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Abstract

Stephen Wolfram proclaimed in his 2003 seminal work “A New Kind Of Science” that
simple recursive programs in the form of Cellular Automata (CA) are a promising approach
to replace currently used mathematical formalizations, e.g. differential equations, to
improve the modeling of complex systems. Over two decades later, while Cellular Automata
have still been waiting for a substantial breakthrough in scientific applications, recent
research showed new and promising approaches which combine Wolfram’s ideas with
learnable Artificial Neural Networks: So-called Neural Cellular Automata (NCA) are able
to learn the complex update rules of CA from data samples, allowing them to model
complex, self-organizing generative systems.

The aim of this paper is to review the existing work on NCA and provide a unified modular

framework and notation, as well as a reference implementation in the open-source library
NCAtorch.

Project Website: https://www.neural-cellular-automata.org/
Source Code: https://github.com/mspitzna/NCAtorch
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1 Introduction

1.1 Cellular Automata

Cellular Automata (CA) have been a subject
of study since the 1940s, notably by John
von Neumann (Von Neumann et al., |1966])
and others. At its core, Cellular Automata
are discrete computational models, which
consist of a finite, regular grid G of discrete vie
K Nsie)
cells. Each cell holds a discrete state s;; b) ﬁ ED . .QD D!l D!D DQI DI;ID
at a given discrete time-step ¢. As time El 5 ‘ M ‘ 5 ‘ P ‘ = ‘ A ‘ 5 ‘R
progresses, cell states are updated recursively ——
and synchronously across all cells, based
on a set of rules R that utilize the local Figure 1: Visualization of a simple, 1D CA with binary
neighborhood N(s;;) to calculate the new states. a) shows the recursive update of grid states over
cell state: s; 441 := R[N (si,)] (Schiff, [2011). time by applying the update rules R on the 3 x 1 cell neigh-
Figure [1] shows the computation process and borhoods shown in b).

time

A4
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rules for a basic CA with binary states (s(;,,), € {0,1}).

Cellular Automata gained significant public recognition in the 1970s through Conway’s "Game of Life"
(Conway et all [1970). This game employed a binary Cellular Automaton on a two-dimensional grid and
update-rules based on a 3 x 3 neighborhood.

Applications and Theoretical Significance. Subsequent research demonstrated the broad appli-
cability of CAs, including their use in biological (Coombes, [2009; Bouligand), |1986; Hatzikirou et al., |2012),
chemical (Gerhardt & Schuster] (1989), and physical modeling (Wolfram), [1983; [Zaluska-Kotur et al.l [2021]).
Furthermore, certain CA configurations were shown to possess powerful theoretical computing properties,
such as Turing Completeness (Cook et al., 2004) of certain CA configurations, thus establishing CAs as a
universal computing model.

This theoretical strength led Stephen Wolfram to propose his well-known work, “A New Kind Of
Science” (Wolfram & Gad-el Hakl [2003)). In it, he suggested that inherently limited mathematical formu-
lations could be replaced by more powerful “simple programs” and formulated a new formal framework for
numerous scientific applications grounded in Cellular Automata.

1.2 Basic Neural Cellular Automata

From Fixed Rules to Neural Networks. Traditional Cellular Automata (CA), as initially proposed by
(Wolfram & Gad-el Hak, [2003), (Conway et al., [1970), and (Von Neumann et al., |1966]), are constructed
using a fixed set of manually designed rules. For instance, the update rule shown in fig. |1} is known as
“Rule #1107 (named after the binary coding of the rule outputs), which is one of 22° = 256 possible rules
for a 1D, binary-state CA with a neighborhood size of 3, first introduced in (Wolfram & Gad-el Hakl, |2003]).

While all potential rules for a specific CA with pre-
determined discrete states S and neighborhood-size
|N| can be generated combinatorially, these rule-
spaces unfortunately grow exponentially. Even
the relatively simple 2D binary CA used in the Game
of Life already has 22°° = 2512 possible rules for
its 3 x 3 neighborhood. This challenge has made
the idea of learning more complex rules from
data — instead of designing them by hand — in-
creasingly appealing.

Syt € R3 Sxy)t+1 € R? [Mordvintsev et al. (2020) introduced the concept of
Neural Cellular Automata (NCA), which essentially
substitutes the manually designed rules with artifi-
cial Neural Networks that are trained on problem-
specific data. Equation provides an abstract for-
malization of an NCA update function, where fg
denotes an arbitrary neural network with learnable
parameters ¢.

Sit41:=Sit + folN(sit)], si€S (1)

Since fy is space-invariant with respect to the grid G (meaning the same f, is applied at all positions ¢
during a time step), (Mordvintsev et al. 2020)) suggested an efficient implementation using “nested” Convo-
lutional Neural Networks (CNNs) (LeCun & Bengio, [1998)). In its simplest form, the kernels (or filters) of
a single convolutional layer model a learnable perception Py, of neighborhoods A matching the kernel
size, followed by a learnable update layer /4 implemented as 1 x1 convolutions, which together implement
learnable non-linear CA update rules Ry on all cells s at time ¢ simultaneously:

Figure 2: Sketch of a basic CNN implementation of
a 2D NCA with a 3D state space. The initial grid is
fed into a CNN architecture which updates the state
additively and is called recursively for each time step.
During training, the network is trained via usual gra-
dient updates computed per timestep.

St4+1 1= St + Rd)[St] = S; + Z/{¢[PN7¢ * St] (2)

Figure [2] illustrates this basic CNN-based NCA architecture. The theoretical equivalence between "nested"
CNNs and CA has been formally proven by (Gilpin, 2019). It is important to note, however, that most
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NCA architectures relax the original CA property of discrete cell states, moving instead toward continuous
vector state representations s;; € R”.

While the original work of Mordvintsev et al.| (2020]) used a simple, LeNet (LeCun et al., [2002)-like, 1-layer
convolutional NCA to show impressive self-organizing and classification tasks on images, later works extended
the use of CNNs to more complex network architectures: |Sandler et al.| (2020]) showed NCA based image
segmentation with larger CNNs, while Tesfaldet et al.|(2022a)) introduced an attention based implementation.
NCAs based on GANs (Otte et al.| [2021a)), VAEs (Palm et al., |2022) or diffusion (Kalkhof et al.| [2024a)) also
have been utilized for generative tasks. |Grattarola et al.| (2021)) applied a NCA based approach on graph
data.

1.3 Contributions

The contributions of this paper are threefold: I) We summarize the existing works on NCA in the (to the
best of our knowledge) first systematic review and experimental evaluation of this novel research topic. II)
We introduce a unified notation and modular decomposition that consolidates the disparate formulations of
prior NCA works into a single coherent framework. IIT) We release N C’Atorchﬂ a PyTorch (Paszke et al.|
2019) open-source framework that consolidates established NCA practices and, novel to this domain, makes
a range of standard deep-learning stability and training options available as configuration-level components
in a single ready-to-use stack.

2 Reference Implementation: the NCAtorch Framework

To facilitate systematic and reproducible research in NCA, we introduce a modular and extensible framework
for experimentation. Its central objective is to compare different NCA architectures and components across
a spectrum of tasks. The framework is built around an abstract base model, with key components managed
through YAML files and pydantic for type-safe configuration. This design allows researchers to seamlessly
implement and integrate new perception modules, training routines, and datasets. To ensure traceability,
all training metrics and visualizations are optionally logged via Weights & Biases (Biewald, [2020)).

Related Frameworks. The original NCA and self-organizing systems releases are distributed as indepen-
dent example notebooks without a shared configuration or evaluation scaffold (Mordvintsev et al., [2020; |Ran-
dazzo et al.| 20205 2021} |[Niklasson et al.| 2021]). More recent libraries provide reusable NCA implementations:
ncalidﬂ offers a modular Python library with example NCA variants (e.g., growing, self-classifying MNIST,
segmentation, genome-based NCAs), while CAXE| (Faldor & Cully, [2025) provides a JAX-based library for
accelerated cellular systems that includes NCA variants alongside a broader collection of artificial-life models.

What NCAtorch adds. NCAtorch is a PyTorch-centered research framework for controlled, cross-task
comparisons of NCA variants. It provides a unified training and evaluation stack with standardized configura-
tion, shared registries for models/datasets/trainers, and logging/visualization utilities, enabling reproducible
ablations across vision tasks. The framework is ready to use out of the box and includes documentation
for extending it with new datasets, perception modules, and update rules. Beyond reusable NCA imple-
mentations, NCAtorch makes a range of commonly used training and stability options readily accessible
in the NCA setting. Specifically, it supports NCA-established mechanisms such as stochastic updates (fire
rate), living masks, and sample pooling with perturbations (Mordvintsev et al., 2020; [Randazzo et al., |2020;
2021} [Niklasson et all 2021, as well as standard deep-learning engineering features including learning-rate
scheduling, mixed precision, gradient clipping/accumulation, and checkpointing. Importantly, these compo-
nents are exposed through a unified, modular interface with swappable perception and update modules, and
can be enabled or disabled via YAML configuration to support controlled comparisons.

Modular Design Philosophy. Following the general NCA formulation s;y1 = s¢ +Ug [Py (s¢)] from eq. (2)),
our framework architecture is organized into four core components that can be independently configured
and combined: (1) Cell State Representation s; € RT*Wx*C: defining what information each cell stores and

Thttps://github.com /mspitzna/NCAtorch
2https://github.com/dwoiwode/ncalib
Shttps://github.com/maxencefaldor/cax
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propagates across the H x W grid with C' channels. (2) learnable Perception Module Py: determining how
cells sense their local neighborhood and extract spatial features. (3) learnable Update Module Uy,: computing
state transitions from perceived features, and (4) Training Infrastructure: managing optimization, logging,
and specialized training strategies such as Sample Pooling. Figure [3] visualizes the interaction of these
components within a single NCA iteration step. This separation of concerns serves two critical purposes.
First, it enables systematic experimentation: by keeping the update module, training protocol, and cell state
structure constant while varying only the perception module, we can isolate and quantify the impact of
different perception strategies on learning dynamics, generation quality, and robustness (section . Second,
it promotes extensibility: new perception types, loss functions, or training mechanisms can be integrated
as drop-in replacements without modifying the core architecture. The framework thus functions both as a
research tool for controlled comparative studies and as a flexible platform for exploring novel NCA designs.

2.1 Modular CA Model and Perceptions

Cell State Representation. At the core of our approach is a highly adaptable CA model with a customiz-
able cell state representation. Each cell’s state vector can be structured to contain: (i) wvisible channels for
observable outputs (e.g., RGB values for image generation), (ii) hidden channels for internal computation
and information propagation, (iii) condition channels for fixed global or local conditioning signals (e.g., tar-
get class labels, spatial guidance), and optional (iv) classification channels for evolving class predictions in
recognition tasks. This flexibility allows the same architectural foundation to be adapted across generation,
classification, and video prediction tasks (section. During each forward pass, the evolving state channels
are concatenated with any auxiliary condition channels (e.g., class labels broadcast spatially or edge maps
for conditional generation) to prepare the input for the perception module, as illustrated in fig.
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Figure 3: Overview of a single NCA iteration step. The cell state consists of visible channels (e.g., RGB),
hidden channels for internal representations, and optional classification or conditioning channels. The percep-
tion module processes the cell state using one of several configurable options. The update module processes
the perceived features to compute state updates. Stochastic updates and alive masking are applied before
updating the visible, hidden, and optional classification channels to form the new cell state for the next
iteration. The sample pool is used after one batch of images is processed to retain and reuse evolved states
for subsequent training iterations.

Perception Module. The perception module (fig. functions as the sensory component of the CA,
extracting local spatial features from the cell state grid. Critically, the framework supports a wide array of
interchangeable perception strategies as independent modules, enabling systematic comparative evaluation
of their impact on learning dynamics and robustness. We provide implementations of five distinct perception
mechanisms: (i) Convolution Perception: standard convolution with configurable perception size (kernel size)
and dilation rate. (ii) Attention Perception (Tesfaldet et al] [2022Db): self-attention with adjustable perception
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radius. (iii) Sobel Perception: gradient-based edge detection with fixed 3 x 3 kernel. (iv) Deformable
Perception: deformable convolution with learnable spatial offsets and configurable perception size (Dai
et al.l [2017) and (v) Residual Perception: residual convolution with two sequential convolutional layers and
skip connections, with configurable perception size. All configurable perception modules expose perception
size as a hyperparameter, facilitating controlled experimentation on the influence of receptive field scope on
emergent behavior.

Update Module. The update module (fig. [3)) computes the incremental state change As based on features
extracted by the perception module. It is implemented as a configurable sequence of convolutional layers
with non-linear activations (e.g., ReLU), defaulting to a single depthwise convolution for computational
efficiency. After computing the update, a stochastic update mask is applied for asynchronous updates and,
optionally, a living mask. The masked update is then aggregated with the current state to complete one
iteration.

Living Mask Mechanism. To enable robust

' ] Algorithm 1: NCA Training for Generative Image
pattern regeneration and boundary formation, our

Tasks

framework implements an optional living mask
(fig. [3) that enforces cell viability constraints dur-
ing state evolution (Mordvintsev et al., 2020)). The
mechanism operates on a configurable alpha chan-
nel within the cell state. A cell is considered alive
if its alpha value exceeds a threshold 7 = 0.1. The

Input : Training sample (Xsced, €, Xtarget ), NCA
model F, (perception Py, update Uy),
loss L, step range [Tmin, Tmax), Phire

Output: Trained parameters ¢*

1 Initialize optimizer, LR scheduler, sample pool

- . Ppool — ®1
living mask is computed both before and after the Lo .
AR 2 for each training iteration do
state update, and only cells that remain alive in both .
Howed M — M M 3 Draw (Xsced, C, Xtarget) from dataset D;
states are allowed to persist: = Mpre A Mpost- Construct initial state: sg < embed(Xseed, C)

This combined mask is applied element-wise to zero

out dead cells: s;11 = 8417 X M. // Sample Pool

if |Ppool| > 0 then
With probability rp.01: replace so with a
random sample from Ppqo1;
7 Optionally apply spatial damage or
condition mutation;

2.2 Training Algorithm

Unlike standard supervised models that compute a

loss after a single forward pass, NCA training un-
rolls the update rule for T sequential steps before
evaluating the loss, and backpropagates gradients
through all steps. While the core rollout mecha-
nism is shared across all NCA tasks, the concrete
training setup varies by objective (see section [3| for
task-specific details and algorithms [2 and [3] for vari-
ant pseudocode). Here we present the general pro-
cedure for image generation. FEach training sam-
ple consists of a seed state Xgeed (€.g., an input im-
age), an optional condition ¢ (e.g., one-hot class la-
bel), and a target image Xiarget € RT*W > where
C, denotes the number of visible output channels
(e.g., 4 for RGBA). The initial state sy € REXWx*C
with C = C, + Cy + d. is formed by placing the
seed into the C, visible channels, initializing the C},
hidden channels to zero, and broadcasting the d.-
dimensional condition across all spatial positions.
After T steps, the visible channels % = s¢[: C,] are
compared to Xiarget via a loss £ (e.g., MSE). The
rollout length T' ~ U[Tinin, Tmax) i randomized per
iteration for temporal regularization. A sample pool
(section may replace the initial state with a pre-

// Multi-step NCA rollout
8 Sample rollout length T' ~ U[Tinin, Timax);
9 fort=0toT —1do

// perception: local features
10 Pt < Py(se);
// update: state increment
11 Asy + Uy (pt);
// stochastic update mask
12 m; ~ Bern(pge) T *W;
13 St+14 St + my © Asy;
// living mask (optional)
14 | St+14Se41-M(Se,8141);
// extract visible channels as
prediction
15 X« s7[: Cyl;
16 L < L(X, Xtarget);
17 Backpropagate V4L through all T' steps; clip
gradients; optimizer step;
// Commit evolved state to pool
18 Store (s7, ¢, Xtarget) il Ppool (FIFO);
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viously evolved state, enabling the model to learn self-repair and long-term stability. Algorithm [I] provides

the complete pseudocode.

2.3 Trainer Framework and Training Strategy

Our training framework features an abstract base trainer that encapsulates core functionalities such as op-
timizer initialization (e.g., AdamW), learning rate scheduling (e.g., cosine annealing), checkpointing, and
comprehensive logging, including monitoring of intermediate evolution steps (fig. . The base trainer han-
dles technical aspects like mixed precision, gradient clipping, gradient accumulation, and optional gradient

checkpointing for memory efficiency.

Specialized trainers can be derived from this base
to target specific objectives. Functionalities such as
latent space evolution are integrated at the model
level for broader applicability.

2.4 Sample Pool Mechanism

To enhance training dynamics and stability, par-
ticularly for generative tasks, our framework incor-

porates the sample pool mechanism (Mordvintsev|
2020). This module retains and reuses repre-

sentative samples from previous iterations, as visu-
alized in fig. @ which are reintroduced into training
batches based on a configurable ratio. To increase
robustness, the sample pool employs a controlled
perturbation process, such as applying a masking
function to reintroduce damaged samples. This
mechanism helps balance exploration and exploita-
tion, contributing to a more robust training pro-
cess for NCAs. A detailed empirical ablation study
demonstrating the impact of Sample Pooling on re-
generation performance is provided in appendix

2.5 \Visualization Toolkit

Our visualization toolkit provides an interactive in-
terface to explore and evaluate trained CA models.
Built on a FastAPI backend with Jinja2 templates,
it enables real-time observation of the model’s state
evolution in a web browser. The toolkit sup-
ports dataset-specific functionalities, such as paint-
ing MNIST digits or dynamically changing targets
for emoji generation to test regeneration. This in-
teractivity facilitates detailed qualitative analysis
and an intuitive understanding of the CA dynamics.
An example of the visualization interface is shown

in fig.

3 Evaluation
of Neural Cellular Automata

We present a systematic evaluation of existing NCA
work, extending prior approaches with additional
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Figure 4: Sample pooling mechanism during train-
ing. Starting from seed states (top row), the NCA
evolves over multiple steps toward target patterns
(bottom row). Optional intermediate logging states
show the progressive refinement. The sample pool re-
tains evolved states from previous training iterations,
which are randomly selected and reintroduced into
new training batches, optionally with applied pertur-
bations or mutations.
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Figure 5: Interactive web-based visualization toolkit
for real-time NCA model inference and exploration.



Published in Transactions on Machine Learning Research (06/2026)

enhancements to perception mechanisms and train-

ing protocols. Our experiments are designed to rigorously evaluate the proposed framework, with a particular
focus on the impact of the perception module on NCA performance. By systematically varying the percep-
tion mechanism, we isolate its influence on learning dynamics, emergent behavior, and robustness. A key
aspect of our evaluation is quantifying the NCA’s ability to regenerate target structures after significant
perturbations, such as targeted cell removal (damage) or random condition alterations (mutation). This
assessment allows us to measure the resilience inherent in different perception designs.

Our evaluation spans image generation (section , including conditional emoji generation, Edge-to-
Handbag translation, latent space NCAs and texture generation (section with style-based synthesis on
the DTD dataset. classification (section via self-classifying NCAs on MNIST and CIFAR-10 and video
transition (section with temporal dynamics learning on MovingMNIST.

3.1 Image Generation (Emoji, E2H, MNIST)

In the image generation tasks, the objective is to learn NCA update rules that grow a target image from
a minimal seed state, following the training procedure in algorithm [I The NCA evolves an initial state sg
for T steps, and the loss £ is computed between the predicted visible channels X = s7[: C,] and the target
image. We assess the ability of NCAs equipped with different perception modules to grow and maintain
specific target images. The modular perception architecture (section [2) enables a systematic comparison
of Sobel filters, standard convolutions (3x3, 5x5), deformable convolutions, and MultiPerception strategies
while keeping all other components constant. Our experiments focused on two primary tasks: generating
static Emoji images (Mordvintsev et al., 2020) and performing image-to-image translation with the Edge-
to-Handbag (E2H) dataset (Isola et al., |2018). Additional experiments on growing MNIST digits and the
impact of different loss functions are presented in appendix [A-5]

3.1.1 Regeneration Metric

To quantify regeneration performance, we use a unified metric that measures recovery following a perturba-
tion. We define the recovery percentage as:

Menal — M
—mal — 74 100 (3)

Recovery (%) =
Mpre — Md

where mp, is the mean task-specific metric before the perturbation, mq is the metric immediately after
the perturbation is applied, and mgna) is the metric at a defined final timestep post-perturbation. This
normalization yields 100% for complete recovery to the pre-perturbation performance level and 0% for no
improvement. Negative values signify further degradation after the initial perturbation.

For generation tasks, we report Learned Perceptual Image Patch Similarity (LPIPS) (Zhang et al., |2018]), a
perceptual distance metric that computes a weighted /5 distance between deep feature activations ¢; of a
pretrained network:

1
LPIPS(%,x) = Z oW Z Wi © (¢1(%)i,; — d1(x)i)ll5 (4)
l (]

where w; are learned channel-wise weights. Lower LPIPS indicates higher perceptual similarity to the target.

Perturbation Types. We evaluate robustness under two types of perturbations applied to an evolved state
s; at a fixed timestep:

o Damage: a circular mask M € {0,1}*W is applied to zero out a contiguous circular region of

cells: s; < s; - M. This tests the NCA’s ability to regrow missing structure from surviving cells.

e Mutation: the condition channel c is replaced with a randomly sampled target class ¢’ # ¢, while
the cell state is kept intact. This tests the NCA’s ability to adapt an already-evolved state to a new
target.
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3.1.2 Emoji Task

Prior Work. The original Growing CA work by |Mordvintsev et al.| (2020 demonstrated that NCAs could
learn to grow and maintain a single target emoji image from a seed pixel using simple convolutional perception
and MSE loss. A key innovation was the introduction of the Sample Pooling mechanism, where training
batches included samples drawn from previously generated states rather than always starting from a clean
seed. This technique significantly improved the model’s ability to recover from perturbations and maintain
stable patterns over extended evolution periods (Randazzo et al., 2021)).

Our Extension. We extend this foundational work in three key directions. First, we implement conditional
multi-class generation by adding a dedicated condition dimension to the cell state, as visualized in fig. [0}
With this, a single NCA model is able to generate and transition between multiple emoji classes (we use 5
distinct emojis). This is achieved by encoding the target emoji as a one-hot vector that is spatially broadcast
across all cells, providing a global conditioning signal. Second, we systematically evaluate the impact of
different perception modules on both generation quality and robustness, comparing Sobel filters, standard
convolutions (3x3, 5x5), deformable convolutions, and a Combined MultiPerception strategy. Third, we
enhance the training protocol to explicitly promote adaptation capabilities: during training, we not only
apply spatial damage to pooled samples but also randomly mutate the target emoji condition, forcing the
NCA to learn transitions between different target patterns.

Training Objective. Following algorithm [} the
emoji task uses MSE loss L(X,Xtarget) = ||& —
Xtarget || between the predicted RGBA channels
(C,=4) and the target emoji. Sample pooling with
both damage and condition mutation is enabled to
promote regeneration and multi-class adaptation.

Results. We trained NCAs with the setup de-
scribed above, comparing five distinct perception
strategies: Sobel filters, standard 3x3 and 5x5 con- -
volutions, 3x3 attention, deformable 3x3 convolu- Syt € RT Sxy)t+1 € R?
tions, and a ’Combined’ strategy using MultiPer-

ception with 3x3 convolution and 5x5 dilated con- Figure 6: Architecture of conditional NCA. The cell
volution (dilation=2). Table [I| reports the quan- gtate includes visible RGB channels, hidden channels,
titative results, including LPIPS loss at different and a dedicated condition dimension containing a one-
stages of evolution (averaged over timesteps 64-96, hot encoded target class vector spatially broadcast
at timestep 149, and at timestep 449) as well as the across all cells.

final regeneration percentages after controlled dam-

age and mutation.

These regeneration effects only emerge reliably when sample pooling is enabled during training. Without
pooling, models fail to recover from perturbations and instead drift or collapse (see appendix [A.4). All
results reported in this section therefore use sample pooling by default.

Regeneration quality consistently improves as the perception module becomes more expressive, either through
larger receptive fields or learnable spatial adaptivity. The Combined perception achieves both the lowest
steady-state LPIPS and the highest regeneration scores (98.32% for damage, 99.64% for mutation). In
contrast, limited or fixed perceptions such as Sobel filtering show higher reconstruction error and significantly
weaker recovery (84.92%). This suggests that regeneration is correlated with the network’s ability to integrate
information beyond strictly local neighborhoods. The Attention 3x3 perception achieves excellent generation
quality (LPIPS 0.009 at Stage 1), outperforming standard Conv 3x3 despite having the same 3x3 receptive
field size. However, we observed that training proved substantially less stable than convolutional approaches,
requiring careful hyperparameter tuning to avoid collapse.

The LPIPS curves in fig. illustrate successful adaptation when the global target condition is switched
mid-evolution. Figure [7h] provides a qualitative comparison across perception types, showing that richer
perception results in both faster and more complete regrowth.
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Table 1: Emoji generation performance: LPIPS loss and regeneration percentage after damage and mutation
for different perception modules. For NCA-based models, we report LPIPS at three rollout stages: Stage 1
(within the training horizon, 64-96 update steps), Stage 2 (after additional rollout, right before applying
damage or mutation, 149 steps), and Stage 3 (after the regeneration phase, 449 steps). U-Net and GAN are
single-step models without iterative updates; their scores are evaluated at the same three pipeline stages but
do not involve further rollouts. Lower LPIPS is better; higher Regeneration is better.

Damage Mutation Params.

Perception LPIPS | LPIPS | LPIPS | Reg. 1|LPIPS | LPIPS | LPIPS | Reg. 1

Stage 1 Stage 2 Stage 3 (%) |Stage 1 Stage 2 Stage 3 (%)

(64-96) (149)  (449) (64-96) (149)  (449)
Sobel 0.152 0.124 0.144 84.92 0.151 0.124 0.138 93.64 8k
Conv 3x3 0.065 0.060 0.128 58.74 0.068 0.060 0.070 95.75 23k
U-Net - 0.070 0.064 100 - 0.061 0.055 99.26 25k
GAN - 0.042 0.037 100 - 0.042 0.039 100 25k
Deformable 3x3 0.040 0.035 0.041 96.17 0.040 0.035 0.039 98.33 27k
U-Net - 0.028 0.026 100 - 0.029 0.026 100 44k
GAN - 0.018 0.017 100 - 0.018 0.018 100 44k
Conv 5x5 0.032 0.025 0.042 89.58 0.032 0.025 0.029 98.34 51k
U-Net - 0.024 0.024 100 - 0.022 0.024 100 69k
GAN 0.015 0.015 100 0.017 0.017 100 69k

Comb. 3x3+5x5D 0.003 0.001 0.005 98.32 | 0.003 0.001 0.003 99.64 71k
Attention 3x3 0.009 0.010 0.026 85.78 0.009 0.010 0.012 95.05 80k

Average LPIPS Loss over steps with Mutation applied at 150/300 Step 100 Step 101 Step 110 Step 120 Step 140 Step 200

—— sobel
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Figure 7: Emoji generation dynamics illustrating adaptation and regeneration robustness. (a) Example of
NCA adaptation: the state transition sequence when the target emoji condition is switched mid-evolution.
(b) Comparison of regeneration quality after 50% vertical damage for three perception strategies (rows, top
to bottom: standard 3x3 Conv, standard 5x5 Conv, 3x3 Conv + 5x5 Dilated Conv, and 3x3 attention
perception
). Each row shows the state before damage, immediately after damage, and during subsequent recovery.
Consistent with the quantitative results in Table [1} the more complex perception achieves near-complete
visual regeneration, while the 3x3 Conv shows limited recovery.
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3.1.3 Edge-to-Handbag (E2H) Task

Prior Work. The integration of NCAs with adversarial training was introduced by (Otte et al. 2021b)),
who demonstrated that NCAs could function as generators within a GAN framework for image synthesis.
Their work showed that combining the self-organizing properties of NCAs with adversarial objectives enables
the generation of more realistic and diverse images compared to MSE-based training alone. The Edge-to-
Handbag (E2H) dataset (Isola et all 2018)) provides a challenging conditional image-to-image translation
task, where the model must translate sparse edge maps into detailed, textured handbag images. This requires
both handling complex conditional inputs and generating intricate visual details—capabilities that benefit
from adversarial training objectives.
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(a) LPIPS loss over generation (b) Generation examples over time

Figure 8: Edge-to-Handbag (E2H) conditional generation results using NCAs under adversarial training. (a)
Learned Perceptual Image Patch Similarity (LPIPS) loss during generation for different perception modules
(standard 3x3 Conv, wider 5x5 Conv, and Combined [3x3 Conv + 5x5 Dilated Conv D=2]). Lower LPIPS
indicates better perceptual quality. (b) Visualization of the generation sequence from initial seed state to
final generated handbag images for multiple samples. Last column shows the ground truth target image
corresponding to the input edges.

Our Extension. We apply adversarial training to the E2H task within our modular framework, system-
atically comparing different perception architectures under this training regime. The NCA rollout follows
algorithm [T} but replaces the reconstruction loss with a Wasserstein GAN objective (Arjovsky et all[2017)
with Gradient Penalty (WGAN-GP) (Gulrajani et al., 2017)): the NCA acts as the generator producing
RGB images (C, =3) conditioned on the input edge map, while a critic network is trained concurrently to
distinguish real from generated samples.

Results. As illustrated in fig. [§] perceptions with broader spatial context yielded superior results even
under this adversarial training regime. The loss curves in fig. plotting LPIPS (Zhang et al., 2018)) over
time, clearly show that perceptions with larger receptive fields (Conv 5x5 and Combined) resulted in lower
LPIPS loss compared to the standard Conv 3x3, correlating with higher perceptual quality in the generated
images. Qualitative examples of the generation process are shown in fig. visualizing the evolution from
the initial seed state towards the final handbag image across multiple samples. These results reinforce our
findings from other tasks: equipping NCAs with perception modules that capture more global information
significantly enhances their performance on complex generation tasks, regardless of whether the objective is
direct reconstruction or adversarial training.

3.1.4 Latent Space NCAs

Prior Work. Recent work by Menta et al.| (2024) introduced latent space NCAs for image restoration and
inpainting tasks, demonstrating that NCAs can effectively operate in the compressed representations learned
by autoencoders. This methodology builds upon principles common in state-of-the-art generative models
such as Stable Diffusion (Rombach et al., [2022)), which leverage learned latent representations from models
like VQVAE (van den Oord et all [2018)) to enable efficient high-resolution generation.
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Figure 9: Latent space NCA architecture for high-resolution image generation and inpainting. A pre-trained
VQVAE encoder compresses the input/seed state into a compact latent representation. The NCA evolves
within this learned latent space through iterative local updates.

Our Extension. We extend latent space NCAs in two directions. The training procedure adapts algorithm ]
by wrapping the NCA rollout with a pre-trained encoder and decoder; the full latent training algorithm is
detailed in algorithm [2] First, we apply latent NCAs to conditional multi-class generation using both the
Emoji and E2H datasets, enabling generation at higher resolutions (512x512 for Emoji, 256x256 for E2H).
A pre-trained VQVAE encodes the seed state and target images into compressed latent representations,
allowing the NCA to evolve in this lower-dimensional space. The evolved latent state is decoded back to
pixel space, and the loss £ (MSE) is computed in the pixel domain to train the NCA. Second, we explore
latent NCAs for high-resolution image inpainting on CelebA using a two-stage protocol:
first training a VQVAE on both perturbed (with random circular patches removed) and complete images
to learn a robust latent manifold, then training the NCA entirely in latent space to evolve masked latent
encodings toward their complete counterparts through context-aware regeneration.
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(a) Emoji generation at 512x512 (b) E2H generation at 256 x256
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Figure 10: Latent space NCA generation for conditional image synthesis. The NCA evolves in the compressed
latent space of a pre-trained VQVAE, enabling efficient high-resolution generation for both (a) multi-class
emoji generation and (b) edge-to-handbag translation.

Results. For conditional generation (fig. , latent space NCAs successfully synthesized high-resolution
images for both Emoji and E2H tasks, achieving faster growth with substantially less computation compared
to pixel-space models due to their compact representation. Unlike traditional pixel-space cellular automata,
which require simulation steps proportional to image dimensions, latent space evolution enables efficient
scaling to higher resolutions. For the CelebA inpainting task (fig. , the latent NCA demonstrated effec-
tive context-aware regeneration, progressively reconstructing missing facial features over evolution steps by
leveraging local communication in the learned latent manifold. These results demonstrate that latent space
NCAs can successfully handle both conditional generation and restoration tasks at higher resolutions while
maintaining computational efficiency.
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Figure 11: Latent NCA regeneration on CelebA inpainting. The sequence shows the evolution of the latent
state decoded to pixel space at intermediate steps. Starting from the masked image’s latent representation
(top), the NCA progressively regenerates missing facial features through local communication in latent space.

3.1.5 Scalability Analysis: Latent vs. Pixel-Space NCAs

While pixel-space NCAs excel at small-scale generation tasks, they face a fundamental scalability barrier:
the state size grows quadratically with image resolution. We demonstrate that latent-space NCAs are not
merely an optimization, but a necessary architectural choice for generating high-dimensional images. To
quantify this limitation, we benchmark latent-space NCAs (utilizing a VQVAE encoder/decoder with 8x
spatial compression) against pixel-space NCAs on an RTX 4090 (24GB VRAM). For all experiments, the
number of NCA steps is set to half the grid width (7" = W/2). Because the NCA grows from a single central
seed and information propagates at a maximum rate of one cell per step, this represents the theoretical
minimum number of steps required for the signal to propagate from the center to the grid boundaries.

Setup Grid NCA Steps Eval (ms) Eval Mem (MB) Train Mem (MB)
Latent Space

256%256 32x32 16 0.33 357 474
512x512 64x64 32 0.36 561 1461

1024 %1024 128 %128 64 0.50 1514 7359

Pixel Space

256%256 256x256 128 0.38 398 14254
512x512 512x512 ——Out of Memory

1024x1024 1024x1024 ———Out of Memory

Table 2: Latent vs. pixel-space NCA scalability (batch size 1). Latent models achieve 38 lower training
memory at 256 x 256 and scale to 1024 x 1024, while pixel-space NCAs become infeasible beyond 256 x 256
on a 24GB GPU.

As demonstrated in table 2] the memory requirements for pixel-space NCAs scale quadratically with image
resolution, creating a fundamental limitation for high-resolution generation. At 256 x 256 resolution, pixel-
space NCAs already consume 14.3 GB of training memory per sample. Attempting 512 x 512 generation
results in out-of-memory errors on consumer hardware with 24 GB VRAM, primarily because the grid size
requires increasing the step count to 256 to allow full propagation, compounding the gradient memory cost.
In contrast, latent-space NCAs operating on the compressed 32 x 32 representation achieve a 38 x reduction
in training memory at 256 x 256 (474 MB). Critically, the reduced grid size allows for proportionally fewer
steps (e.g., only 64 steps for a 1024 x 1024 image with a 128 x 128 latent grid), enabling generation at
resolutions that are completely infeasible in pixel space. These results establish that latent-space evolution
is a necessary architectural choice for scaling NCAs to practical high-resolution image generation.
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3.2 Texture Generation

Prior Work. |Niklasson et al| (2021) demonstrated that NCAs can learn to generate and self-organize
complex textures by training on style-based loss functions. Their approach used VGG-based Gram matrix
losses to capture texture statistics from the Oxford Describable Textures Dataset (DTD) (Cimpoi et al.l
2014)), enabling NCAs to produce dynamic, temporally consistent textures that emerge from fixed initial
states. This work established that NCAs could move beyond simple pattern replication to synthesize rich
textural patterns through self-organization, with the texture characteristics encoded in the learned update
rules rather than explicitly in the initial state.

Step 100 Step 110 Step 120 Step 140 Step 200
o /8 .

Average VGG Loss over steps with Damage applied at 150

— conv3a3
conv 3x3

|

Conv. 3x3

log(VGG)

Combined

S0 100 10 200 250 300 350

(a) VGG Style loss (b) Visual comparison and regeneration

Figure 12: NCA texture generation and regeneration dynamics for the "lacelike’ DTD texture. (a) VGG Style
loss progression over evolution steps, showing recovery after 50% horizontal removal at t=150. (b) Visual
comparison including the target texture and generated results. It illustrates the state before perturbation,
immediately after, and the final regenerated states for models using standard ("Conv 3x3’) versus enhanced
(’Combined’ [MultiPerception: 3x3 Conv + 5x5 Dilated D=2]) perception. Note how the Combined per-
ception more accurately reproduces both fine local details and larger structural patterns compared to the
simpler Conv 3x3 perception, both in the initial generation and during regeneration.

Our Extension. We apply the texture synthesis approach following the training procedure in algorithm
to systematically evaluate how different perception modules affect both texture generation quality and regen-
eration robustness. We train NCAs on a 168x168 grid using the DTD dataset. Unlike the image generation
tasks that use pixel-wise reconstruction losses, the texture task uses a composite loss £ = Lgtyie + A Loverfiow
where Lgty1e is a VGG-based sliced optimal transport loss over VGG layers | € Lygg and P random unit-
norm projections wy,:

Lstyle = Z Hsort (W;gﬁl (f{)) — sort (w;gzﬁl (xtarget)) Hz , (5)
l,p

and Loverflow 18 a regularization term penalizing activations outside their valid ranges:
Loverfiow = mean(ReLU(Xygp, — 1) + ReLU(—Xygh)) + mean(ReLU(|Xnidden| — 1)), (6)

penalizing RGB values outside [0, 1] and hidden channels outside [—1,1]. Training employs the Sample Pool
mechanism (section with evolution windows of 32-54 steps per iteration to improve stability. We compare
two perception strategies: standard 3x3 convolutional perception and an enhanced ’Combined’ strategy using
MultiPerception (3x3 Conv + 5x5 Dilated Conv D=2) to provide a broader receptive field. Critically, we
assess not just generation quality but also robustness through regeneration experiments, applying significant
perturbations (50% horizontal or vertical removal) after 150 evolution steps to test self-repair capabilities.

Results. The enhanced ’Combined’ perception strategy substantially improved the visual quality of gener-
ated textures, particularly evident in patterns requiring broader spatial context such as the ’lacelike’ texture
shown in fig. This texture was chosen for detailed analysis as its structure contains both fine-grained
local details and complex larger arrangements, providing a suitable test case for evaluating perception capa-
bilities. Quantitative evaluation using the regeneration metric (eq. ) confirmed the visual superiority: the
Combined perception achieved significantly higher recovery (99.88%) compared to standard 3x3 convolution
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(96.38%). As shown in fig. the VGG style loss progression demonstrates that the Combined perception
recovers more effectively after damage. These results suggest that broader receptive fields contribute to both
better initial texture generation and more effective self-repair capabilities in texture synthesis tasks.

3.3 Classification (MNIST, CIFAR-10)

Prior Work. [Randazzo et al.| (2020) introduced self-classifying NCAs for MNIST digit recognition, demon-
strating that NCAs could perform classification by evolving class predictions over time through local inter-
actions. In their approach, the NCA states include fixed input channels containing the image and evolving
classification channels (one for each class). Through iterative updates based on pixel-wise losses (MSE or
Cross-Entropy), these classification channels converge to represent the correct class, with the final prediction
derived by spatially averaging the class channels and selecting the maximum as visualized in fig.

Our Extension. The classification task adapts algorithm [1| with two key differences: (i) the input image is
placed into fized (non-evolving) channels, and (ii) the loss is computed on dedicated classification channels
instead of visible channels. Specifically, the state includes K evolving classification channels (one per class),
and the loss £ is either pixel-wise MSE or Cross-Entropy between these channels ¢z € REXWXK and a

spatially broadcast one-hot target yo, € {0, 1}H*WxK.
1 . L N2
EMSE == m Z(CT[Zvjvk] _yoh[l7.77k]) ) (7)

.3,k

1 eXp(CT[iajv y;k ])
Lcg =——= ) log )
HW 12,]: Zg=1 exp(cT [,Lv], k/])

The final class prediction is obtained by spatially averaging each classification channel and selecting the
argmax: ¢ = argmaxy ﬁ Ei’ jCr [i, 7, k]. The full classification training algorithm is detailed in algorithm

While we validate the MNIST self-
classification approach within our frame-
work, our key contribution is extend-
ing the self-classification paradigm to the
significantly more challenging CIFAR-10
dataset. CIFAR-10 presents much higher

+ ¥y = avgmax youli, , K. ®)

o]

visual complexity (airplanes, trucks, an- argm* =
imals, etc.)  with color images and v
pred label

greater intra-class variability compared
to grayscale MNIST digits. For CIFAR-
10, we systematically evaluate how dif- Figure 13: Self-classifying NCA architecture. The cell state is
ferent architectural choices affect classi- partitioned into fixed input channels (containing the image to
fication performance: (i) standard 3x3 classify), hidden channels for computation, and evolving classifi-
convolutional perception, (ii) 3x3 convo- cation channels (one per class). Through iterative local updates,
lution with Sample Pooling (SP) for long- classification values propagate and converge across all spatial lo-
term stability, and (iii) an enhanced per- cations. The final prediction is obtained by spatially averaging
ception with residual connections and a each class channel and selecting the maximum.

wider receptive field (3x3 Conv + 5x5

Dilated Conv D=2).

3.3.1 MNIST Self-Classification

Validation Results. We first validate the self-classification approach on MNIST using a standard 3x3
convolutional perception module. We compare MSE and Pixel-wise Cross-Entropy (PCE) losses applied to
these classification channels, with targets being one-hot encoded spatial representations (target=1 in the
true class channel at all locations, 0 otherwise).

Table [3| summarizes the classification accuracy, showing high performance during stable evolution (e.g.,
steps 20-30) for both MSE (94.6%) and PCE (95.3%) losses. To test adaptation, the input digit (held in
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Figure 14: MNIST self-classification and adaptation dynamics. (a) Per-pixel classification accuracy over
evolution steps, showing the effect of mutating the input digit at t=150. (b) Visualization showing the input
digit (fixed) and the state of the 10 evolving classification channels before and after the input mutation.

the fixed channel) was mutated to a different digit after 150 steps. The table shows accuracy just before
mutation (step 149) and long after (step 449), demonstrating the network’s ability to dynamically adapt
its pixel-wise predictions to the new input digit. The "Regeneration" column quantifies this adaptation
capability by measuring the recovery of per-pixel accuracy relative to the pre-mutation level after the input
change; both loss functions enable strong adaptation (99.31% for MSE, 98.46% for PCE). Figure [14] provides
further illustration: fig. plots the per-pixel accuracy over time, including the dip and recovery following
the mutation event at t=150, while fig. shows a visual example of the evolving classification channels
adapting to the changed input digit.

Table 3: Mean Per-Pixel Accuracy and Adaptation Recovery on MNIST. For NCAs, columns show average
accuracy during stable evolution (20-30 steps), just before input mutation (step 149), long after mutation
(step 449), and the calculated adaptation recovery (%). GAN is a single-step model evaluated only at the
equivalent final timestep.

Loss Model Acc. (20-30) * Acc. (149) T Acc. (449) ©* Reg. (%) 1 | Params.
MSE NCA 94.6% 97.0% 96.4% 99.31 23k
PCE NCA 95.3% 97.8% 96.4% 98.46 23k
PCE GAN 94.78% N/A 25k

We note that MNIST digit classification is a well-solved problem, with state-of-the-art convolutional neural
networks routinely achieving near-human performance (Ciresan et all 2012). Our NCA implementation
serves as a proof-of-concept demonstration of the self-classifying paradigm rather than a competitive method.
For comparison to the image-to-image NCA approach, we trained a GAN baseline with comparable model
size (25k parameters) achieving 94.78% accuracy. However, larger and more sophisticated architectures
have no difficulty approaching near-perfect classification performance. The key contribution here is showing
that NCAs can learn to perform classification through iterative local updates, not that they outperform
established methods for this task.

3.3.2 CIFAR-10 Classification

Extending to CIFAR-10 addresses a significantly higher visual complexity with color images. The NCA state
includes the fixed 3-channel RGB input, hidden channels, and 10 evolving classification channels trained with
MSE loss on one-hot spatial targets. We evaluate three configurations: (i) standard 3x3 convolution, (ii)
3x3 with Sample Pooling (SP), and (iii) enhanced perception (Residual + 5x5 Dilated Conv D=2).
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Table 4: Mean Image Classification Accuracy on CIFAR-10. Columns show average accuracy during the
training window (32-64 steps) and accuracy at a later timestep (step 300).

Perception Strategy Acc. (32-64) Acc. (300)
Conv 3x3 43.83% 8.14%
Conv 3x3 + SP 41.11% 46.13%
Residual + Dilated 5x5 Conv 72.98% 54.37%

As shown in table [4] and fig. the enhanced perception dramatically improved performance, achieving
72.98% accuracy (steps 32-64) versus 43.83% for standard 3x3 convolution. Sample Pooling proved critical
for long-term stability: without SP, accuracy collapsed to 8.14% by step 300, while with SP, it maintained
46.13%. The enhanced perception also showed better stability (54.37% at step 300). These results demon-
strate that self-classifying NCAs successfully extend to complex natural image datasets beyond MNIST,
with architectural improvements (wider receptive fields, residual connections) and training mechanisms (SP)
proving equally beneficial for classification as well as for generation tasks.
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Figure 15: CIFAR-10 classification performance. (a) Image classification accuracy over evolution steps for
three perception strategies: Conv 3x3, Conv 3x3 with Sample Pooling (SP), and Residual 4+ Dilated 5x5
Conv. (b) Visual examples showing the input RGB image, hidden channels, and classification channels
(bottom row) for one sample.

Similar to MNIST, CIFAR-10 classification is well-established, with state-of-the-art deep residual networks
achieving accuracies up to 99.5% (Han et al., 2017} [Dosovitskiy et al.|[2021). Our NCA implementation serves
as a proof-of-concept that the self-classifying paradigm can extend to more complex natural image datasets
beyond simple digits. The contribution is demonstrating that NCAs can learn to classify natural images
through iterative local updates, rather than competing with optimized architectures designed specifically for
this benchmark.

3.4 Video Transition (MovingMNIST)

Prior Work. While NCAs have been successfully applied to static pattern generation, texture synthesis, and
classification, their application to temporal sequence prediction and video dynamics has remained relatively
unexplored. Video prediction tasks require learning not just spatial patterns but also temporal transition
rules that govern how patterns evolve over time. The MovingMNIST dataset (Srivastava et al.;|2016|) provides
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a controlled testbed for video prediction, where digits move with constant velocity and bounce off boundaries,
requiring models to learn both spatial and temporal coherence.

Our Extension. We introduce a novel application
of NCAs to video frame prediction, adapting algo-

rithm [I] to a state-to-state transition problem. The ,,fTJr !
NCA’s grid state is initialized with a sequence of k L
consecutive frames from a MovingMNIST video, en- ,. Ny 4
coded into the first k visible channels (C, =k) of the et -

state tensor, while the remaining hidden channels ' B » ——7"-——'
are initialized to zero. The NCA evolves this initial Syt € R Sxyt+1 € RD

state over multiple steps, with the training objec-

tive being to match the next sequence of k frames Figure 16: Video prediction NCA architecture for
(i.e., the original sequence shifted forward by one MovingMNIST. The cell state is initialized with & con-
timestep) using MSE loss. Critically, we employ the gsecutive video frames encoded in the first & channels,
Sample Pool mechanism (appendix , where the with remaining hidden channels set to zero. The NCA
model’s own predictions are recycled as initial states evolves this temporal state representation over multi-
for subsequent training iterations, encouraging the ple steps to predict the next k frames (the input se-
learning of self-stabilizing and temporally coherent quence shifted forward by one tiInestep),

dynamics.

Results. As shown in fig. NCAs successfully learn temporal transition dynamics for video prediction.
The MSE loss curves (fig. demonstrate that the NCA state converges as it evolves from input frames
toward target frames during each transition step. Visual examples (fig. illustrate the iterative prediction
process across the frame sequence. These results establish video prediction as a possible application domain
for NCAs, extending their utility beyond static pattern generation to temporal sequence modeling.
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(a) MSE loss per evolution step (b) Frame prediction sequence

Figure 17: MovingMNIST video prediction with NCAs. (a) MSE loss over NCA evolution steps for each
frame-to-frame transition, showing how the NCA state evolves from the initial frames (state t) toward the
target frames (state t +n). (b) Visual examples of the prediction sequence: starting from input frames, the
NCA iteratively evolves its state to predict the next frames in the video, demonstrating learned temporal
transition dynamics.

4 Discussion

In the previous sections, we have presented a systematic analysis of the current research on Neural Cellular
Automata using our proposed framework INCAtorch. The modular design of NCAtorch and the technical
consolidation and engineering contributions allowed an in-depth study of NCAs in a wide range of computer-
vision and image generation applications.

While our results show the great potential of learnable update rules in Cellular Automata and their appli-
cation in vision problems, the current research of this novel neural architecture is still in its basic phase.
Starting from these basic findings, three main research directions appear to be promising for the near future:
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I Utilization of the rich theoretical properties of CA: as discussed in section [I| there is an exten-
sive body of literature showing intriguing theoretical properties of Cellular Automata. From computational
properties like Turing Completeness to Wolfram’s core idea to model complex systems which exceed the ca-
pabilities or computational complexity of differential equations. Transferring these into data driven, learning
applications has the potential to be the key benefit of the novel architecture type.

IT Scaling of NCAs to handle state-of-the-art vision problems: While the experiments conducted
in this paper are able to show the potential of NCAs, they are still far from practically impacting current
learning and vision applications. Scaling NCAs to tackle state-of-the-art computer-vision, image generation
or physical modeling applications is therefore paramount for an acceptance of this new methodology. Our
experiments with latent space NCAs in section [3.1.4 have shown that this is possible. The next step would
be to scale this approach on large datasets, requiring a lot of compute.

IIT) Investigation of the close theoretical relationship of NCAs with other neural architecture
types: a closer look at the NCA architecture shows obvious theoretical relations to other, well established
neural architectures. It does not take a lot of imagination to see NCAs as special or more generalized versions
of RNNs, Graph Neural Networks, Diffusion Models or Normalizing Flows. This raises interesting followup
questions: can we either transfer the strong theoretical properties of CA to other network types, or could
we even formulate a general unified architecture?

In any case, we will continuously develop NCAtorch to provide an easy-to-use and extend toolbox for all
of these possible future research avenues.

Broader Impact Statement

This work presents a systematic review and open-source reference implementation of Neural Cellular Au-
tomata (NCA). By consolidating existing NCA methods into a unified, accessible framework, we aim to lower
the barrier to entry for researchers across disciplines, including computer vision, biological modeling, and
physical simulation, who may benefit from the self-organizing and local-computation properties of NCAs.

The decentralized, local-interaction nature of NCAs makes them a compelling candidate for computationally
efficient and interpretable models, which could have positive implications for resource-constrained applica-
tions. Furthermore, the theoretical connections between NCAs and biological systems may offer new tools
for researchers studying morphogenesis, pattern formation, and complex systems.

We do not foresee direct negative societal consequences specific to this work. The generative capabilities
demonstrated here operate at a scale and fidelity well below state-of-the-art image synthesis models, and the
primary contribution is a research tool rather than a deployable system. As with any generative modeling
framework, however, future extensions toward higher-fidelity synthesis should be accompanied by appropriate
consideration of potential misuse.
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A Appendix

A.1 Additional Related Work

This appendix expands the discussion of related research by providing a broader survey of work on NCAs.
In contrast to the related work discussed in the main paper, these methods have not yet been implemented
and evaluated in our framework.

Self-organizing pattern formation. FEarly work established that NCAs can learn robust, self-organizing
update rules for growth and regeneration (Mordvintsev et al., 2020; Randazzo et al., 2020; Niklasson et al.)
2021). Subsequent models show that NCAs can learn spatio-temporal reaction—diffusion dynamics and
reproduce Turing-like biological pattern formation (Richardson et al., [2024).

Memory and morphogenetic control. A recent line of work introduces hidden internal channels that
let each cell store, modify, and propagate information locally, enabling a single seed to generate multiple
distinct morphologies without a global controller (Guichard et al. 2025)).

Generative and diffusion-based models. NCAs have been adapted for high-resolution image genera-
tion, including architectures that combine NCA dynamics with diffusion processes (Kalkhof et al., |2024b;
Mittal et al., |2025)), and growing-from-seed image models (Elbatel et al., [2024)).

Physical simulation and scientific modeling. NCAs can emulate complex physical processes while
remaining computationally lightweight; for example, learned NCAs model metal solidification and capture
grain growth behaviour with extrapolation beyond the training regime (Tang et al. 2023).

Embodied systems and AI reasoning. NCAs have been applied to tasks beyond continuous pattern
formation, including controlling modular self-assembling robots and solving abstract reasoning tasks such as
ARC-AGI via emergent rule learning (Hartl et al.l [2025).

A.2 Latent Space NCA Training Algorithm

The latent space NCA training procedure (algorithm [2)) extends the pixel-space algorithm (algorithm [I)) by
wrapping the NCA rollout with a pre-trained encoder-decoder pair. A frozen VQVAE encoder £ compresses
the seed and target into a compact latent grid, the NCA evolves entirely in this lower-dimensional space,
and the frozen decoder D maps the final latent state back to pixel space for loss computation. Crucially, the
encoder and decoder weights are fixed; only the NCA parameters ¢ are updated. The sample pool operates
on latent states rather than pixel images.

A.3 Self-Classification NCA Training Algorithm

The classification variant (algorithm adapts the generative training procedure (algorithm for recognition
tasks. Two key differences distinguish it from the generative setting: (i) the input image Xinput is placed into
fized (non-evolving) channels rather than acting as a seed to be overwritten, and (ii) the loss is computed
on K dedicated evolving classification channels instead of visible output channels. The target is a one-hot
vector y € {0,1}¥ spatially broadcast to all cell positions, and the final class prediction is obtained by
spatially averaging each classification channel and selecting the argmax.

A.4 Impact of Sample Pooling

To empirically validate the critical role of Sample Pooling in our framework, we conducted an ablation study
comparing training with and without SP using a standard 3x3 convolutional perception module. As detailed
in table[5] and visualized in fig. the inclusion of SP drastically improves regeneration capabilities following
perturbations. Without SP, the system failed to recover effectively, resulting in large negative regeneration
scores (-196.18% for damage, -125.05% for mutation), indicative of significant degradation post-perturbation.
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Algorithm 2: Latent Space NCA Training

Input : Training sample (Xgeed, €, Xtarget ), NCA model Fy,
pre-trained encoder £ and decoder D (frozen),
loss L, step range [Tiin, Tmax], fire rate pere

Output: Trained NCA parameters ¢*

1 Initialize optimizer, LR scheduler, sample pool Ppoor — 0;
2 for each training iteration do
3 Draw (Xseed, €, Xtarget) from dataset D;

4 Encode seed to latent space: zg < & (Xsced) ; // frozen encoder, no gradient

// Sample Pool: optionally replace z; with a previously evolved latent state
5 if |73p001| > 0 then

With probability rp.0i: replace zo with a random sample from Ppoo1;
L Optionally apply spatial damage or condition mutation;

// Multi-step NCA rollout in latent space
Sample rollout length T' ~ U[Tin, Timax);
fort=0toT —1do

10 Pt < Py(z4) ; // perception on latent grid
11 Azy — Uyp(pe) ; // update: compute latent increment
12 Sample mask m; ~ Bernoulli(pg,e)” V" ; // H'xW' is the latent grid size
13 Zi11 < Zg + my O Azy;

// Decode to pixel space and compute loss

14 X« D(zr) ; // frozen decoder
15 L+ L(X, Xtarget) : // loss in pixel space

16 Backpropagate V4L through decoder and all T NCA steps; clip gradients; optimizer step;

// Commit evolved latent state to pool
17 Store (z7, €, Xtarget) i Ppool (FIFO, capacity-limited);
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Algorithm 3: Self-Classification NCA Training

Input : Training sample (Xinput,y) with class label y € {1,..., K}, NCA model Fy,
loss £ (MSE or Cross-Entropy), step range [Timin, Tmax), fire rate pare
Output: Trained NCA parameters ¢*
1 Initialize optimizer, LR scheduler, sample pool Ppeor < 0;
2 for each training iteration do

3 Draw (Xinput,y) from dataset D;
4 Construct one-hot target: yon € {0, 1}*W>K broadcast spatially;
5 Construct initial state: sg < [Xinput; 0c,; Ok] ; // input (fixed), hidden, class channels

// Sample Pool: optionally replace hidden and class channels with previously
evolved state

6 if |Ppool| > 0 then

With probability 7,,0;: replace sp with a pooled sample;

8 Optionally mutate the input image Xinput;

// Multi-step NCA rollout
9 Sample rollout length T' ~ U[Tinin, Tiax];
10 fort=0toT —1do

11 Pt < Py(st) ; // perception: local feature extraction
12 Asy <+ Up(pt) ; // update: compute state increment
13 Sample mask m; ~ Bernoulli(pg,e)#*W;

14 St41 ¢ St +m; © Asy // stochastic update
15 Restore fixed input channels: s¢11[: Cin] < Xinput ; // input channels do not evolve

// Loss on classification channels

16 cr < s7[Cin + Ch 1] ; // extract K classification channels
17 L+ L(cr, Yon) ; // pixel-wise MSE or Cross-Entropy

18 Backpropagate V4L through all T' steps; clip gradients; optimizer step;

// Prediction and pool commit

19 {j < arg maxy ﬁ Z” crli, j, k] ; // spatial average — argmax

20 Store (s7,y) in Ppool (FIFO, capacity-limited);
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With SP, the NCAs demonstrated a strong positive recovery (58.74% for damage, 95.75% for mutation),
confirming the significant contribution of SP to the robustness of generative NCAs in this setup. These
results motivate our use of SP in all subsequent generative experiments.

Table 5: Impact of Sample Pooling (SP) on Regeneration Performance for Emoji Generation, using a 3x3
Convolutional Perception module.

Training Setup Damage Regen. (%) Mutation Regen. (%)

Without SP -196.18 -125.05
With SP 58.74 95.75
Average LPIPS Loss over steps with Damage applied at 150 Average LPIPS Loss over steps with Mutation applied at 150
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Figure 18: Comparison of recovery dynamics (e.g., loss curves over time post-perturbation) with and without
Sample Pooling (SP) for the Emoji generation task using a 3x3 Conv perception. Demonstrates SP’s positive
impact on stability.

A.5 Growing MNIST

Our Extension. We also apply this growing paradigm to the MNIST digit generation task, a dataset
not explored in the original work, to investigate how different loss functions affect the generative diversity
and visual style of the produced patterns. Using a uniform 3x3 convolutional perception module across
all experiments, we isolate the effect of the training objective. The NCA autonomously grows complete
digits from a single seed pixel, whose color encodes the target digit class (e.g., green for digit 8), with no
explicit global condition channels. We systematically compare four loss configurations: MSE, L1 loss, L1
combined with an adversarial critic, and L1 + Critic with Classifier-Free Guidance (CFG) (Ho & Salimans|
2022). Our focus is on understanding whether and how adversarial objectives and guidance mechanisms can
introduce controlled stochasticity and visual variation in the generated outputs, beyond the deterministic
reconstruction achieved by MSE or L1 alone.

Results. Quantitatively, all approaches successfully generate recognizable digits: a pre-trained MNIST
classifier achieved 100% accuracy on images produced by NCAs trained with all tested loss functions. How-
ever, the qualitative results, visualized in fig. reveal significant differences in generative diversity. Models
trained with MSE produce highly deterministic and nearly identical digits across multiple generation runs. In
contrast, incorporating an adversarial critic introduces noticeable stylistic variation, and adding CFG leads
to substantially greater diversity in digit appearance, as reflected in the pixel variance heatmaps. These
findings demonstrate that, while the growing NCA paradigm generalizes well to new datasets like MNIST,
the choice of loss function serves as a critical lever to control the trade-off between reconstruction fidelity
and generative diversity in NCA-based pattern formation.
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Figure 19: Comparison of generative diversity on the growing MNIST task under different loss functions.
Each sub-figure shows the results for a specific loss: (a) MSE, (b) L1, (¢) L1 + Adversarial, and (d) L1 +
Adversarial + CFG. Each panel displays the initial seed, nine different generated samples, and a heatmap
of pixel variance over the samples.

Table 6: Runtime and memory comparison of the evaluated baselines and NCA variants. "Params at
inference" counts only parameters active at test time; for the GAN this excludes the critic. "Inference
latency" denotes the measured latency of one full forward pass for feed-forward models and one full 32-step
rollout for NCA models.

Model Params at Train Inference latency Peak train mem. (MB) Peak infer mem. (MB)

inference  ms/step (ms) Batchsize 16 Batchsize 64
U-Net 2,768,772 3.56 1.00 195.7 375.2
GAN 2,768,772 11.55 0.97 313.5 417.3
NCA (3x3 Conv) 19,376 29.18 6.63 2813.2 352.3
NCA (Attention) 18,132 201.57 13.77 17444.6 2994.4

A.6 Runtime and Memory Benchmark

We report a runtime and memory benchmark for four models used in this paper: a U-Net baseline, a pix2pix
GAN, a NCA with 3 x 3 perception, and an NCA with attention-based perception. The benchmark was
executed on a synthetic image-to-image task at 64 x 64 resolution on an NVIDIA RTX 4090. Training used
batch size 16 for 200 optimization steps, and inference throughput was measured with batch size 64. For
both NCA variants, the model was unrolled for 32 update steps during training and inference. Since the
U-Net and GAN are single-pass models, their inference time per step is equal to the latency of one forward
pass. For the NCA models, inference time per step is reported as the full rollout with 32 iterations.

Several trends are evident from Table [6] First, parameter count alone is not a reliable measurement for
computational cost in the NCA setting. Both NCA variants use orders of magnitude fewer parameters at
inference than the U-Net and GAN baselines, yet they incur substantially higher training costs due to the
fact that they must be unrolled over many update steps and backpropagated through time. This effect
is already visible for the 3 x 3 NCA, which uses only 19,376 inference parameters but requires 29.18 ms
per training step and 2813.2 MB of peak training memory, compared to 3.56 ms and 195.7 MB for the
U-Net. Overall, these results highlight a central trade-off of NCA-based models. NCAs can remain highly
parameter-efficient, but this compactness does not automatically translate to runtime efficiency. Instead,
recurrent rollout and expensive perception operators shift the dominant bottleneck from parameter count to
training memory and iterative computation.
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