target network is slowly updated
over time through Polyak averaging:

0 10+ (1—7)0 (7)

0 is the target network’s parameters, 6 is the policy
network’s parameters, and 7 is the averaging rate. 7 was set
to 0.1 for all experiments.

A significant modification needs to be made to the training
procedure. The NCA needs to learn Q*(sy,a;), where s; is
the state of the agent, but it also needs to learn Q*(s¢,at)
with respect to the lattice configuration of the NCA. Given a
(8¢, ay) pair, the NCA needs to learn Q*(s¢,a:) for a range
of NCA lattice configurations syca, this can be done by
computing the average YQ(si;1,argmax, Q (s¢,a;)) over
all syca. Thus, the formulation of Double Deep Q-learning
for NCA is:

N
Q" (s, ar) =i+ %Q(3t+17 argmax @ (s¢, ar), Syca)
a

i=0

®)

Where N is the batch size comprising of NCA lattice
configurations.

This introduces the issue of increasing the computation
time by a factor of N since the agent needs to be simulated
for every NCA lattice configuration. To solve this, instead of
a fixed horizon for the environment, pool sampling is also
used to select the starting environment state as in [7]. The
basic idea is that for the exploration phase, instead of starting
in an initial state and exploring for a fixed horizon or until
failure, the starting state is randomly selected from a pool
of previous states and run for K steps. The states reached
after K steps replace the selected states in the pool. This
effectively means the horizon can be infinite and comes with
the benefit of adequate training for long-term stability.

Another problem with reinforcement learning methods,

in general, is catastrophic forgetting [41]. Later states are
added to the agent’s memory as the agent improves for the
Q-learning steps. The agent then effectively forgets how to
operate in the initial stages as fewer initial states are sampled
per Q-learning steps. A significant reduction in performance
ensues. This is also true for the stabilisation of the NCA
state. As the stable NCA lattices replace the random lattices
in the pool, the NCA forgets how to stabilise from a random
start as fewer random lattices appear in the pool sampling.

To combat this on the agent side, this thesis implements a
form of early memory. The first N exploration steps are
saved in an alternative memory, and every subsequent step
is stored in the main memory. When sampling states for the
Q-learning steps, a percentage of the states are sampled from
the early memory. This should ensure that the agent does not
forget about early states.

For the NCA side, the solution is much simpler. When
sampling NCA lattices for the Q-learning step, a percentage
of the lattices are discarded and replaced with a random
matrix.

The entire training procedure can be seen in Appendix A

C. Control Training Gradient Free Method

Exploration of gradient-free alternatives to training
could serve a valuable purpose for NCA. As mentioned,
their propensity for phase changes owing to small
parameter changes effectively makes their fitness landscape
discontinuous or at least very difficult to traverse.

Evaluation is both conceptually easier and computationally
cheaper. Agents can be assessed purely on their performance
on the task, with no need for learning policy values. This
decoupling from any conceptualisation of what the agent
should learn to a pure task optimisation problem could present
opportunities for NCA. Namely, opening up the solution
space from the constraints of policy learning, allowing for a
potentially broader subset of solutions in the fitness landscape.

Evolutionary strategies (ES) [42] will be used to train
the NCA. Evolutionary strategies follow the standard
Evolutionary algorithm procedure. Initiate a population of
N parents, produce offspring by recombing the parents,
mutate the offspring, and select the "N best offspring, or
best offspring + parents, to be the next iterations parents.
ES typically use natural problem-dependent representations,
where the problem and search spaces are identical. For NCA,
the problem space is the set of parameters that lead to the
desired behaviour, and the search space is the parameters.
Evolutionary strategies are adaptive, changing their mutation
rate alongside their parameters in the form of coevolution.

The ES used is a (i + A)-ES. The new parental population is
chosen from the 4 previous parents and A offspring, an elitist



strategy [42]. The mutation step is the primary differentiator
between ES and EA. ES have either a mutation parameter or
a set of mutation parameters; in the case used in this paper,
a set of mutation parameters per layer of the Neural network
is used. The mutation step starts with the selection of new
mutation parameters:

U;_ = g;eN(OD=N; (0.1)) )
Where o;- is the new mutation parameter for layer j,
o; is the old mutation parameter for layer j, N(0,1) is
a normally distributed random variable that applies to all
mutation parameters, and N, (0, 1) is a newly drawn normally
distributed parameter for each mutation parameter j. The
mutation parameters are calculated never to go negative since
a negative standard deviation is impossible. The new neural
network parameters x; in layer j are calculated as follows:

(El- = LUj +N(0,0'j)

; (10)

To mitigate the issues of drastic phase changes due to many
parametric changes, an additional coevolutionary parameter,
in the form of per-layer parameter mutation probability,
is introduced. This parameter is self-adaptive, changed
by the mutation rate, and reduces the number of mutated
parameters per layer j. Additionally, when mutating, only
small percentages of the neural network layers are selected
for mutation. See Appendix B for pseudo code.

The crossover function used to generate the offspring is
also custom. Grouping parameters into families of subsets
has been shown to increase training performance effectively
[43]. The custom method does not explicitly calculate these
families of subsets but instead considers each layer of the
neural network, with its many parameters, as a subset. Thus,
point-to-point crossover is done between layers of the neural
network instead of the individual parameters. See Appendix
C.The entire ES procedure can be seen in Appendix D

V. EXPERIMENTS

The experiments are conducted on the OpenAi Gym Cart-
Pole-V2 environment. The update rules are first pre-trained
using one of the aforementioned pre-training steps and further
trained on the cart-pole problem. The update rules in the
form of a neural network can be trained like any other neural
network. Thus, a standard library, PyTorch, is used for all
training. The optimiser is AdamW, a variant of Adam that
resolves the low general performance of Adam-trained systems
[44]. The learning rate is set to 1le — 3 with no annealing over.

A. Validating the New Architecture

One of the major problems of the previous update function
architecture was its inability to train. The authors claimed
a fifty per cent success rate at training. In reality, what this
meant was a fifty per cent success rate in overcoming a
critical local minimum that allowed the NCA to perform
better than random with effectively a lower success rate at

learning a decent policy.

To determine the effectiveness of the new architecture, the
success rate metric will be split into two categories: training
propensity and policy success rate. Training propensity will
measure how likely it is that any given training step achieves
a validation score of over one-hundred-and-fifty (at 150 steps,
there is a 0.01% chance a random policy would reach this
state), whilst policy success rate will determine how often the
NCA trains towards a good policy, reaching over five hundred
steps (the number of steps where the cart pole environment
is considered solved).

The cart-pole environment is trained for 3500 hundred
backpropagation steps. Evaluations only run for 2000
environment steps maximum, enough to account for the case
where the cart pole creeps slowly to one side, reaching a
failure state in over 500 environment steps. The evaluation
score seen in the graphs is the number of steps the cart-pole
stays upright and within bounds.

Both NCAs are trained using the same standard, static
pre-training step and are further trained in the same cart pole
environment. This procedure is repeated ten times per NCA.

The run-to-run performance and average performance
of the standard implementation (Fig.5a, Fig.5b respectively)
show a considerable struggle to train. The average slope is
incremental over time, and over enough training periods,
it might reach a satisfactory policy of 500 steps survived.
Still, considering the relative simplicity of the cart pole
environment, it performs poorly. In contrast, the new update
function architecture performs significantly better. Most runs
reach a good policy quickly, and some stay there. Notably, the
performance in some runs degrades over time after reaching
the maximum number of steps. Observations of the cart-pole
in action suggest that those runs learn a policy that slowly
shifts the agent to either side of the environment, where
they eventually fail by going out-of-bounds. This could be a
consequence of the rarity of said failure state, leading to high
Q-values for actions that keep the cart pole in a steady drift.

TABLE I: Evaluation Metrics Old vs New Architecture

Training Policy Average Standard
Architecture | Propensity Success Score Deviation
% Rate % (steps)
Old 80 10 52 30
New 90 90 750 685

Table I shows that the new architecture improves slightly
on the training propensity whilst improving significantly on
the policy success rate. This suggests that the new model
has an easier time exploring the fitness landscape, where all
the training runs that managed to avoid a local minimum
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Fig. 5: Performance of standard architecture over ten runs

eventually perform well to some degree. The average score
is roughly fifteen times better and likely much higher if the
validation runs were allowed to run for longer. The high
standard deviation between runs suggests that the pre-training
step leads to a multitude of different “’stable structures” in the
NCA lattice that perform the computation. This is true for
both, with the old architecture having a standard deviation of
58% of the average score, whilst, for the new architecture, it
is 91%. The difference in the NCA lattice structures can be
seen in Fig.7.

The top two information channels of the NCA lattices
are both taken from the training of the new model, Fig.7a
representing an NCA that never trained to a satisfactory level
whilst Fig.7b did. The major difference in their configurations
seems to be that information propagates in a diagonal versus
radial manner. It seems that radial information propagation
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Fig. 6: Performance of new architecture over ten runs

leads to better results. The reasoning behind this will be
explored further when discussing the criticality-based pre-
training steps.

B. Ablation Studies

The ablation studies will test the different components
of the new architecture. The NCA will be run without the
two new components and with one of the new components
at a time. The number of parameters per trial will be kept
to similar levels to ensure discrepancies don’t arise from
larger model sizes. The old architecture is effectively the new
architecture with none of the new components.

Out of both components, the post-processing step (Fig.
9) seems to have the most significant impact. Without this
step, the model performs similarly to the old model. The
evaluation metrics (Table II) tell a similar story, with the old



(a) Value present in the top two
performing NCA

information channels of a poorly

(b) Value present in the top two information channels of a well-
performing NCA

Fig. 7: Value present in the top two information channels in
the lattices of a well-performing NCA and a badly-performing
NCA. White pixels represent positive values, whilst black
pixels present negative values, with grey in the middle.

model and the no post-processing model having identical
policy success rates and similar mean scores and standard
deviations. The pre-processing step has a lesser impact on
its own (Figure. 8) as without it, there still is a significant
improvement compared to the old model. However, it is
evident that both steps together perform the best (Figure. 10)
and are thus necessary for the improved performance.

Though it is hard to reason about neural networks since
they are black-box models, educated guesses can be made. It
is known that deeper, narrow networks perform better than
shallow, wide networks [45]. By adding the extra steps to the
NCA update function, the network has become deeper, whilst
the post-processing step, specifically, divides the output space,
taking care of the instantaneous control output separately
from the rest of the network that processes information
transfer. It is also possible that the input conditioning
performed by the pre-processing step is insufficient to have
an effect when the rest of the update function has to handle
both the information propagation and the control output but
supplement the structure well when only information transfer
has to be performed.
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(b) Mean score for all ten runs of the NCA architecture without the
pre-processing step, the post-processing step is still present.

Fig. 8: Performance of new architecture without the pre-
processing step over ten runs, the post-processing step is still
present.

C. Pre-traingig Implicit Criticality

The effectiveness of the pre-training stages will be
determined in the same manner as the effectiveness of the
new update function architecture. For all experiments, the
new architecture will be used. As before, each model will be
pre-trained and trained on the control task ten times. Refer to
section V-A for more details.

Fig. 11 shows the score for the ten training runs (Fig.
11a) and the mean score for those runs (Fig. 11b). The first
significant difference comes in the consistency of the runs,
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Fig. 9: Performance of new architecture without the post-
processing step over ten runs the pre-processing step is still
present.

with all ten runs reaching the maximum evaluation steps within
1800 training steps and never losing performance after said
point. There is a considerably lower variance between runs,
supported by the standard deviation in Table III. One plausible
explanation for this is the implicit criticality pre-training
step always leads to the same behavioural characteristics
of the NCA. That is to say, calculating the average of the
inputs at the output cells, whilst the inputs could be in
arbitrary positions, requires computational capabilities that
only one permutation of the NCA update function can exhibit.

This theory is further bolstered by the pre-training
step phase transition periods. Fig. 13 illustrates what this
means. In essence, NCA exhibit phase transitions that lead to
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TABLE II: Evaluation Metrics for the four variants of the
update function tested

Training Policy Average Standard
Architecture | Propensity Success Score Deviation
% Rate % (steps)

Old 80 10 52 30
New 100 60 194 314
no pre-

processing

New no | 100 10 50 41
post-

processing

New 90 90 750 685
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Fig. 10: Mean evaluation score over time for the old, new,
new with no post-processing, and new with no pre-processing
architectures for the update function.

improvements in performance. These phase transitions can be
seen as sudden decreases in the loss after a period of training
stagnation. For both pre-training methods, the first period of
rapid improvement is the NCA learning to stabilise its lattice,
whilst the second period correlates with the NCA learning
the task dynamics. For the standard pre-training procedure,
this second phase transition period can range between 400
and 700 training steps.

In contrast, for the implicit criticality version, this second
phase always happens at around 1500 training steps. The
extended quiescent period between the first two phase
transitions and the consistency as to when it happens suggest
that there exists only one state where it can accomplish the
task. This would also explain the high variance between runs
of the standard pre-training method, as different solutions are
found for the static input mapping; training on the control
task can vary depending on how good the solution in the
pre-training step was.

Comparing the correlation length (£) over the training
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(a) Scores for all ten runs of the NCA pre-trained with the implicit
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(b) Mean score for all ten runs of the NCA pre-trained with the
implicit criticality function.

Fig. 11: Performance of the new update function pre-trained
on the implicit criticality method

period of both pre-training steps (Fig. 14), it can be seen that
the implicit method leads to a greater correlation length than
the standard methods. This strongly suggests that the implicit
pre-training step is inducing a state of near criticality in the
NCA.

The erratic behaviour is caused by dissonance between
the actual loss function and criticality measurement.
Criticality implies a maximal transfer of information, whilst
the loss function merely looks at the average of the inputs,
meaning some information is disregarded between cells as
it does not contribute to the average. This also explains
why, towards the tail end of the training, the correlation
length decreases. Redundant information is no longer
passed between cells. The high divergence of the critical
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TABLE III: Evaluation Metrics for the standard and criticality-
based pre-training methods

Training Policy Average Standard
Pre- Propensity Success Score Deviation
training % Rate % (steps)
method
Standard 90 90 750 685
pre-training
Implicit 100 100 1198 42
criticality
pre-trainig
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Fig. 12: Mean evaluation score over time for the standard and
implicit criticality pre-training methods

points also means that small parametric changes in the NCA
update function lead to high variance in the correlation length.

Comparing the top two information channels of the
NCA between training runs of the standard method, where
it performed well and where it performed poorly, and the
top two information channels of the NCA when trained
on the implicit criticality method (Fig. 15), it is clear that
there are some similarities between the well-performing
standard training method and the implicit criticality method.
Both exhibit radial information transfer between channels,
compared to the diagonal information of the poorly performing
NCA. This implies that, occasionally, the standard training
method achieves some form of near-criticality. The reason
information would be propagated radially for a critical NCA
is that criticality is rotation and transition invariant, meaning
that for correlation length to be large, information needs to
be propagated in all directions.

Another difference present, visible in Fig. 12, is the
training pace. The NCA pre-trained on the implicit criticality
method takes considerably longer to reach the same level as
the standard method, about 200 steps longer. It takes another
200 backpropagation steps for it to reach its peak. The reason
is hard to determine, but two theories are hereby proposed.
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The more robust theory has to do with the implications
of a critical state, that is, maximal information propagation.
This could lead to excessive information for precisely
controlling a cart pole, as not everything might be relevant.
The critical state may introduce noise into the system, as it is
a state in the balance between noisy chaos and local order. It
is still advantageous for training as it means all information
is available at the start of training, but as a consequence,
training is slower.

Alternatively, the slow training could be due to the static
inputs of the control training process. Unlike the implicit

pre-training step, the inputs for the control problem are
stationary in the lattice. Thus, the NCa needs to learn the
static input locations first before training for the control task.
This seems unlikely, however, as one of the advantages of a
critical state is the rotational and translational invariance of
information transfer.

(a) Value present in the top two information channels of a poorly
performing NCA trained on the standard pre-training method

(b) Value present in the top two information channels of a well-
performing NCA trained on the standard pre-training method

(c) Value present in the top two information channels of an NCA
trained using the implicit criticality method

Fig. 15: Value present in the top two information channels in
the lattices of a well-performant NCA and a bad-performant
NCA trained on the standard pre-training method, and an NCA
trained on the implicit criticality pre-training method. White
pixels represent positive values, whilst black pixels present
negative values, with grey in the middle.
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D. Pre-Training Explicit Criticality

Unlike the previous pre-training methods, the explicit
method struggles with consistency. Some runs train to have
high correlation distances, whilst others fail. It seems to be a
complex fitness landscape to traverse and highly depends on
the random start. Fig. 16 shows the correlation length over
time of the explicit versus implicit criticality training method
for a successful run of the explicit method. The explicit
method trains considerably faster to achieve comparable
values of & and displays considerably less variance. More
importantly, however, there were no optimisation criteria
apart from correlation length. Theoretically, the NCA is in a
state of maximal information propagation across its cells.

Fig. 17 demonstrates the performance of an NCA trained on
the explicit criticality pre-training step and compares it to
the implicit step. The explicit method performs considerably
better than the implicit, reaching the maximum score roughly
1000 steps earlier and significantly reducing training time.
This performance increase is shown in Table IV. The explicit
exhibits higher variance, although this is not detrimental.

TABLE IV: Evaluation Metrics for the explicit and implicit
pre-training methods

Training Policy Average Standard
Pre- Propensity Success Score Deviation
training % Rate % (steps)
method
Explicit 100 100 1364 57
pre-training
Implicit 100 100 1198 42
criticality
pre-trainig

The performance increase could be attributed to a reduction
in the complexity of the training process. President exists
for CA acting as effective reservoirs of computation [46].
In theory, the critical state has made it so that the NCA’s
information channels act as a reservoir of computation. The
explicit criticality method does not train the post-processing
layer of the NCA. Thus, training for the cart-pole problem
is reduced to the post-processing step, which is trained as a
readout layer to the reservoir.

E. Neuro-Evolutionary training

The Neuro-Evolution method requires a different strategy.
There is no difference between training and validation steps,
as the actor’s fitness can only be determined by simulating
from the beginning. Since the actors are scored based on
the number of steps the simulation ran, starting from a
truncated state would require a large enough horizon to make
it indistinguishable from running the entire simulation. If
the horizon was kept small and the score accumulated from
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Fig. 16: Correlation length (£) over time for the explicit and
implicit criticality pre-training steps .

the truncation point, actors randomly given a starting point
further in the future would have an unrepresentative, good
score.

Due to differences in how backpropagation and EAs work,
the EA takes considerably longer to train regarding CPU
time. For this reason, the EA is only allowed to train for 50
evolution steps. This was determined experimentally to, on
average, take as long as 2000 backpropagation steps.

Each of the agents’ update functions is instantiated as
a copy of the update function trained with the explicit
criticality method. Thus, every agent in the population starts
off identically.

Fig. 18 shows the training performance of the evolutionary
algorithm, with the update function pre-trained using the
explicit criticality pre-training method. The performance,
as compared to backpropagation methods, is an order of
magnitude faster in terms of training steps, often reaching the
2000 environment step maximum within 30 training evolution
steps.

TABLE V: Evaluation Metrics for the explicit and implicit
pre-training methods

Training Policy Average Standard
Control Propen- Success Score Deviation
training sity % Rate % (steps)
method
Best DDQN 100 100 1364 57
Neuro- 100 100 1308 399
evolution
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(a) Scores for all ten runs of the NCA pre-trained successfully with
the explicit criticality function.
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(b) Mean scores for the NCA trained on the successful explicit
criticality pre-training step and the implicit pre-training step.

Fig. 17: Perfromance of the NCA trained on the explicit
criticality pre-training step.

Table V shows the performance characteristics of the two
methods. The average score is challenging to compare since
the backpropagation method is trained for so long after it
reaches the maximum score that it inflates it compared to the
evolutionary method. However, it is evident in both Fig. 18a
and Table V that the standard deviation between runs is
much higher. This is most likely due to the random nature of
evolutionary algorithms.

This random nature may come with the advantage of
improving training performance, as it can avoid local minima
by simply “jumping” past them. The more likely explanation
for the increase in training efficiency, however, is the
percentage of parameters modified at each evolutionary step.
At every mutation step, only 10% of layers are mutated; in
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(a) Scores for all ten runs of the NCA pre-trained successfully with
the explicit criticality function and trained on the control problem
using neuro-evolution.
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(b) Mean scores for the NCA trained on the successful explicit
criticality pre-training step and trained on the control problem using
neuro-evolution.

Fig. 18: Perfromance of the NCA trained on the explicit
criticality pre-training step.

every layer, only 5% of the parameters are mutated. The
mutation probability may change due to self-adaptation;
however, due to the rapid increase in score apparent at the
beginning of training, these values may not stray far from the
original 5%. This, in effect, means that, on average, 0.5%
of all parameters are mutated at every evolution step. This
slow mutation of parameters may offer advantages when
traversing the fitness landscape by minimizing the frequency
and severity of phase changes the NCA experiences as it
trains. Mitigating one of the most significant issues with
NCA.



FE. Other Robotic Models

The experiments carried forth were extended to the OpenAl
LunarLander environment. This environment is more complex
than the Cart-Pole environment, requiring the agent to control
a lunar lander to land in between two yellow flags on
rough terrain. Environmental variables such as wind are also
introduced, and the location of the flags and roughness of
the terrain vary per run. This alters the policy that needs to
be learned from one that solely considers the agent’s state to
one that also needs to consider the environment.

Further complexity arises from the action and observation
space; there are eight observations and five possible options
for control outputs, one for every thruster and one to do
nothing. The NCA is now tasked with more control variables
and a harder policy to learn.

The number of training steps for the neuro-evolution
and backpropagation training methods was tripled to account
for the increased complexity. As before, both trainings will
start with a successful explicit criticality pre-training step.
The network size will also remain the same, with the only
noticeable difference being the input and output cell locations
being changed to accommodate the new ones.

The agent is said to have learned a good policy for the
lunar lander environment if it reaches a score of 200
or more for 100 runs consecutively. Thus the evaluation
parameters have been changed to reflect this, with the training
propensity score measured as the proportion of runs that
reach a score of over 100, whilst the policy success rate is the
proportion of runs that reach and maintain a score of over 200.

Fig. 19 shows the results for the NCA successfully pre-trained
on the successful criticality function and trained using DDQN
for the control task. The NCA fails to learn any policy that
could successfully control the agent and does not show any
sign of improvement over time. The increased environmental
complexity leads to a considerably more challenging fitness
landscape.

Fig. 20 shows the results for the NCA successfully
pre-trained on the successful criticality function and trained
using neuro-evolution for the control task. The NCA performs
better when training using neuro-evolution, yet still struggles
to find a good policy. No run manages to reach the score of
200 considered to be satisfactory. This points to a possible
inherent limitation: insufficient computational complexity
is achievable with the current NCA structure, be it the
update function or the size of the lattice itself. Due to
time and resource limitations, larger latices could not be
tested. Due to the lattice configuration of the NCA playing
a role in its computation, it is possible that increasing
the lattice size would lead to a larger pool of possible
computations that would allow for good policy to be found.
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This points to another core problem with the DDQN training
method, primarily that it may not be capable of traversing the
fitness landscape. Significant changes in parameters caused by
backpropagation may be causing significant changes in policy.
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(a) Scores for all ten runs of the NCA pre-trained successfully
with the explicit criticality function and trained on the LunarLander
problem using DDQN.
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(b) Mean scores for the NCA trained on the successful explicit
criticality pre-training step and trained on the LunarLander problem
using DDQN.

Fig. 19: Perfromance of the NCA trained on the explicit
criticality pre-training step and trained on the LunarLander
problem using DDQN.

VI. DISCUSSION
A. Contribution

The research shows that NCA architecture needs to
be bespoke regarding its applications. Compared to cell
division-inspired architecture, the neuro-inspired components
added to the NCA architecture show a significant performance
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(a) Scores for all ten runs of the NCA pre-trained successfully
with the explicit criticality function and trained on the LunarLander
problem using neuro-evolution.
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(b) Mean scores for the NCA trained on the successful explicit
criticality pre-training step and trained on the control LunarLander
using neuro-evolution.

Fig. 20: Performance of the NCA trained on the explicit
criticality pre-training step trained on the control LunarLander
using neuro-evolution.

improvement. However, like the division-inspired architecture,
training is not guaranteed unless certain conditions are met.
It was also demonstrated how both architecture components
were crucial for the performance benefits, with the post-
processing step having the greatest effect.

Criticality is both theoretically important and valuable
in practice. NCA that exhibit the defining characteristic of
a critical system, mainly high correlation lengths, perform
better than NCA that do not exhibit this trait. Two novel
methods were proposed and shown to induce criticality in
the NCA effectively. Whilst both methods worked, there
was a trade-off in training reliability and training speed. The
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implicit criticality methods always succeeded, but training
was slower than the explicit method on the control task. The
explicit method was unreliable but fast at training in the
control task when it succeeded.

A gradient-free method in Evolutionary Strategies was
employed to test its effectiveness in training NCA. It presents
a viable alternative; whilst not being faster in terms of
compute time, it displays superior training performance in
terms of training steps.

Finally, the NCA was trained on a more complex control
problem, the OpenAl LunarLander environment, and was
shown to struggle with the increased dimensionality and
complexity. Whilst DDQN training was wholly ineffective,
the neuro-evolution approach improved over time. Despite
the improvements, a good policy was never found.

B. Further Work

Being a theoretical field of research with only recent
practical applications, NCA lack the sort of advancements
that lead to true leaps in functionality. Advancements such
as the advent of Self-Attention in Large Language models
[47]. This is not to say that attention is what NCA need but
to emphasise that neural architecture has a long way to go
before being genuinely applicable to real robots. Much like
any neural model, theoretically, increments in network size
are all that is needed to unlock capabilities. However, due
to their particularities, traversing the fitness landscape with
NCA becomes more challenging as the number of parameters
increases. Thus, sub-modules that can help with this space
traversal need to be developed. A more significant number of
tests could also be conducted on existing submodules, such
as self-attention or gated recurrent units, as the current neural
architecture is a basic recurrent convolutional neural network.

The current real-valued approach may be inappropriate
for the task of control. Our brain communicates in binary
impulses, after all. Different conceptualisations, such as
spiking neural networks, might be necessary to advance the
field. Such models already exist but are limited [48]. Trying
different models may also be necessary; justifying that our
brains are the end-all and be-all of the computation does
not mean that better models suited to our current technology
could not be found. Models such as Hebbian networks might
work well due to their exploitation of local dynamics [49].
However, it is unknown as it has not been tested.

Another major limitation is the cell homogeneity and
connectivity map. There is strong evidence that cortical
neurons are not homogenous, and aspects such as the myelin
sheath and dendritic length affect the meta-plasticity of
the brain [50]. Cortical neurons also display a form of
small-world connectivity [51], as compared to the nearest
neighbour model of connectivity currently used. Considerable
efforts should be focused on adjusting NCA cells to display



non-homogeneous behaviour whilst maintaining the efficient
training of having only one model for all the cells. It might be
necessary to incorporate a small amount of global information
that allows cells to act intrinsically differently.

NCA also add an additional layer of hyperparametrisation
on top of the regular hyperparameters found with neural
networks. The lattice dimensionality plays a role in the
computational aspect, though the exact dynamics aren’t
known. When it comes to computations related to control,
larger lattices with more considerable distances between input
and output cells might afford the NCA more computational
steps to perform complex tasks. The information transfer
directionality might also play a role; currently, the model
processes information from outer input cells towards inner
output cells. It may be the case that linear or random
directionality could perform better. Alternatively, isotropic
models with no directional preferences [52], or hexagonal
lattice models [53] could offer insight into the effects of
information propagation directionality. Further tests on lattice
permutations and sizes need to be conducted.

It may also be that models need to be developed that void
the necessity for hyper-parametric optimization. Models that
are agnostic to the size of the lattice and the directionality
of the information transfer. This is unlikely, however, as it
is evident that there is a positive correlation between neuron
density and volume and processing capabilities.

Concerning criticality, the explicit pre-training step requires
further optimisation, as it is unstable in training and prone
to failure. Measuring and pre-training for criticality may be
wholly irrelevant. As their namesake suggests, self-organising
critical systems tend to self-organize into critical states
[54]. There could be variations of NCA that have a natural
propensity for functional states to be in a critical form.
Regarding Lenia, recent work on adapting the system to
be bound by constant energy has led to Flow-Lenia [55].
Importantly, random search through Flow-Lenia parameter
space mainly yields class four Cellular Automata, which
are believed to be in a critical state. Lenia and Flow-
Lenia, by extension, are analogues to NCA as their update
functions present alternating layers of linear and non-linear
computations. Though Lenia’s purpose is wholly in the
pursuit of artificial life, it points to the necessity of energy
conservation in NCA as a keystone feature for self-organising
criticality.

C. Limitations

Though the results from this research are novel, their
validity could be further solidified by conducting more runs
of each experiment. As it stands, ten runs per experiment
could lend itself to flukes. Especially when taking into
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consideration the erratic nature of NCA.

A limited attempt was made by analysing similarities
in the NCA information channels to explain why certain
pre-trained update functions performed better at the control
task. Further insight into the dynamics of the NCA lattice
could have been explored. The update function remains a
black box. However, the values stored in the lattice present
an opportunity to measure information flow and direction, as
well as cross-channel interaction.

The results from the LunarLander experiments resulted
from a direct transplantation of the model used from the
cart-pole environment into the LunarLander environment.
This did not account for the increased complexity of the new
environment and could have been a major culprit of the poor
results. More could have been done to test the abilities of the
NCA by adjusting the lattice size, neural network size, or any
number of other hyperparameters.

D. Ethical Considerations

As with all machine learning papers, ethical considerations
and implications should be considered, even when the research
is primarily theoretical. The primary ethical concern should
be that of resource consumption. Currently, NCA lattice sizes
are small; however, if advantages to increasing their lattice
sizes are found, this could lead to an explosion in the resource
consumption for training these models. The setup used for this
thesis used a single, middle-range GPU. Simply doubling the
lattice size would require around three GPUs as the memory
consumption grows with the square of the lattice size. More
complex update function architectures would also increase this
computational requirement. This could lead to NCA research
taking up a considerable amount of computing and thus power
and resources that could, in the long run, exacerbate current
environmental issues.
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APPENDIX A
DoUBLE DQN PROCEDURE

Listing 4: DDQN training procedure

environment = make_environment(Cart—Pole—-v2)
policy_nca = NCA(args)

target_nca = NCA(args)

main_memory = initialise_memory ()
early_memory =initialise_memory ()

agent = DQN_AGENT(policy_nca, target_nca)

state_pool = [environment.reset() for _ in range(pool_size)]
grid_pool = [random_grid () for _ in range(pool_size)]
K=2
for i in range(num_episodes):
state = random_sample(state_pool ,1)

environment.set_state (state)
for j in range (K):
grids = random_sample (grid_pool, batch_size)
action, new_grids = agent.select_action(state , grids)

if random.random () < eps_threshold:
action = random_sample(environment.action_space)

aneal_eps ()
next_state , reward, done = env.step(action)

if len(early_memory) < 1000:
early_memory . store (state , action, next_state , reward)

else:
main_memory . store ( state , action, next_state , reward)
update_pool(state_pool , state, next state)
update_pool(grid_pool, grids, new_grids)
state = next_state
if done:
break
agent.optimise (early_memory , main_memory, grid_pool)
agent.target_update ()

Listing 5: Agent Class

class Agent:

def __init__ (policy_nca, target_nca):
policy_nca = policy_nca
target_nca = target_nca
input_cells = initialise_input_cells ()
output_cells = initialise_output_cells ()

def select_action(state , grids):
new_grids = policy_nca(grids, state, input_cells)

action = argmax(grids[0,output_cells])
return action, new_grids
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def

def

optimise (early_memory , main_memory, grid_pool):

transitions = smemory_sample(early_memory , main_memory)

batch = Transition(xzip(xtransitions))

state_batch = torch.cat(batch.state)

action_batch = torch.cat(batch.action)

next_state_batch = torch.cat(batch.next_state)

reward_batch = torch.cat(batch.reward)

grids = random_sample (grid_pool, batch_size)

state_action_values = argmax(policy_nca(grids, state_batch, input_cells)[

output_cells])

next_state_actions = argmax(policy_nca(grids, next_state_batch, input_cells)[

output_cells])

next_state_values = target_nca(grids, next_state)[output_cells]. gather(

next_state_actions)
Q_star = next_state_valuessgamma + reward_batch

for i range(len(Q_star)):

state_action_values|[i,action_batch[i1]] = Q_star[]I]

loss =0
for grid in grids:

prediction = policy_nca(grid, state_batch, input_cells)

loss += MSE_Loss(prediction. gather (action_batch),
gather (action_batch)
loss .backwards

target_update ()
target_nca = policy_nca =tau + target_nca =(l-tau)

state_action_values.
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APPENDIX B
MUTATION FUNCTION

Listing 6: Mutation Function

def mutate(nca):
layers = random.sample(nca.layers, len(nca.layers)/10)

for

layer in layers:
mask = random_like(layer) < nca.mutation_probablility[layer]

nca.mutation_rate[layer] = nca.mutation_rate[layer] * exp(stau =
random_normal_like (nca. mutation_rate[layer]))

nca.mutation_probability[layer] = (nca.mutation_probability[layer] + exp(stau
#* random_normal_like (nca. mutation_rate[layer]))).clamp(0,1)

mutation = random_normal_like(layer) % nca.mutation_rate[layer]

layer = layer + mutation=mask
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APPENDIX C
CROSSOVER FUNCTION

Listing 7: Cross Over Function

def cross_over(parent_1, parent_2):
child = parent_1.copy()
for layer in nca.layers:
if random.bool:
child .layer[layer] = parent_2.layers[layer]
return
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APPENDIX D
ES PROCEDURE

Listing 8: ES Procedure

nca = NCA(args)
agents = [nca.copy() for _ in range(num_agents)]

for

i in range(num_episodes):

evaluate (agents)

parents = truncated_selection (agents, num_parents)
random . shuffle (parents)

children = []

for j in range(len(parents) — 1, step_size = 2)
for _ in range(2):
parent_1 = parents|[j]
parent_2 = parents[j+1]
child = cross_over(parent_1 ,parent_2)

children .append(child)

for child in children:
mutate (child)

agents = parents+children
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