Optimising Weakly Connected
Chemical Oscillators in a Hybrid
Digital-Chemical Platform via
Generative Al Surrogate Modelling

Abstract Herein, we present a 3D-printed platform consisting

of a rectangular 2D-array of interconnected cells containing the
Belousov—Zhabotinsky (BZ) reaction. This reaction can be made to
oscillate between two states to simulate the binaty codification of
digital electronics. Within the platform each cell contains a magnetic
stirrer that can be individually stirred to control the local oscillations
of the BZ reaction in that cell. Moreover, all the cells are also weakly
interconnected through the common medium, and their collective
oscillatory dynamics can be used to perform heterotic computations.
The 3D-printed vessel can be fabricated using different architectures
to, for example, define how the cells are connected, and thus
controlling how the oscillations propagate between them. We took
advantage of these features to simulate the “AND”, “OR”, and
“XOR” logic gates. To increase the experimental throughput of our
platform and further investigate its computability capabilities, we
modelled it using Generative Artificial Intelligence (Al). Then, the Al
model was used as an zz-silico surrogate, in combination with a
Genetic Algorithm, to explore and optimise the behaviour of our
platform towards user-defined objectives. The results presented here
provide a proof of concept for combining hybrid digital-chemical
platforms with Generative Al surrogate modelling to explore
unconventional computation, which might potentially enhance future
Artificial Life implementations more effectively than current silicon-
based advancements.
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Nature has developed systems with enviable capabilities to process complex information from en-
vironments that remain challenging to replicate in conventional digital computers. For example, a
bacterium can navigate an environment full of thermal noise, despite its small size (Sourjik, 2004); or
the human brain can process information by integrating sensory inputs and converting them into a
spatial firing pattern (Deco & Kringelbach, 2017). Even non-living chemical systems can be imple-
mented to perform computations (Baltussen et al., 2024; Qian & Winfree, 2011).

The idea of harnessing such nonlinear natural dynamics for computing can be dated back to the
1980s (Conrad, 1985) and has been investigated in various forms, such as quantum states (Zhu &
Wang, 2003), enzymes (Baron et al., 2006), DNA (Prokup et al., 2012; Yang et al., 2024), bacterial
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population (Gardner et al., 2000) and chemical reactions (Adamatzky et al., 2005; Fletcher et al., 2025). In
particular, the Belousov-Zhabotinsky (BZ) chemical reaction has been widely studied as media for
unconventional computing systems through exploiting the reaction-diffusion nature of its oscillations
(Gorecki et al., 2015; Guzowski et al., 2016; Toth et al, 2008). The BZ reaction medium, either in
continuous bulk solution or compartmentalised in droplets, has been used to perform information pro-
cessing tasks, such as image processing (Rambidi et al., 1994), optimisation algorithms (Guo et al., 2021;
Krasecki et al., 2023), path planning (Adamatzky & de Lacy Costello, 2002), robot control (Tsompanas
et al., 2019), logic gates (T'6th & Showalter, 1995), the emulation of complex circuits (Sun & Zhao,
2013), or the implementation of Turing Machines (Duefias-Diez & Pérez-Mercader, 2019).

Moreover, the BZ reaction has been extensively used as a medium for the implementation of
Boolean logic. The collisions of wave fragments in BZ medium, for example, has been experimen-
tally verified to reproduce boolean logic such as the AND, OR and NOT gates, among other in-
formation transfer processes. These results were obtained by investigating how the angle of the
collisions impacted the evolution of the wave fragments (Costello & Adamatzky, 2005). This same
approach has also been extended to fully implement AND, OR, and NOT gates, as well as more
complex logic circuits, using geometrically constrained interactions, or by inducing oscillations using
light sensitive BZ medium (Stevens et al., 2012; Toth et al., 2009). Using the same approach focused
on the collision of wave fragments, the authors also implemented Fredkin and Toffoli gates
(Adamatzky, 2017). In further extensions of this research they also managed to implement
higher-level digital components such as binary full adders and decoders (Adamatzky, 2015; Sun
& Zhao, 2013). Alternative architectures, including encapsulated discs, droplets, and vesicle-based
systems, have further demonstrated logical universality and reconfigurability using the BZ reaction
(Holley et al., 2011).

However, exploiting the continuous (analog) nature of chemical and biological dynamics for in-
formation processing presents challenges in observability and control. In many purely chemical im-
plementations, system states are inferred indirectly, and control is usually limited to initial conditions
or static geometries, making it difficult to reprogram the system in real-time or to reliably extract
outputs. In this work, we therefore focus on a hybrid digital-chemical approach, where a digital
interface is used to enable real-time observation and control of the underlying chemical dynamics
(McEvoy & Correll, 2015). This allows continuous mapping between analog chemical states and
discrete representations, as well as real-time actuation. This could potentially enable the system to
be controlled in a programmable and adaptive manner (Kendon et al.,, 2015).

To further extend the capabilities of this hybrid system, particularly in terms of experimental
throughput and exploration of the accessible dynamical space, we focused on computational model-
ling. For the BZ reaction, the most widely known theoretical model is the Oregonator model (Hsu
et al., 1994), although more recent advances have focused on empirically derived models (Karimov
et al., 2023). However, these models often fall short in capturing the full dynamics of real world
experimental systems, such as the BZ platform we developed in previous research (Cronin et al.,
2019). To model platforms such as this one, we directed our attention towards recent advances in
the field of Generative Al. Generative Al has gained mainstream recognition by achieving excellent
results in tasks such as language (Vaswani et al., 2017) or image generation (Ho et al., 2020). Never-
theless, it has also achieved outstanding results modelling physics (Arnold et al., 2024; Cachay et al.,
2024) and chemistry phenomena (Joung et al., 2025; Park et al., 2025).

Herein, we show a 3D-printed platform used to discretise the BZ reaction medium into individ-
ual cells (Figure 1). The system is designed to be akin to a 2D cellular automata: Each cell can be
individually addressed to trigger the excitation of the BZ reaction by activating a magnetic stirrer
(corresponding to the “1” or “ON” of digital electronics). In addition, by changing the size of the
gap connecting neighbouring cells, it is possible to control the propagation of BZ excitation waves
(Figure 2). If the gap is wide enough, the whole BZ medium generates coherent excitation wave
patterns depending on the input states. In this research we demonstrate how these wave patterns
can be used to perform computations by simulating logic gates. Moreover, to further investigate its
computational capabilities, we developed an /n-siico model of our platform using Generative Al This
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Figure 1. 3D-Printed heterotic computing platform. (a) Outline of the platform, highlighting its main components: the
PWM generator, the Arduino board micro-controller, the magnetic stirrer array holding 25 geared DC motors, and the
BZ reactor cells where the BZ reaction is placed. (b) Side photograph of the actual platform. Between the stirrer array
and the BZ cells, there it can be seen the motor shafts, which have attached a mount with two magnets. When the
motors rotate, the stir bars (seen in “D”) also rotate. (c) Diagonal view of “A” where the grid cell design can be seen. (d)
Photograph of the Arduino board, the PWM generator and the BZ arena. Within the BZ arena the stirrer bars can be
seen. When the motors underneath rotate, the stirrer bars also rotate. (e) Pictures of the BZ reactor cells from the
camera point of view. Left: Raw image as received from the camera. Right: Processed image where the cells are classified
as either red or blue, depending on the actual colour of the BZ reaction in that particular cell.

model was then combined with an optimisation algorithm to explore how the states of the BZ re-
action could be controlled via the input stirrers, and to optimise the configuration of these stitrers to
manipulate the BZ medium into user-defined behaviours. All optimisation experiments discussed in
this work were performed within the surrogate model and were not experimentally validated on the
physical platform.

The hybrid nature of the platform plays a central role in its functionality. The digital layer enables
real-time classification of the chemical state through computer vision, providing a direct mapping
between chemistry and digital binary representations. At the same time, programmable actuation
through individually controlled stirrers allows for real-time input to be applied during operation. This
combination of observability and controllability is difficult to achieve in purely chemical systems, and
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Figure 2. Controlling the oscillations within the BZ medium. In this figure, every video frame is accompanied by a

“

matrix of “x” and “o0”. This matrix indicates if in that given frame a motor was enabled (“x”) or disabled (“0”). (a) Left:
Arena with a v-shape opening between cells. With this design, BZ oscillations did not propagate to neighbouring cells.
Right: Only the four cells in blue oscillated, and the oscillations did not propagate to other cells. (b) With a v-shape
opening between cells, the platform could be used to display images like in a screen. As an example, a sequence of
patterns were inputted to the BZ platform, one after the other. Initially only the left most column was enabled, followed
by the following ones in successive steps, until arriving to the rightmost column. Only the cells with enabled motors
oscillated, and oscillations did not propagate between cells. (c) Left: Arena with a full opening between cells. With this
design, BZ oscillations did propagate between neighbouring cells. Right: Initially, the same four cells as before oscillated,
but eventually the oscillations propagated to the centre cells - which did not have its motor enabled. (d) Close-up com-
paring the v-shape opening (from a), with the full opening between cells from (from c).

we considered in this research that this hybrid architecture might be a possible way forward for
implementing adaptive computational behaviours.

2 3D-Printed Heterotic Computing Platform

Our 3D-printed heterotic computing system was designed using CAD tools and manufactured with
a commercial 3D-Printer. The system consists of three components (Figure 1): (1) The BZ reactor
cell grid that was 3D-printed and can be customised to any desired geometry. In our experiments,
we used a 5-by-5 grid of cells. Each cell contained a stir bar (8-by-3 mm) to excite the BZ reaction
within the cell. (2) A magnetic stirrer array to control and actuate the stir bars in the BZ reactor cells.
We used 25 geared DC motors (6V 200RPM) assembled in a 5 by 5 grid. The motors were placed
directly underneath the cells. Each motor had a magnet attached to its shaft, so that when the motor
rotated, it also actuated the stir bar in the cell above. (3) An Arduino-based electronics controller
interfacing a computer and the magnetic stirrer array. The rotation speed of each stir bar could be
individually controlled using pulse width modulation (PWM) signals sent from the computer via
serial connection. This PWM signal was generated using Arduino Mega, and the shield from Adafruit
‘16-Channel 12-bit PWM/Servo shield-I12C interface’. A computer connected to the Arduino board
through USB defined the different PWM signals through a Python script.

The BZ reaction medium placed in the cell grid was monitored by a camera (LifeCam Cinema,
Microsoft) mounted on top of the system (Figure 1e), which operated at 800-by-600 pixels and 30
FPS. The camera was connected to a computer which analysed the BZ reaction in real time, and
classified each cell as non-excited state (red) or excited state (blue). This information was then
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analysed by the computer, and sent back into the platform by individually controlling each of the
geared motors via the Arduino board in order to achieve the desired functionality. The classification
of each excitation state of the BZ reaction was performed using a “Support Vector Machine” (SVM)
which was pre-trained using a manually labelled dataset. Details on the implementation and use of
the SVM have been reported in a previous publication (Cronin et al., 2019), which this work builds
upon. The SVM was trained on a manually labelled dataset of 2,429 samples, split into a training set
with 2,000 samples, and test set with 429 (a 82/18 ratio). The classifier achieved an accuracy of 96%
on the test set, with a precision of 96% and recall of 93% for the “blue” (excited) class.

3 Controlling the Oscillations of the BZ Reaction

Ferroin was selected as the sole catalyst due to its ability to induce oscillations, coupled with its clear
transition in colour from red (reduced ferroin) to blue (oxidised ferroin) upon oxidation, allowing for
optical tracking. To obtain the ferroin indicator, a stock solution of 1 M was prepared by dissolving
5.406 g of 1,10-phenanthroline in 10 mL water and adding 2.60 g ferrous sulfate hexahydrate while
stirring. The other chemical components were sulphuric acid (1 M H,50, was prepared by taking
5.6 mL conc. H,504 (96%, 18 M) and adding to water to reach a total volume of 100 mL), malonic
acid (1 M solution was prepared by dissolving 10.4 g malonic acid in 100 mL of water) and potas-
sium bromate (0.5 M solution was prepared by dissolving 8.35 ¢ KBrO5 in 100 mL of 1 M H,50y).

To control the reaction, we utilised the understanding that large-scale oscillations of the BZ reaction
can destabilise and turn chaotic without consistent mixing (Hsu et al., 1994; Karimov et al., 2023). In
other words, by activating the stirrer positioned within each individual BZ “cell” in the 3D-printed
grid, we can control the stimulation of that specific cell. Therefore, without stirring in the cells, the
BZ oscillations were either short-lived or inhibited, and the BZ medium remained in the reduced state,
displaying a uniform red colour associated with reduced ferroin. Once it was stirred, sustained oscil-
lations were observed, characterised by periodic transitions between the red (reduced ferroin) and blue
(oxidised ferroin) states. Once the stirring stopped, the oscillation amplitude gradually decayed, leading
to progressively weaker oxidation events until the system returned to a reduced state characterised by a
uniform red colour. This way, in our system the BZ reaction acted as a forced-damped oscillator:
When the stirrers were active it acted like a forced oscillator with stable amplitudes, but once the
stirring was stopped, it became a damped oscillator and amplitude of the oscillations fell over time.

To stir the cells and consequently induce patterns in the resulting oscillations, the platform de-
scribed in the previous section (Figure 1) was employed. Each cell housed a stirring bar and was
positioned directly over a motor equipped with a set of opposing magnets attached to its shaft. This
way, the motors could be turned on and those cells were stirred, causing the BZ reaction mixture in
the cell to oscillate. The pattern of stirring in the grid described by the motors could then impart a
pattern on the chemical system, where stirred cells were more likely to oscillate and then drive
oscillations in neighbouring, unstirred, cells.

Using additive manufacturing (3D-printing) to construct grids of discrete, but fluidically connected,
square cells, enabled us to quickly test different designs. The grids were manufactured in white material
to allow the colour of each cell to be easily monitored. The basic starting design consisted of a mono-
lithic rectangular block into which a square arena was inset, therefore just one big cell. This was then
divided into equal sized cells by printing walls at equal spacing, with cut-outs in each wall to allow
fluidic connection. The initial experiment performed was to determine a suitable cell design that would
continue to produce bulk oscillations over the whole platform, while being sufficiently large to be
imaged consistently. The best results were obtained using a grid with 7-by-7 cells. Each cell was of
size (length, width, height) 16-by-16-by-11 mm, where the cut-out accounted for approximately a third
of each connecting wall. Of the 7-by-7 grid, only the middle 5-by-5 cells were used for experiments in
order to avoid cells on the edges (with fewer neighbours) which might oscillate differently.

In order for computation to occur, information, such as the excitation states of the BZ reaction,
had to propagate between cells, akin to the influence neighbouring cells exert in a cellular automaton.
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In the first grid prototype, the cells had a “v-shape” opening between them (Figure 2a). The BZ
reaction volume used was 70 ml, which filled the arena to three quarters of its height, well above the
“v” opening. With this design, it was found that the oscillations did not propagate to neighbouring
cells and the platform acted similatly to a “display screen”, where only the cells that were enabled
(their motor was on and thus the stir bar stirred the fluid) oscillated in blue, while the other ones
remained red. Therefore, with this design there was a one-to-one mapping between the cells that
were stitred and the amplitude of the BZ oscillations.

Using this design, when four cells were enabled in a pattern around an unstirred central cell, the
four activated cells flashed in blue, but the oscillation never expanded to the cell in the centre
(Figure 2a Left). To showcase the functionality of our platform as a display screen, we used a series
of static activation patterns displayed in a sequence (Figure 2b), activating the leftmost column first,
followed by the subsequent columns in sequence, with oscillations adhering to the specified pattern.

In order to facilitate cell-to-cell communication, we completely removed the “v-shaped” part of
the opening, leaving only the corners of each cell to define the cell itself (Figure 2c). In this manner,
as demonstrated in the 4-way neighbourhood test, from an activated BZ cell reached its neighbour-
ing cells when stirred. This way, we could activate a previously inactive cell by stirring its neighbour-
ing cells (Figure 2¢ Right). Once a cell started to oscillate, its motor would be enabled to keep the
oscillations. The camera placed above the platform created a closed-loop and dynamic readout was
utilised to activate the cells based on observed oscillations: If BZ cell as read from the camera was
classified as “on” (blue) by the SVM, then the stirrer in that cell would be activated, and that cell will
continue to oscillate. These results might suggest that the configuration of the opening between cells
impacts how the BZ oscillations propagate between them. Following this, in related research we
investigated the role of the opening by placing an extra stir bar on it, which would enable or disable
the connection between cells (Sharma et al., 2024). Using this different architecture, we implemented
1D and 2D Chemical Cellular Automata, as well as demonstrating hybrid probabilistic logic for solv-
ing combinatorial optimisation problems.

4 Visualising the Oscillations

As previously explained, all of our experiments were recorded using a camera placed on top of the
platform (see Figure 1e). The camera recorded at a resolution of 800 X 600 pixels and 30 FPS.
Given that most experiments lasted 30 minutes, each video contained approximately 54,000 frames.

To better visualise and analyse the results, the videos were flattened into a single image, which we
refer to as a “timeline”. To construct this timeline image, we first considered that our platform con-
sisted of 25 cells arranged in five rows and five columns. For each frame, we selected five vertical
strips with a width of one pixel, each corresponding to one column of the platform. For example,
the first 1-pixel strip covered the first column (cells one to five in Figure 3), the second strip covered
the second column (cells six to ten in Figure 3), and so on.

These five strips were then rearranged into a single column by concatenating them vertically. This
new column was then appended to those generated from the previous frames using the same pro-
cedure. The overall process is illustrated in Figure 3.

5 Implementing Binary Logic Gates

Once the platform was able to transmit BZ oscillations between cells, such as between an activated
cell being stirred and an inactive cell where the stirrer was not rotating (Figure 2c), the next objective
was to use this functionality to implement binary logic gates. To build linearly separable binary logic
gates, such as the “AND” and “OR” gates, we focused on the fact that BZ excitation waves gen-
erated at an activated cell easily propagate to direct neighbours (i.e., distance = 1), but do not prop-
agate to cells further away (i.e., distance > 1). This phenomena can be seen on Figure 4. This Figure
represents a 30 minute experiment, where the stirrers in the fifth column (cells 21 to 25 — see
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Figure 3. Visualising the experimental videos as 2D timelines. Top: The platform consisted of 25 cells arranged ina 5 x
5 grid. For each frame, a vertical strip with a width of | pixel was extracted from each of the five platform columns.
These strips were concatenated vertically to form a single column representing the state of the BZ medium at that time
point. This procedure was repeated for every frame, with each newly generated column appended to the previously
constructed ones. Bottom: Example of this method applied to a 30-minute video. Each blue mark indicates a BZ oscil-
lation occurring within the corresponding cell.

Figure 3 for reference) were enabled, while all the other stirrers were disabled. As it can be seen, the
BZ oscillations are clearly visible in the cells where the stirrers were enabled. They are also visible in
the adjacent fourth column (where the stirrers were disabled), but as we move towards the other
columns, the BZ oscillations are barely visible.

The spatial configurations used to implement the “AND” and “OR” gates were identified
through a combination of prior knowledge of BZ wave propagation plus exploratory experiments.
In particular, it is well established that excitation waves in BZ media propagate locally through
reaction—diffusion coupling, with synchronisation and wave transmission being strongly related to
the distance between coupled regions (Kuze et al., 2021). Following this, we systematically tested a
range of input—output separations within the grid to determine how far oscillations could reliably

propagate.
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Figure 4. Timeline constructed using the methodology described on Figure 3. In this experiments, cells 21 to 25 (see
Figure 3 for reference) had their stirrers enabled, while all the other stirrers were disabled. As it can be seen on the
timeline, this mean that the BZ oscillations (blue lines) were clear in the first five rows (cells 21 to 25). They transmitted
to the next five rows (cells 16 to 20) where blue lines are also clear, but they are barely visible in the rest of the rows.
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By exploiting this feature, and based on the observed propagation range of the oscillations, we
identified spatial configurations that reproduce 2-bit logic gates using the distance between inputs to
implement either an “AND” or a “OR” gate (Figure 5). Here, by input we mean a full column.
Thus, since binary logic gates have two inputs, two columns are used as input. When the distance
between the two inputs (denoted in Figure 5 as X and Y, respectively) is set to 3 and the output is
set as the middle column between them, our platform behaves like an “AND” gate, because oscil-
lations in the output column are only observed when both inputs are activated, and a global oscil-
lation emerges (Figure 5a). On the other hand, when the distance between the inputs is set to 2 and
the column between them is defined as output, the system behaves like an “OR” gate, because
whenever any of the inputs is enabled, the oscillations propagate to the output column (Figure 5b).

To implement a non-lineatly separable logic gate, such as the “XOR” gate, we exploited the fact
that when all of the stirrers were activated, globally synchronised wave patterns emerged from the
system. We speculate that the emergence of globally synchronised patterns comes from two prop-
erties of the BZ reaction: (1) Sustained oscillation: once activated, a BZ reaction tends to sustain its
oscillation even after the stirrer is off. Thus, each cell can be considered as an oscillator. (2) Signal
convolution: the BZ oscillations generated at a cell propagate to neighbouring cells where other
oscillations are generated. The waves collide and interact to form a synchronized oscillation. Thus,
the whole BZ grid system can be viewed as a coupled oscillator system, or more in general, as a
chemical dynamical system that consistently converts stirrer input patterns into patterns of excitation
waves (Liu et al., 2022). This configuration was also identified empirically, based on its ability to
generate distinct and reproducible phase patterns for each input combination.
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Figure 5. Designing “AND” and “OR” logic gates using the distance between the BZ input oscillations. The leftmost
part of this figure describes the truth tables for both the “AND” and “OR” gates. “X” and “Y” are the input bits, while
“O” is the output bit. Next to the truth tables, there it can be seen how using the distance between inputs the platform
can emulate said logic gates. If X and Y are separated by 3 cells it behaves like an “AND” gate (X = column I, Y =5,0 =
3), while if they are separated by | cell it behaves like an “OR” gate (X = |, Y = 3, O = 2). The following eight pictures
are different snapshots of the platform where it can be seen how the platform actually emulates these logic gates. These
pictures do not represent a single frame from the platform, but a sequence of frames taken from a “timeline” as de-
scribed in Figure 3. That is why the oscillations appear as single blue lines, which means that an oscillation appeared for a
number of frames. The base colour (no oscillation) is orange, and a blue line represents an oscillation. The top row
represents the “AND” gate, and there it can be seen that the output column only oscillates when both inputs oscillate.
The bottom row represents the “OR” gate, and in this case the output column oscillates whenever any of the inputs
oscillate.

-
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Figure 6. Designing “XOR” logic gates using the phase difference between localised oscillations. The leftmost and
rightmost five cells (columns) are considered as inputs (X, Y). The heat maps show the phase differences between
the central cell (position 3, 3) and other cells. Each input pattern shows a distinctive BZ excitation wave pattern.

Figure 6 shows how the XOR was implemented by exploiting the BZ oscillations synchronisation
between cells. In this case, the ON/OFF binary state of inputs employed two different stirrer
speeds (ON for the full speed and OFF for the slowest rotation speed possible), instead of
fully activating or disabling stirrers as we did before. In the BZ grid, the leftmost and right-
most five cells were considered as inputs, X and Y, respectively. If only a column of five
adjacent stirrers were rotated at full speed (the ON state), the stirrer motion generated a
uni-directionally propagating wave pattern. This wave pattern was found to be symmetric, thus
both (0, 1) and (1, 0) inputs produced mirrored wave patterns. In contrast, the (0, 0) and (1, 1)
inputs resulted in different yet reproducible wave patterns. To quantify these different wave pat-
terns, we calculated the phase differences between the central cell and the other cells by cross
correlation analysis (Figure 6). In particular, (0, 1) and (1, 0) patterns show a bipolar pattern where
one side (“0” or non-activated side) shows positively shifted phase (indicated in red) while the
other side (“1” or activated side) shows negatively shifted phase because it was observed that
excitation waves tend to propagate towards the cells with activated stirrers, thus the phase is de-
layed. On the other hand, the other cases, (0, 0) and (1, 1), showed different non-bipolar patterns.
Therefore, the XOR gate can be implemented by defining the bipolar wave pattern as output “1”
and the other pattern as “0”.

These implementations of the “AND”, “OR” and “XOR” gates are intended as proof-of-
concept demonstrations of how basic forms of computation can be embodied in the platform, rather
than as a general or systematic constructions.
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6 Using Generative Al to Simulate Our Platform

All the experiments discussed so far were executed in a real platform. This had the advantage of
knowing that all the data generated perfectly represented the system, but it came with two draw-
backs: (1) The experiments were slow to execute. Each experiment took between 30 to 60 minutes.
(2) The financial costs of running the platform, in terms of all the chemicals used, were high; and
most of the waste generated was not recyclable. The low throughput of the platform, specifically,
limited its capacity to make new discoveries, since based on the timings discussed, the system could
only perform eight to ten experiments per day. This severely limited the number of different con-
ditions or regimes we could test to, for example, design new logic gates.

As outlined in the introduction, the BZ reaction is a well-characterised system, with known math-
ematical and physical models. Nevertheless, our aim here is not to simulate the BZ reaction itself,
but to simulate it within our platform, so that it can be used to accelerate the discovery of new forms
of computation. To achieve this, we focused on using Generative Al, a branch of Al which has been
recently used to simulate a wide range of scientific phenomena (Huang et al., 2024; Mekala et al.,
2025). Thus, our objective is to train a Generative Al model that can: (1) Simulate the BZ oscilla-
tions on their own; (2) simulate how these oscillations can be modified using external inputs, such as
the magnetic stirrers we used, and (3) simulate how the BZ oscillations transmit in an array of neigh-
bouring cells, such as the one defined in our platform.

To train this model we drew on the vasts amount of data we collected while conducting the
experiments detailed in the previous sections, as well as the experiments we did in previous research
(Cronin et al., 2019). During these experiments, we recorded videos of the BZ medium—such as the
frames shown in Figure 1e—while simultaneously logging the motor configurations corresponding
to each frame. Based on the data collected, instead of attempting to model the dynamics of the
fluids and/or the dynamics of the BZ reaction, we decided to take a different approach and consider
this as a “frame prediction” problem. This type of problems are well known in Generative Al, and
they currently are an intensive area of research (Héppe et al., 2022; Yan et al., 2021). Our goal here is
to train a Generative Al model that, given a video of our BZ platform together with the correspond-
ing motor configurations, can predict the next video frame (see Figure 7).

Seed frames recorded from an experlment
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Figure 7. Using Generative Al to predict the next frames. The model takes as input the recorded video frames of the
BZ reaction along with the corresponding motor configurations, and predicts the next frame based on this information.
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Generated frame
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Figure 8. An Autoencoder was used to compress the frames from size (400, 400, 3) to size (8, 8, 8).

To achieve this goal, we focused on Diffusion Models, as these architectures excel at image gen-
eration. Among the various Diffusion Models, our implementation is based on the Stable Diffusion
architecture (Rombach et al., 2021). This architecture works with latent vectors instead of using full
images, which has a big memory and runtime advantage. Given a frame (a full image) we obtained its
latent representation using an Autoencoder. Autoencoders are Deep Neural Networks well-known
for being very effective at compressing data (Hinton & Salakhutdinov, 20006), and they have been
particularly successful at compressing images, which is exactly the type of data we are working with.

Going into the details of our architecture, it first started by resizing the frames from (400, 400, 3)
to (256, 256 3) using bilinear interpolation, and then these frames were compressed using an Auto-
encoder into smaller arrays of shape (8, 8, 8), see Figure 8. Between the encoder and the decoder,
defining the latent space, there was a single array “z” (of shape, as discussed, 8, 8, 8). Examples of
reconstructed frames generated using this Autoenconder can be seen on Figure 9. We used a single
array “z”, because this produced more stable results than when following a Variational Autoen-
coder approach, which uses two arrays. Once this Autoencoder was trained, it was used to create the
dataset, which consisted of sequences of frames in latent space extracted from the videos. Every
video was divided into overlapping sequences with length “seq_/length”, and then for each frame the
Autoencoder was used to obtain their latent representation. Thus, each entry in our dataset was of
shape (seq_length, 8, 8, 8). We used a sequence length of 128, which provided a good balance be-
tween the memory limitations of our hardware and the need to capture the oscillations of the BZ
reaction.

Original
Frames

Reconstructed
Frames

Figure 9. Examples of frames from the original videos, and the reconstructions as outputted by the Autoencoder.
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Figure 10. Al Model architecture. In red: Inputs to the model. In blue: Internal inputs. (a) Sequences of compressed
frames were inputted into a Diffusion Model, alongside a noisy frame, and this model outputted a de-noised version of
this frame, which represented the next frame of the sequence. Our diffusion model used the common U-Net architec-
ture to down-sample and up-sample the data. (b) At the centre of the U-Net, we used Transformer Encoder blocks
followed by FiLM (feature-wise linear modulation) layers, to condition the generate of the next frame based on the
information from the motors.

These sequences were then used to train our Diffusion Model (see Figure 10a). The model was
trained to, given a sequence of frames, predict the next one. To achieve this, the last frame of each
input sequence was replaced with noise, and the model learned to remove this noise to reconstruct
the original frame. The input sequences were first down-sampled using 3D convolutions, and later
on they were up-sampled to reconstruct the data to its original shape. Following the standard U-Net
architecture, which is very commonly used in Diffusion Models, we used “skip connections” be-
tween the blocks that down-sampled, and the ones that up-sampled. Each block received not only
the frame sequences but also the corresponding “noise rates”, which indicated the amount of noise
added to the last frame. As is common with Diffusion Models, the model was trained to predict the
noise that was added initially. Thus, the output of our model was this, a prediction of the noise
added during the first step. Once this noise is known, the frame can be reconstructed by subtracting
the noise from the original noisy input.

A key feature of the BZ reaction is its temporal oscillations, which must be preserved when
generating new data/experiments using the Al model. To improve time-seties prediction, we incot-
porated temporal and positional information into the input sequences. This was achieved by includ-
ing Transformer Encoder blocks between the down-sampling and up-sampling stages of the U-Net.
These blocks, through their Attention mechanisms, are particularly effective at capturing sequential
dependencies. The implementation is shown in Figure 10b.

The Transformer Encoder blocks received three inputs: (1) UN_DO—the output from the
U-Net down-sampling stage, (2) Motors—the speed of each of the 25 motors at every frame in
the sequence, with shape (seq_/length, 25), and (3) Sequence time—the position of the input se-
quence within the full experiment from which it was extracted. The “Sequence time” input was
processed through an “Offset Positional Encoding” step, and the resulting representation was
added to the input “UN_DO”. This step closely follows the way positional information is incor-
porated into the data in Transformer models before it is passed to the encoder or decoder blocks,
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but with a small variation. As previously discussed, each of our input sequences contained 128
frames, whereas whole experiments had lengths over 4,000 frames. Consequently, an input se-
quence could be extracted from any position within those 4,000 frames. This offset was incorpo-
rated into the positional encoding, allowing the Encoder blocks to capture how the state of the
experiment and the BZ oscillations vary depending on their position within the full experiment.
Finally, motor information was integrated into the model through a FiILM (feature-wise linear mod-
ulation) layer.

With this architecture, given a input sequence of frames in latent space, a noisy frame (also in
latent space), and the corresponding motor actuation data, the model predicted and generated the
next frame. The new frame could then be appended to the previous ones, enabling the model to
generate subsequent frames iteratively. Repeating this loop allowed us to produce as many frames as
desired. We evaluated this process using the test set, and the quality of the generated frames was
high, making it difficult to discern when the Al began generating them. A common issue in video
generation is the progressive degradation of frame quality over longer sequences. In our case, how-
ever, significant degradation was not visually observed. We believe the absence of degradation in our
predictions comes from the fact that our dataset is highly constrained to this specific problem, re-
sulting in a latent space that was highly specialised for this particular type of experiment. An example
of a video generated with our model is shown in Figure 11. As discussed, 128 frames (just over
6 seconds) were used as the seed, after which the Al generated 500 frames (25 seconds). Another
known issue with Generate Al models is that they might hallucinate (Rathkopf, 2026). To avoid
hallucinations, we used a method known as “retrieval-augmented generation” (Béchard & Ayala,
2024), where the model is constrained to generate data that is only present in a known dataset.
In our case, first we created a dataset containing all the frames from all our videos, and we stored
them in their latent vector form using the Autoencoder. Then, once the model generated a new
latent vector, we searched for the nearest one among the ones in the dataset, and we interpolated
between the two.

Start of "seed" video id o "seed" video End of "'seed" video
Time 0s 000ms Time 3s 000ms Time 6s 300ms

tartof "Al" video Mid of "Al" video End of "Al" video

Time 6s 350ms Time 18s 600ms Time 30s 700ms
Figure Il1. Example of a video generated using our model. Top left (in green background): Frames from an original

video, which was used as seed (or prompt) alongside its motor pattern. A total of 128 frames were used as seed, which
at 20 FPS equates to just over 6 second of video. Bottom right (in blue background): Frames from a video generated
using our model. To generate this video, the frames in green were used as the input sequence.
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7 Using the Model to Investigate the BZ Reaction In-Silico

In the previous section, we demonstrated how Generative Al can be used to model our platform.
The purpose of developing this model was to increase experimental throughput: while a single ex-
periment on the physical platform required around one hour, the Al model could potentially gen-
erate comparable results within seconds.

To demonstrate the usefulness of our model and its increased data throughput, we paired it with
an optimisation algorithm (a Genetic Algorithm or GA) to investigate how different motor patterns
influence the behaviours described by the BZ medium. In particular, our goal was to use an opti-
misation algorithm to find motor patterns that either maximised or minimised a user-defined behav-
iour. A key property of the BZ reaction is that it oscillates, therefore, the fitness function for our
optimisation process was defined as the generation of the strongest possible oscillations. By default
the BZ reaction has a red-ish colour, and when an oscillation happens it shifts to blue before even-
tually returning to red. This phenomenon could be seen in many of the previous figures, such as in
Figure 11. In this figure the very last frame (bottom right) has no oscillations (all cells are red), while
the previous one (bottom left) has areas with blue cells.

To implement this fitness function, given a video where all the frames were represented in RGB,
we extracted the red and blue channels, and we analysed the red—blue difference signal over time for
each experiment. The fitness score was calculated based on how many times the signal oscillated and
how strong those oscillations were. To build the signal, for each frame (represented in RGB) we
took the average red channel, minus the average blue channel. This produced a signal that went up
when the frame was more red, and down when it was more blue. This signal was also smoothed to
reduce noise. Every time the smoothed signal crossed zero (changed sign), it meant the video
switched from red-dominant to blue-dominant (or vice versa). The number of these zero-crossings
was the number of oscillations. For each oscillation (between two zero crossings), we measured the
peak-to-peak amplitude (how far the signal went up and down), and calculated the average ampli-
tude for all the crossings. Very small oscillations under a set threshold were ignored as noise. The
final score was the number of oscillations multiplied by the average amplitude.

This fitness function (F) is then described as:

F=N-A (1)
where

* N = number of zero-crossings in the smoothed signal (oscillations),

+ A = average peak-to-peak amplitude of valid oscillations.

Formally,
1 M

/4_ - — Aia 2
Mz_; 2

with
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subject to the condition
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where:

* 5(? is the smoothed red-blue difference signal,
* z; are the zero-crossing indices,
* M is the number of oscillations that satisfy the amplitude threshold,

¢ and A, is the minimum amplitude considered significant.

This fitness function was used in conjunction with a GA to identify motor configurations that
produced strong oscillations, corresponding to high fitness scores.
The GA was setup following a standard implementation with the following parameters:

* Genes: Our platform contained 25 individually controllable motors. In the genetic
representation, each motor was associated with a single gene that encoded its rotation
speed, resulting in a total of 25 genes per individual.

* Population size: We used a population of 160 individuals, the maximum our hardware
could handle.

* Initial population: Individuals were initialised randomly. Each gene was set using
numpy’s random function minus 0.5, giving initial gene values between —0.5 and 0.5.

* Elite size: The elite size was set to 50, corresponding to one-third of the population.
* Selection: Generational selection was performed using the “Roulette wheel” algorithm.
* Mutation: Each gene underwent mutation with a probability of 0.05%.

* Crossover: To breed new individuals, two parents were selected via the Roulette algorithm.
A random crossover point R between 0 and 24 was chosen, with the offspring inheriting
genes 1 through R from the first parent and genes R + 1 through 25 from the second
parent.

* Generations: A total of 50 generations were evolved, which took approximately two days
on our hardware.

Once a population for a given generation was assembled, the next step was to evaluate each indi-
vidual and compute its fitness score. For each individual, the corresponding experiment was gener-
ated from its genes, with each gene directly specifying the speed of one motor in the BZ platform.
This motor pattern was inputted into the Generative Al model described earlier, which then pro-
duced a video simulation of the experiment. Each video consisted of 500 frames, a process that took
approximately 30 minutes. However, since all individuals from the same generation could be gen-
erated in parallel, all 160 experiments could be completed within the same 30-minute time-frame.
After generating the videos, the fitness score for each individual was calculated using the previously
defined fitness function. Finally, the best-performing individuals were selected via the “Roulette
wheel” method, and these individuals were bred and mutated to produce the next generation.

Figure 12 shows an example of a complete GA run, from generation 0 to 49 (50 generations in
total). In this GA run, the fitness function was calculated for the middle cell only, located at position
(3, 3), making the objective to identify motor configurations that generated strong oscillations in this
specific cell. Figure 12a shows the evolution of fitness scores over the generations. In generation 0,
the average score was close to 0, while by the final generation it approached 200. The best individual
appeared in generation 28, achieving a score just over 800. The overall upward trend in fitness scores
demonstrates that the GA succeeded in optimising the fitness function by exploring different motor
configurations.
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Figure 12. Optimising the motor patterns using a GA to obtain strong BZ oscillations in the middle cell. (a) Plot
showing the evolution of the fitness scores from the first generation to the last one. (b) Evolution of the red-blue signals
for an individual from the first generation. The blue shaded area represents the seed frames which were fetched directly
from the test dataset, while the rest of the frames were generated using our Al model. For each frame, the red line
shows the average value of the red channel (from RGB), while the blue line shows the average value of blue channel. To
the right of this plot, a screenshot from a blue peak can be seen. In this experiment, the red and blue signals never
crossed, meaning the fitness score for this individual was 0. (c) Evolution of the red-blue signals for an individual from
the last generation. In this experiment, a strong oscillation can be seen around the 180th frame. Based on the fitness
function as described before, the fitness score for this individual was 199.25.

00
Frame

Figure 12b shows the evolution of the fitness score for an individual from the first generation.
The plot shows the red and blue channel values over the frames of the video. The initial section,
highlighted with a shaded blue background, represents the “seed” frames—portions of the video
directly taken from the test set (i.e., from a real experiment). The remaining frames were generated
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Table 1. Example results from five different optimisation runs using a Genetic Algorithm.

GA Run Ist Gen Avg Score 49th Gen Avg Score Best Score
I 21.2 243.0 449.1
2 0.95 94.6 358.8
3 1.23 165.6 7453
4 6.28 219.5 3135
5 51.3 199.2 606.8

by the Al model described previously. In this example, the red and blue signals never crossed, in-
dicating that no oscillations occutred; as a result, this individual received a fitness score of 0. To the
right of the plot, a screenshot shows the highest blue peak within the Al-generated section.

Figure 12¢ shows the evolution of the fitness score for an individual from the last generation. In
this case, the red and blue signals crossed, indicating that an oscillation occurred in the centre cell.
Based on the fitness function desctibed earlier, this individual received a fitness score of 199.25.

Similar GA runs were repeated to reproduce the optimisation results, which are summarised in
Table 1. In each run, the sequence of frames used as the “seed” for the Generative AI model was
different and randomly chosen. Similarly, the initial motor pattern during the “seed” portion varied
for each run, corresponding to the motor pattern associated with the selected seed sequence.

8 Benchmarking the Al Model

To benchmark the AI model, 128 sequences were selected randomly from the test set. These se-
quences contained 256 steps. The first 128 steps were used as input (seed) to the Al model, while
the following 128 steps were used to compare the model outputs with the corresponding ground-
truth data from the test set. To perform this comparison, as in the previous section, we used the
centre cell as the target for the calculations. Therefore, the comparison focused on the difference in
the blue channel of the platform’s centre cell between the test set and the Al-generated data.

In Figure 13a, the black lines show the difference in blue-channel value at the centre cell for each
of the 128 tested sequences. While the y-axis is scaled between —20 and 40, the theoretical maximum
range could go from —256 to 256. The red line represents the mean difference across the 128 se-
quences at each step, while the shaded red region represents the corresponding standard deviation.
To calculate the overall mean and standard deviation we converted the differences to absolute values -
so that positive and negative values cannot cancel themselves out. We obtained an overall average
difference of 3.68, with an overall standard deviation of 5.06. These results can be observed in this
figure, where most of the experiments cluster around the Y-0 position, creating a large shaded black
area, with the red line (mean) also located in this region. While these results are encouraging, it is
important to remember that the BZ reaction remains at the non-oscillatory state (red colour) most
of the time, with brief oscillations (blue colour).

To further explore the benchmark results, we focused on the experiment displaying the largest
difference between test and Al-generated data. This experiment is highlighted with the orange line in
Figure 13a. Checking this individual experiment from the test-set, it can be observed that this ex-
periment initially displayed oscillatory behaviour (marked as “max” in the plot), while the corre-
sponding Al-generated sequence remained in a non-oscillatory state. Then, after the test data
returned to a non-oscillatory state, oscillations emerged in the Al-generated data. In both cases,
oscillatory behaviour is observed. However, the oscillations were separated in time by a phase
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Figure 13. Benchmarking the Al model by comparing sequences in the test set against sequences generated by the
model. (a) Plot showing the difference in the blue-channel value at the centre cell for 128 test-set sequences, compared
against sequences generated through the Al model using the same seed. Each black line represents the difference be-
tween an experiment from the test set, and its corresponding experiment generated using the Al model. While the plot
is autoscaled between —20 and 40, the maximum range goes from —256 to 256. The red line represents the mean
difference per frame number, while the shaded red area represents the standard deviation. The orange line represents
the experiment with the biggest difference, which is further explored in B. (b) Three snapshots comparing one exper-
iment (orange line above) from the test set against the frames generated using the same seed.

difference. Interestingly, as shown in Figure 13b, the snapshot from the test set at the “pre-max”

time-point closely resembles the snapshot from the Al-generated data at the “min” time-point.
It is important to remark that our benchmarking tests focused on a single cell located at the

centre of the platform, and therefore it did not fully capture all aspects of the spatiotemporal
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dynamics of the system. In future work, these benchmarking tests could be extended to include all
the cells, as well as different input and output patterns.

9 Discussion and Conclusions

While in previous research binary logic gates have been modelled using BZ reaction diffusion sys-
tems, here we have shown an example of a chemical processor with real-time input used to exper-
imentally demonstrate binary logic behaviours within the platform. Therefore, our platform builds
on prior work that demonstrated Boolean logic in BZ systems, extending it through real-time actu-
ation and integration with a digital control layer.

To reach this result, we first had to show that we could reliably control the oscillations via an
external stimulus, and physical stirring of the individual cells using a magnetic stirrer was found to
be effective as a control. Oscillating cells could then initiate oscillations in neighbouring cells if
they were fluidically connected. Using these properties from our platform, we experimentally dem-
onstrated reproducible “AND”, “OR” and “XOR?” logic-like behaviours by configuring the spatial
arrangement of the inputs and exploiting the resulting oscillatory dynamics. The wave propagation
patterns that emerged from these inputs were reproducible between experiments. Nevertheless, the
logic gate implementations shown in this research are not intended to be used as a general framework
for building a chemical computer, but instead as examples of how the platform could be used to
perform simple computations by controlling the spatiotemporal dynamics of the BZ medium.

While in this study we focused on implementing the “AND”, “OR” and “XOR” logic gates, a
possible route to achieve universal computation would be to implement a “NAND” gate. “NAND”
gates are functionally complete, meaning that all the other boolean operations can be implemented
with “NAND” combinations, and thus an entire processor can be created using “NAND” gates
alone. In this research we did not attempt to create “NAND” gates because we could not create
“NOT” operations. The main reason behind this is that in our set-up the chemistry only oscillated
(“1” state) when the stirring was enabled, and we did not find a way to induce oscillations with
disabled motors. Future research could focus on this aspect, and if “NOT” operations were
achieved, this would enable us to also perform “NAND” operations, and thus the platform could
be said to be functionally complete.

To further explore our platform, we modelled it using Generative Al. The model was trained
using only videos from previous experiments and was able to generate videos of possible future
experiments. We then employed this Generative Al model as a surrogate to optimise the platform’s
behaviour using a Genetic Algorithm. For the optimisation, the fitness function was defined to find
configurations that produced strong BZ oscillations. The GA identified motor configurations that,
within the surrogate model, maximise the defined fitness function, and the corresponding generated
sequences displayed strong oscillatory behaviour.

Nevertheless, these optimisation results were obtained entirely zz-sz/ico and were not experimen-
tally validated on the physical platform, and that would be an important next step. Moreover, the
fitness function we defined was relatively simplistic. Future work could involve defining more so-
phisticated functions with a closer connection to unconventional computation.

In this study we implemented a hybrid chemical computing system using the BZ medium as
processing unit, and a conventional digital computer as control unit. An advantage of the described
system is its adaptability because the number of cells used can be easily increased, since only a new
3D-printed vessel is required. Furthermore, the 3D-printed grid itself can be modified by changing,
for example, the gap width between two neighbouring cells, or the shape of the cells, which will also
affect the wave propagation. As an example of these possible enhancements, we have recently de-
veloped a similar platform to the one described here, but containing a 7-by-7 grid (instead of 5-by-5)
(Sharma et al., 2024). This newer platform incorporates new stir bars at the interface between cells -
added the ones at the centre of each cell as in this research- enabling us to have a finer control of how
BZ oscillations transmit between cells. We believe that further investigation and implementation of
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chemical computing systems will pave the way to exploit the rich dynamic of natural unconventional
computing substrates.

Data Availability

The data supporting the findings of this study consist of multiple video files with a total size of
approximately 1 TB. The curated dataset is available from the corresponding author upon reasonable
request.

Code Availability
The source code is available at https://github.com/thephet/BZ1gen/.
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