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Abstract—Neural Cellular automata have shown to be good at
growing visual textures and patterns. However their application
to spectrogram generation remains, as far as we are aware,
unexplored. In this work, we investigate the challenges of adapt-
ing NCA to the audio domain by training models to generate
Mel-spectrograms that attempt to resemble target sounds. We
experiment with loss functions that incorporate the features
from pre-trained VGG and VGGish networks to try encourage
structured growth, as well as additional perception filters. Our
findings provide insights into the challenges of combining NCA-
based texture synthesis with mechanisms to learn meaningful
audio representations and so we suggest future directions for
improving our implementation via aligned preprocessing between
the neural vocoder (BigVGAN) and VGGish model. In addition
to more sonically motivated convolutional filters.

I. INTRODUCTION

The generative capacity of CA exhibit from simple rules
to higher level complex and often repeatable patterns is a
remarkable and useful trait for generating new patterns of
sound particularly for generative music compositions and has
been used frequently [1].

Cellular automata have also been used successfully for syn-
thesising sound directly via the control of granular synthesis
[2]. However in comparison its use in generative composition,
there has been less work in directly constructing the sound
wave or spectrogram with cellular automata directly.

The recent of advances in neural cellular automata (NCA)
have provided some exciting results [3], [4]. NCA differ from
traditional hard-coded rule CA, in that the update rules are
differentiable and thus learnable via deep learning frameworks.
Whilst these works mainly focused on investigating toy models
for exploring biological phenomena such as morphogenesis
and regeneration of patterns. Some of the overarching capabil-
ities shown was a way of training a model that learned a kind
of malleable, persistent representation of the target image it
was trying to learn. These properties are particularly appealing
characteristics one might want when trying to model a sound
and generate new, potentially surprising, but similar sounds.

Neural vocoders like BigVGAN [5] have significantly im-
proved the quality of spectrogram-based audio synthesis com-
pared to traditional approaches like Griffin-Lim [6]. While
Griffin-Lim reconstructs phase iteratively and often introduces
artifacts, neural vocoders learn a direct mapping from spec-

trograms to waveforms, producing more natural and high-
fidelity audio with generally better temporal coherence. This
advancement makes them quite powerful and suitable for our
requirements in reliably synthesizing spectrograms.

With these ideas in mind, we propose building on this work
using NCA to “grow” Mel-spectrograms with which we can
synthesise into audio with a pre-trained BigVGAN network.

II. LITERATURE REVIEW

Existing work using CA for sound has mainly focused on
using the patterns it generated for compositions rather than
direct synthesis of audio. Such as the liquiPrism which uses
CA across the faces of a cube to trigger a synthesizer [7].

Serquera and Miranda explore sound synthesis using cel-
lular automata, specifically the multitype voter model, which
transforms two-dimensional cellular automaton evolutions into
spectrograms [8]. Via histograms of the CA, their approach
treats bins as potential sound partials, where each bin’s chang-
ing value represents the amplitude of a different frequency
component over time. They develop the techniques to control
attack and release patterns, however overall found that they
were relatively difficult to control.

There has been some recent interest more generally in
adapting the ideas in the field of artificial-life for use in music
generation. A good recent example of this is the recent work
of Tolvera python package [9]. This provides a way of using
basal intelligence - various artificial life algorithms such as
slime mould simulations, cellular automata like systems and
so on particularly for artistic applications such as generative
music.

The features learned in the layers of discriminately trained
convolutional neural networks (CNNs) have been shown to be
useful when integrated within a loss function, fulfilling the
role of a discriminator guiding a generative process towards
an intended outcome based on the knowledge endowed in the
CNN network. This has been shown to work well for visual
textures [10].

III. METHODOLOGY

In this section we introduce our approach and how we
attempt to grow mel-spectrograms with a NCA, then feed the
generated image into the BigVGAN to produce a waveform.



We focus on explaining the key components of our imple-
mentation and particularly on the details where our approach
differs from existing similar work [4] in the visual domain.

A. Neural Cellular Automata for Spectrogram Generation

We base our implementation of a NCA on the approach set
out in [3], [4]. The starting point for our final implementation
is based on the simple PyTorch example provided in the
original paper [4]. After some initial experimentation with a
the model described in [3] we found that the the model in [4]
worked better for the moderately higher resolutions required
to work with the BigVGAN neural vocoder.

1) NCA Implementation: The core of our system imple-
ments a NCA which maintains for each pixel in the spectro-
gram a vector of values. We vary the size of this somewhat
in our experiments but we start with 16 real values. In our
implementation, the first 3 can be used for the RGB values or
just the first for a greyscale image, for the visual data displayed
in the image. The rest are hidden channels that the update rule
learns how to use for inter-cell communication.

The forward pass through the NCA consists of a perception
layer, which is a set of small hard-coded convolutional filters,
in order for cells to extract local spatial features from the
cells around them. Identity, Sobel and Laplacian filters are
used. We experiment with different filters later, but our base
implementation uses these as done in the aforementioned
original implementation [4]. Now that the perception has
abstracted a feature representation of the image that encodes
some information about local structure and gradients, this
is passed into the first convolutional layer. Projecting them
into a high dimensional space of 96 channels and through a
ReLU. Then this is passed through a second convolutional
layer that maps back to the initial state size. Finally, we apply
an stochastic update mask that updates a randomly selected
50% of the cells. This asynchronicity in updates, is to simulate
a more natural growth process.

2) Calculating Loss with VGG16 & VGGish: To calculate
the loss of our network, we implement two approaches. The
first is the approach found in [4] which pushes the output state
from the NCA through a pre-trained VGG network, extracts
the features at the non-linear activation layers and calculates
the optimal transport loss between between the features of the
current state and the features of the target image.

In our work we are interested specifically in Mel spectro-
grams and so instead of VGG which is trained on natural
images from the ImageNet dataset, we would like to use
something more specific to our chosen domain. For this, we
select VGGish and use the pre-trained model available in the
torch-vggish python package [?].

VGGish is trained on a large dataset of audio clips from
the AudioSet dataset [11] and is specifically designed to pro-
cess mel-spectrogram representations. Its architecture is very
similar to that of the original VGG style networks, however
unlike VGG which has learned patterns of natural images,
the pre-trained VGGish model has learned representations that
capture the temporal and spectral structures characteristic of

audio signals. This we think makes it particularly well suited
for our task, as it can extract meaningful features from mel-
spectrograms, the NCA to be guided by a loss function tailored
to the auditory domain. Due to the architectural differences,
we select indices for the correct ReLLU layers for the VGGish
model in our new loss function.

3) Perception filter changes for audio: We incorporate
additional filters into the perception layer of our NCA model
so as to better suit the spectrogram domain. Whilst the
original filters were mainly designed to mimic typical natural
phenomena such as chemical gradients, we do not want to
restrict our model in the same way.

Unlike natural images, mel-spectrograms encode time-
frequency representations of audio, so we add filters which try
to better capture the temporal and spectral structures present
in this representation. We introduce several new filters which
specifically target different aspects:

1) Horizontal filter: capture temporal patterns along the

time axis

2) Vertical filters: capture patterns in frequency

3) Diagonal Filters: capture oblique patterns such as onsets

4) Broad context filter: provide a slightly larger receptive

field

Along with the original filters (identity, Sobel filter for
edge detection and second order derivatives in the Laplacian
filter) the additional filters should provide an expanded set of
features through which the NCA model can capture patterns
specific better suited to the Mel-spectrogram compared to
natural image.

B. Generating examples
C. Vocoding with BigVGAN

We use the bigvgan_v2_44khz_128band_512x pre-trained
model provided by NVIDIA on hugging face. This is the
highest quality version released. We install the BigVGAN
python package from the repository and load the weights.
The authors of BigVGAN python package with utilities with
which you can generate a mel-spectrogram in tensor form and
convert this to sound using a pre-trained model. We implement
additional functionality to convert this tensor to an image and
save it. We test reading back from mel-spectrograms saved
as PNG files to waveforms using the BigVGAN network vs
doing so directly from the mel-tensor and get very good quality
sound for both methods. In both cases, there is some noticeable
lack of punch to the onsets of a sound compared to the
original audio file. However, this is inherently a problem with
mel-spectrogram representation discarding phase information.
Nonetheless, this level of quality is sufficient for our experi-
ments, as our aim is not for perfect reconstruction but rather
to learn a malleable representation that encourages possible
variation from the target sound, and so a little more will not
g0 amiss.

D. Difficulties with our current approach

The BigVGAN model and VGGish expect different pre-
processing to be done to generate log Mel spectrograms.
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Fig. 1. A target mel spectrogram of some sine waves and the generated
spectrograms from the NCA model + VGG feature sliced optimal transport
loss model.

To be able to use both the pre-trained networks we have
compromised and used the approach used by BigVGAN to
generate our mel spectrogram. This limits the effectiveness of
using the VGGish features however, when training the NCA
VGGish model we still see the loss decrease.

IV. RESULTS
A. Results with VGG

1) Target: Simple sine wave pattern: Our first target Mel
spectrogram consists of a simple combination of sine waves
at different frequencies. This experiment aimed to determine
whether the model could converge to a simple structured
pattern like this or if it would struggle to maintain the correct
spectral representation. As shown in Figure 1, the trained NCA
model captures some of the visual characteristics of the Mel
spectrogram, producing distinct solid lines. However, these
lines are not consistently placed at the correct frequencies,
and additional structures emerge that are absent in the target,
such as a staggered, stair-like diagonal connections between
the lines.

While the model successfully learns certain visual com-
ponents of the target, it does not develop a representation
that aligns with the underlying audio properties. The presence
of white frequency bands across the image visually give the
impression of an accurate reconstruction, but these do not
correspond meaningfully to the frequency content required for
the later synthesized sound to match the target. This suggests
that the model is not sensitive to the perceptual aspects of the
audio domain, leading to outputs that look visually similar
in some respects but do not produce the intended sound
when converted back to audio. We refer the reader to the
accompanying demonstration website where they can hear an
example of this.

2) Target: Piano sound: We test a second target Mel
spectrogram, this time from a simple piano sound. As with the
previous sine wave experiment, the model captures some key
visual characteristics, such as the presence of harmonics and
their relative intensity. When re-synthesizing the output Mel
spectrograms using BigVGAN, we hear some resemblance to
the original sound, particularly in the percussive clunks of
key presses between notes. However, the overall timbre of
the piano is not well preserved; the output sounds fuzzy and
synthetic rather than clear and natural like the original sound.

Interestingly, when generating from noise with the trained
model, the pattern produced by the trained NCA once “con-
verged” does not remain static over the following steps, as
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Fig. 2. A target mel spectrogram of a piano sound and the generated
spectrograms from the NCA model 4+ VGG feature sliced optimal transport
loss model. Note that here the images are upside down, since this is the
BigVGAN model mel-spectrograms are generated.
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Fig. 3. A target mel spectrogram of some sine waves and the generated
spectrograms from the NCA model 4+ VGGish feature sliced optimal transport
loss model.

was the case for the simple sine wave pattern. Instead, the
generated structure shifts downward over time, creating a
vertical drift in the spectrogram. This effect likely arises due to
the way NCAs update their state: local update rules propagate
patterns iteratively, and without an explicit mechanism to
anchor features in place, structures can gradually drift as the
model evolves its output. While this movement is inaccurate
in terms of accurately replicating the target, it highlights
an emergent behaviour unique to the NCAs self-organizing
nature, suggesting both its limitations and its potential for
creative exploration in this domain.

B. Results with VGGish

1) Target: Simple sine wave pattern: We repeat the sine
wave experiment using our updated model, which incorporates
the VGGish network to compute the loss. The results for a new
target are shown in Figure 3. In the generated spectrograms,
we observe mainly dotted points appearing, with some signs
of horizontal clustering, perhaps suggesting an attempt to form
continuous frequency bands similar to those in the target.
However, the overall structure of the generated patterns do
not capture the expected frequency organization of the target.

We suspect these poor results stem from a combination of
factors. Firstly, our target Mel spectrograms are pre-processed
differently from what the VGGish network expects, potentially
making the extracted features less meaningful for guiding
learning. Secondly, our current learning rate schedule may
not be optimal. While the training loss consistently decreases,
we hypothesize that starting with a higher learning rate and
gradually annealing it could encourage better convergence
toward a pattern that more closely resembles the target.

2) Target: Clicking sound: We next evaluate our VGGish-
based model using a new target: the percussive clicking
sound of a stove ignition. This test allows us to examine
how the model handles a different type of pattern in the
Mel spectrogram, one characterized by strong vertical bands,
typical of transient sounds with sharp onsets. Additionally,
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Fig. 4. A target mel spectrogram of a stove ignition clicking and the generated
spectrograms from the NCA model 4+ VGGish feature sliced optimal transport
loss model.
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Fig. 5. A target mel spectrogram of some sine waves and the generated
spectrograms from the NCA model with our extra perception filters + VGGish
feature sliced optimal transport loss model.

since the recording was made in an amateur setting, the target
spectrogram contains a noticeable amount of background
noise.

The results are surprising. While the generated spectrograms
do exhibit vertical structures, they differ significantly from
the target. Instead of sharp, well-defined onsets, the generated
patterns appear more organic and diffuse, lacking clear black
regions that would indicate the absence of energy at certain
frequencies. The absence of strong contrasts suggests that the
model has not captured the transient nature of the original
sound. Despite the shared vertical orientation between the
target and the generated output, their overall structure remains
highly dissimilar.

C. Perception Changes with VGGish

1) Target: Simple sine wave pattern: Next, we test our
modified approach, incorporating additional perception filters
alongside the VGGish network. We see the generated Mel
spectrograms for the target sine wave spectrogram consists
of even smaller white dots than before. Again there is no
clear emergence of frequency bands for the sine waves that
we would expect. We suspect that our added perception filters
are too small in size and are encouraging the model to focus
on local texture like features too much. We should make them
larger to try capture the broader spectral structure of the target.
Sadly this would require an architectural change to our model
that is out of the scope of this works time-frame and so we
leave this hypothesis to be explored in future work.

2) Target: Clicking sound: Finally, we test the clicking
sound again, this time using the VGGish-based model with
additional perception filters. The results, shown in Figure 6,
produce an aesthetically interesting pattern that in some ways
resembles the target. The number of vertical bands is similar,
and there is more noticeable separation between them, closer
to the onset spacing in the original spectrogram.

However, the spectral detail remains far from accurate.
The extra perception filters appear too small to guide the
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Fig. 6. A target Mel-spectrogram of a stove ignition clicking and the generated
spectrograms from the NCA model with our extra perception filters + VGGish
feature sliced optimal transport loss model.

model toward a sonically grounded representation, instead
encouraging the learning of localized, texture-like patterns.
This is evident in the way the vertical “worm-like” bands have
their highest intensity at the beginning and gradually fade in a
way a bit similar to the target, but lack the sharp, well defined
onsets characteristic of the original sound. While the model
captures some fine-grained textural features, it struggles with
maintaining global coherence, which is crucial for accurate
spectrogram representation.

V. CONCLUSIONS AND FUTURE WORK

This work has provided us valuable insights into adapting
Neural Cellular Automata (NCA) for generating spectrograms,
by building on existing approaches designed for visual tex-
tures. Our results highlight the fundamental challenges in
transferring techniques from natural images to spectrograms.
While both are visually structured, spectrograms encode time-
frequency information, meaning that patterns must not only
be visually coherent but also sonically meaningful when
re-synthesized. This key difference makes direct adaptation
difficult, yet our findings offer promising directions for future
improvements.

One of our main observations was that using the VGG
model in our loss function led to spectrograms that were
visually similar to the target but lacked the structure necessary
for an accurate audio reconstruction. The introduction of
VGGish provided a stronger constraint, producing results that
aligned more closely with the target in some limited aspects,
particularly in the clicking sound experiments with visible
separation between onsets. However, further refinements are
needed to ensure that the generated spectrograms don’t just
vaguely resemble the target visually but also capture the
correct spectral and temporal features for meaningful audio
synthesis similar to the target.

Our experiments with extra perception filters showed that
they contributed to learning localized textural patterns but
did not sufficiently enforce global coherence, essential for
spectrogram representation. In hindsight, perhaps unsurprising
given their small size. Our additional filters appeared to
enhance fine-grained details rather than helping to encourage
generation similar to the overall spectral structure of the target.

In future work, there are two main areas we would like to
improve. Firstly, we need a better suited perception module,
such as with long, thin filters that can better capture structures
in both the time and frequency domains. Similar filters to this
have been explored successfully in audio classification tasks



[12]. This we think would help encourage the NCA model
to produce spectrograms that are more sonically accurate to
the target since cells will have a wider and sonically useful
field of perception. Secondly, we would like to refine our Mel-
spectrogram preprocessing pipeline to ensure compatibility
between VGGish and BigVGAN. This could involve exploring
smaller versions of BigVGAN, training a VGGish-like archi-
tecture with the same preprocessing methods as BigVGAN, or
experimenting with alternative Mel-spectrogram re-synthesis
techniques.
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