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Abstract

We investigated how local interactions generate predictive information and complex dynamics by representing
molecules as graph cellular automata. In this representation, numerical atom states evolve through interactions along
chemical bonds, producing molecular space-time trajectories that provide fingerprints for predicting enzyme inhibition.
Ridge regression converts these fingerprints into predictions. In the OpenADMET CYP Inhibition Challenge, blind MA-
ST-RAE scores were 1.0092 for fixed-rule backpropagation, 1.0020 for genetic configuration search with
backpropagation and 0.9946 for genetic programming with backpropagation. Separate dynamical analyses identified
convergence, possible periodic behaviour and persistent complex variation. Two systems exhibited bounded
hyperchaotic dynamics, with small initial differences growing in multiple independent directions. Discontinuities in the
phase-based cellular automaton transition rule and unresolved fractal dimension leave their classification as strange
attractors provisional. These findings support molecular space-time as a framework for studying how local interactions
generate predictive information and dynamical complexity.

Keywords: cellular automata; complex systems; emergence; genetic programming; graph dynamics; molecular
representation; nonlinear dynamics

1. Introduction

Cellular automata demonstrate how repeated local interactions produce organised behaviour, including fixed
configurations, oscillators, propagating structures, long transients, computational universality and transitions between
order and disorder [1–3]. Reaction–diffusion systems provide a related physical example: local chemical reactions
change species concentrations, while diffusion redistributes those species through space, together generating larger-scale
patterns [4]. This principle motivates our computational investigation: atoms carry numerical states, bonds define
communication routes, and training adjusts their local interactions so that trajectory summaries predict enzyme
inhibition.

Our molecular representation brings together three related approaches to learning through repeated local interactions.
Learned graph cellular automata provide the network structure by extending shared cellular automaton transition rules to
irregular connections such as those between bonded atoms [5]. Within this structure, we draw on neural cellular
automata to train the local interactions and allow the numerical state channels to acquire useful roles collectively [6].
Molecular message-passing networks connect this local exchange of information to the prediction task by showing how
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communication between bonded atoms can support molecular-property prediction [7]. Together, these ideas motivate our
use of trained local interactions on molecular graphs and the retention of their atom-state trajectories as predictive
features.

We call the retained atom-state trajectory molecular space-time. At generation t, each atom carries a vector of
learned numerical values. All possible combinations of these values across the molecule define its computational state
space. A point in this mathematical space represents one complete set of atom-state values, providing a numerical
snapshot of the whole molecule at one generation. Changing these values moves the snapshot to another point, and
successive snapshots trace a trajectory through state space. A shared nonlinear cellular automaton transition rule uses
messages along typed bonds to advance the graph to generation t + 1. Summaries of early changes, intermediate states
and final states form a molecular fingerprint, a numerical feature vector for predicting pIC50.

We compared four approaches to learning this representation. Backpropagation trained numerical weights within
fixed transition-rule families, while an evolutionary strategy adjusted those weights by testing small changes and using
their prediction errors to guide further updates. A genetic algorithm selected model configurations, and genetic
programming evolved the mathematical form of the cellular automaton transition rule; both used backpropagation to
train the numerical weights within each candidate. All four approaches used fitted ridge regression to combine trajectory
features into predictions. The backpropagation-based approaches calculated weight updates through the differentiable
ridge fit, while the evolutionary strategy used prediction errors directly to guide its weight changes. Configuration
choices included the rule family, number of generations and channels, chemical descriptors and trajectory summaries, as
explained in Sections 2.2–2.4 and Appendix A. Genetic algorithms search encoded combinations of model settings,
while genetic programming applies selection, crossover and mutation to mathematical expressions defining the cellular
automaton transition rule [8, 9].

The 2026 OpenADMET CYP Inhibition Challenge provided an external validation task. Cytochrome P450 (CYP)
enzymes influence the metabolism and clearance of many medicines, and inhibition can contribute to clinically
important drug interactions [10]. The challenge examined four CYP isoforms, CYP1A2, CYP2C9, CYP2D6, and
CYP3A4, which are distinct enzyme members of this family with different substrate preferences. Each isoform defined a
separate prediction task: using the compound’s molecular structure to predict how potently it inhibits that enzyme. The
organisers compared the resulting direct-inhibition pIC50 predictions with concealed experimental measurements. This
independent evaluation tests the predictive usefulness of the molecular space-time fingerprints.

We also examined the trained trajectories for convergence, repeating oscillations, persistent complex variation and
chaos [1–3, 11–13]. With model parameters fixed, we followed atom states for thousands of generations and measured
recurrence, frequency spectra, perturbation growth, Lyapunov exponents and attraction basins. Introducing small initial
differences tests whether nearby computational states progressively separate, providing evidence relevant to chaos. We
also examined whether trajectories approach a bounded set with fractal geometry, whose dimension describes how its
detail changes with measurement scale. Reliable estimates of this fractal dimension require excluding pairs of states
recorded too close together in generation number and checking that the estimated dimension remains consistent when
we represent the trajectory using different numbers of numerical coordinates [14–16]. These coordinates are the
numbers used to locate each state in the chosen representation, such as individual atom-state values or combinations of
them that summarise variation across the molecule.

Genetic programming modestly improved blind prediction. The dynamical analyses identified convergence, possible
periodic behaviour and persistent complex variation, including two bounded hyperchaotic systems. Phase-boundary
discontinuities and unresolved fractal dimension leave their classification as strange attractors provisional.
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2. Materials and Methods

2.1. Dataset and Prediction Task

The study used the primary direct-inhibition dataset released for the 2026 OpenADMET CYP Inhibition Blind
Challenge (https://openadmet.org/blindchallenges/). It comprised 4,905 unique compounds represented by a molecule
identifier and a Simplified Molecular Input Line Entry System (SMILES) string. The dataset provided experimental
direct-inhibition pIC50 values for four drug-metabolising cytochrome P450 enzyme isoforms: CYP1A2, CYP2C9,
CYP2D6, and CYP3A4. Each value described inhibition of one specific isoform by one compound. Here, pIC50 denotes
the negative base-10 logarithm of the half-maximal inhibitory concentration expressed in molar units. Each reported
measurement included lower and upper uncertainty bounds and an estimated standard deviation from the fitted
concentration–response experiment. The experiments did not necessarily measure each compound against every CYP
isoform. The dataset contained 6,525 observed compound–CYP pairs, distributed as summarised in Table 1.

CYP isoform Compounds with an observed direct-inhibition pIC50

CYP1A2 1,412

CYP2C9 1,285

CYP2D6 1,493

CYP3A4 2,335

Total 6,525

Table 1. Number of observed direct-inhibition pIC50 measurements for each CYP isoform.

Each observed compound–CYP pair formed a training case, with molecular structure and isoform identity as inputs
and experimental pIC50 as the target. An endpoint denotes the direct-inhibition prediction task for one isoform. The
CYP-specific systems used observations for their assigned endpoint throughout fitting and selection (Section 2.4).
Unmeasured compound–CYP pairs remained missing and contributed neither targets nor loss terms.

We grouped compounds by their standardised Bemis–Murcko scaffold, the structural skeleton comprising rings and
their connecting chains after removal of side branches. Reserving 20% of scaffold groups as a sealed holdout left 5,216
observed compound–CYP pairs for fitting and internal selection and 1,309 for final validation. Scaffold groups were
exclusive to each partition, allowing evaluation beyond closely related chemistry. Hyperparameter selection used the
fitting pool alone.

The challenge test set contained 750 additional compounds for which the organisers withheld all direct-inhibition
labels. The challenge required the four trained CYP-specific graph cellular automaton models to generate one finite
pIC50 prediction per isoform for each compound, giving 3,000 blinded compound–CYP predictions. We excluded
blinded compounds and their unreleased outcomes from parameter estimation, hyperparameter selection, early stopping,
and dynamical candidate selection.

Predictive evaluation followed the challenge formulation: the primary measure was the macro-averaged soft-
threshold relative absolute error (MA-ST-RAE) across the four CYP isoforms, with equal weight for each isoform and
zero error for predictions falling within the reported experimental uncertainty interval. Lower MA-ST-RAE indicates
better prediction under this uncertainty-aware measure. We retained conventional regression statistics as complementary
measures of predictive agreement, including root mean squared error (RMSE), which summarises prediction-error
magnitude, and rank correlations, which assess how well predictions preserve the ordering of experimental values.
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2.2. Molecular Graph Representation

We used RDKit to standardise SMILES structures, including common groups of bonded atoms and their formal
atomic charges (integer charges assigned to individual atoms, such as +1 or −1). We then retained the largest organic
fragment and applied RDKit's sanitisation procedure to check the consistency of the molecular representation, including
whether each atom's number and types of bonds were compatible with its assigned chemical state. We converted the
resulting structure to canonical isomeric SMILES. We represented each standardised molecule as a graph G=(V,E),
where every heavy atom (an atom other than hydrogen) i ∈ V was a cellular-automata cell and every covalent bond
defined two directed message-passing edges, j → i and i → j. The predictive input, meaning the model inputs for
predicting pIC50, comprised the standardized two-dimensional graph connectivity, atom and bond descriptors, and CYP
context; it contained no molecular geometry.

The standard set of atomic descriptors contained one-hot element identity for H, C, N, O, F, P, S, Cl, Br, I, and other
elements; for example, with this ordering the encoding represented carbon as (0,1,0,0,0,0,0,0,0,0,0) and oxygen as
(0,0,0,1,0,0,0,0,0,0,0). Further descriptors comprised formal charge; aromaticity; sp, sp2, sp3 (types of atomic orbital
hybridisation), and other hybridisation states; degree; total attached hydrogens; ring membership; hydrogen-bond donor
and acceptor status; and tetrahedral chirality. We also tested additional atomic descriptors, organised into the five groups
in Table 2. To choose which groups to include, we compared their predictive performance using training and validation
subsets drawn entirely from the fitting data. The sealed holdout and blinded challenge set played no part in that
selection.

Feature group Atom-level quantities

Periodic Atomic number, atomic mass, covalent radius, van der Waals radius, outer electrons, period, group, and approximate
atomic volume.

Valence Total and implicit valence, heavy-atom degree, radical electrons, and absolute formal charge.

Electronic Pauling electronegativity, approximate polarizability, heteroatom and halogen indicators, conjugated-bond fraction,
first ionization energy, electron affinity, and missing-property indicator.

Ring geometry Number of rings containing the atom and indicators for ring sizes 3, 4, 5, 6, 7, and 8 or greater.

Local
environment

Mean neighbouring electronegativity, electronegativity difference from the neighbourhood, mean neighbouring
atomic number, and mean neighbouring formal charge.

Table 2. Chemically organised atom-feature groups considered during training-only model selection. A feature
group is a named collection of related atom-level descriptors that we added to the baseline encoding as one candidate
block.

The feature profile specifies which chemical descriptors form each atom's input vector: the baseline encoding
together with the selected additional feature groups in Table 2. We stored the selected feature profile with every frozen
checkpoint, meaning the saved model whose parameters we held fixed for evaluation. This preserved the exact feature
names and order required to predict new molecules. We scaled continuous quantities by fixed chemically meaningful
constants during graph construction; for example, we divided atomic mass in daltons by 250, converting carbon's mass
of approximately 12.01 into a dimensionless input of approximately 0.048. The bond vector 𝑒ⱼᵢ contained one-hot
indicators for single, double, triple, or aromatic bonds, together with indicators for conjugation, ring membership, and
three stereochemical properties. We attached the same bond vector to both directed representations of an undirected
bond.

A four-entry context vector, 𝒄, identified the target CYP isoform: its entry was 1 and the remaining entries were 0.
This one-hot encoding supplied target identity to the cellular automaton and prediction readout, allowing one molecular
graph to generate isoform-specific trajectories and predictions.
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Each atom carries H numerical state values, called channels, which change over generations. They are latent because
training determines how they combine the chemical descriptors to support prediction. The N-methylacetamide example
shows how each heavy atom forms a cell and how bonds allow information to pass in both directions, with xᵢ recording
the atom's chemical descriptors, including its attached hydrogen count, and 𝑒ⱼᵢ recording the bond descriptors (Figure
1A). To form an atom's initial state, the model combines its F input descriptors using learned weights that determine
how strongly each descriptor contributes to each of the H channels (Figure 1B). Scaling and the hyperbolic tangent keep
the initial values between −1 and 1, and the same learned transformation applies to every atom. The illustrated
conversion of 20 descriptors into 8 channels is an example of how the input and state sizes can differ. The resulting
channel values subsequently change through interactions with bonded neighbours, forming the molecular space-time
trajectory.

Figure 1. Molecular graph encoding and formation of the initial dynamical state. A) N-methylacetamide illustrates the atomic cells
and bond descriptors. B) The highlighted methyl carbon illustrates how F chemical descriptors become H initial state values through a
learned transformation. The pale bond indicates its connection to the rest of the molecule. The example of 20 descriptors and 8 channels
is illustrative.

2.3. Nonlinear Graph Cellular Automaton

The Graph Cellular Automaton (Graph-CA) advances the initial atom states defined in Section 2.2 through repeated
local interactions. Each state's role depends on its effects on neighbours, subsequent generations and prediction. We
screened ten Graph-CA transition-rule families, illustrated in Figure 2 and defined through their shared calculations and
individual implementations in Appendix A. Section 2.4.1 identifies those selected for prediction, and Table 6 reports
their dynamical screening results. The ten families were gated residual, inertial reaction–diffusion, FitzHugh–Nagumo,
Kuramoto–Sakaguchi, delayed memory, Gray–Scott, coupled map, activator–inhibitor, damped symplectic and
conservative graph flux.

A rule family specifies how an atom calculates its next numerical state. All ten use atomic cells connected by
chemical bonds, with one local rule shared across atoms and repeated at every generation. They differ in how they use
the atom states, bonded-neighbour information and any retained earlier states. Chemical descriptors set the initial states;
most rules also use chemical descriptors and CYP context during subsequent updates. The conservative graph flux rule
subsequently exchanges state values directly along bonds. We distinguish this rule here because its updates redistribute
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the existing state through equal-and-opposite transfers that preserve the molecule-wide total in each channel, with
atomic descriptors contributing through the initial states. Repeated updates allow information to spread through the
molecular graph.

Gated residual. This rule forms a bounded mixture of the current state and a proposed value calculated from local
inputs [17] (Figure 2A). A learned gate controls the mixture separately for each atom, channel and generation, providing
adaptive memory through selective retention or change. The approach relates to gated recurrent neural networks [18]
and neural cellular automata [19].

Inertial reaction–diffusion. This rule combines locally generated change, numerical exchange with bonded
neighbours and restoration towards a central state [4] (Figure 2B). A velocity-like variable carries earlier change into the
next generation [20], allowing overshoot, damping and propagation of disturbances. Here, diffusion describes numerical
information exchanged across bonds; physical reaction–diffusion supplies the mathematical analogy.

FitzHugh–Nagumo. This rule divides each atom's state into faster excitation and slower recovery components [21,
22] (Figure 2C). Local input can move excitation away from rest, with recovery regulating or reversing the change later.
Chemical information and bonded-neighbour exchange shape both components, allowing threshold responses, pulses
and oscillatory return.

Kuramoto–Sakaguchi. Each channel represents a phase within a repeating cycle [23, 24] (Figure 2D). Bonded
atoms interact through phase differences, while chemical information and CYP context determine their preferred rates of
advance. Neighbours may synchronise, retain an offset or resist alignment. Phases repeat after a complete turn, creating
a circular state space whose numerical boundary requires care in the dynamical analyses (Sections 2.5 and 3.3).

Delayed memory. Each atom accesses a retained earlier state [25] (Figure 2E). The next state combines current local
inputs with a learned response to that earlier state and the difference between past and present. The delay controls when
information returns, allowing feedback to reinforce or oppose recent changes after several rounds of neighbour
communication.

Gray–Scott. This rule (Figure 2F) divides each atom's channels into two interacting groups. A nonlinear term
transfers numerical activity from one group to the other, while replenishment, removal and exchange with bonded
neighbours shape their evolution. The chemical descriptors and CYP context also contribute to the updates.

Coupled map. This rule (Figure 2G) applies a curved, nonlinear function to each current state value and combines
the result with a corresponding calculation from the mean neighbour state. Repeating this simple calculation can
generate steady, repeating or irregular patterns, depending on the settings. This rule supplies the candidate period-two
oscillator shown later in Figures 6 and 9.

Activator–inhibitor. This rule (Figure 2H) divides the channels into an activating group and a regulating group. The
first can amplify local changes, while the second feeds back on that activity; both groups also exchange information
with bonded neighbours. It is closely related to the FitzHugh–Nagumo implementation, with different settings for the
strengths of feedback, neighbour exchange and local inputs.

Damped symplectic. This rule (Figure 2I) divides the state into position-like and momentum-like channel groups. It
first updates the momentum-like values from local inputs, neighbour differences and a restoring term, then uses them to
update the position-like values. Damping reduces retained momentum, and bounding functions limit both channel
groups; these are numerical analogues of motion used to organise information on the molecular graph.

Conservative graph flux. This rule (Figure 2J) transfers numerical state between bonded atoms. Each transfer adds
to one atom what it subtracts from the other, preserving the molecule-wide sum in each channel up to numerical
rounding. The atom-state differences, learned weights and bond descriptors determine the transfers.

The rule names identify the mathematical ideas that inspired these methods, all of which generate learned numerical
trajectories on molecular graphs. The ten families share graph construction, available descriptors, bond information and
the prediction task, with selected features and use of CYP context depending on the configuration. Their different local
calculations allow us to investigate how the transition rule influences prediction and dynamical behaviour. Section 4.4
describes the descriptor-only control still needed to establish the additional predictive value of repeated interactions.

Each Graph-CA transition rule produces a trajectory containing the state of every atom at every generation.
Molecules contain different numbers of atoms, so the complete trajectories cannot be passed directly to one fixed-size
prediction model. We therefore summarised each trajectory across atoms and across selected generations. These
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summaries captured final state, variation between atoms, change through time and behaviour at several temporal scales.
We collected these summaries into a molecular fingerprint, a fixed-length list of numerical features representing the
molecule's trajectory. We supplied this fingerprint to ridge regression. Optional summaries allowed the genetic search to
test whether persistence, correlation, squared changes in numerical states or the direction of change added useful
information. Appendix A defines these quantities and explains the CYP-specific fingerprint construction. Figure 2
illustrates these trajectories using separately trained systems and different example molecules, with some molecules
appearing under multiple rules.
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Figure 2. Recorded molecular cellular evolution under ten transition-rule families. Panels A-E run down the left column and F-J
down the right. Each title identifies the rule and the example compound's OCNT identifier from the OpenADMET dataset. All examples
use CYP1A2 context. Columns show heavy atoms in stored graph order; rows show every generation from 0 to 256. Interactions follow
molecular bonds. Colour shows the first state channel. Panels A-C and E-I share a scale from −1 to 1; panel J uses −6 to 6 because its
recorded values extend beyond that range. Panel D shows the first phase angle divided by π, with −1 and 1 representing the same phase.
Values retain their original amplitudes. The panels illustrate separately trained systems and are not a matched comparison on one
molecule. Rule families C, E, F, I and J contributed to the BP-Graph-CA submission across its four CYP targets; these example
trajectories are illustrations, not the submission predictions.
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2.4. Learning the Molecular Space-Time Representation

All four learning methods used ridge regression to convert molecular trajectory fingerprints into pIC50 predictions
(Figure 3). Pooling supplied the fixed-length fingerprints described in Section 2.3. Ridge regression combined their
values using coefficients calculated from training observations, with a penalty discouraging very large coefficients to
help control overfitting. The methods differed in how they trained or selected the Graph-CA producing these
fingerprints. Backpropagation works backwards from prediction error to calculate how trainable numerical weights
should change. Here, it passed through the ridge fit and every retained Graph-CA generation. The four methods used this
calculation or an evolutionary alternative as follows:

Fixed-rule Graph-CA (BP-Graph-CA): backpropagation trained numerical weights within a chosen cellular
automaton transition rule and the other Graph-CA components; the rule's mathematical form stayed fixed.

Evolutionary strategy (ES-Graph-CA): small random changes to the weights produced candidate models.
Their prediction errors indicated useful directions of change, guiding updates without backpropagation.

Hybrid genetic search (GA-Graph-CA): a genetic algorithm selected and recombined model configurations:
choices of rule family, number of generations and channels, chemical descriptors and trajectory summaries.
Backpropagation trained each candidate's numerical weights.

Genetic programming (GP-Graph-CA): genetic search changed the mathematical transition rule, including
how addition, multiplication or averaging combined local inputs and neighbour-state differences.
Backpropagation trained each candidate's numerical weights, and validation error guided selection. Each
candidate rule remained fixed throughout its molecular trajectories.

All training and model selection used the fitting data and its internal scaffold-separated validation folds, keeping
structurally related molecular frameworks together. The sealed holdout and blind challenge labels were excluded from
these decisions. Sections 2.4.1–2.4.5 describe the training procedures; Section 2.4.6 describes final evaluation and
blinded inference.

2.4.1. Fixed-rule Graph-CA with backpropagation

The fixed-rule reference, BP-Graph-CA, used a stacked ensemble for each CYP isoform. Each component Graph-
CA was trained separately with a particular transition rule and model configuration, such as its channel count and
number of generations. A second regression model then learned how to combine their predictions. Training used
backpropagation through time (Figure 3A), credible-interval alignment, measurements for the CYP isoform being
predicted and cross-validation, as detailed below.

The Adam optimiser used these gradients to adjust the numerical weights that set the initial atom states, pass
information along bonds, combine each atom's state with neighbour information, chemical descriptors and CYP context,
and calculate the next state using the selected cellular automaton transition rule. We gradually reduced the learning rate,
which controls the size of the adjustments to the model's weights, along a smooth curve defined by the cosine function.
This allowed progressively finer adjustments as training continued. Gradient clipping limited exceptionally large
updates, and an L2 penalty discouraged large cellular automaton weights. Using only the training data and its internal
validation folds, we selected the number of generations and dynamical channels, atom-feature profile, learning rate,
ridge penalty, update scale, proportion assigned to the support subset, batch size, bond temperature, initialisation scale
and noise, pooling design, and constants specific to each transition rule.

BP-Graph-CA trained four independent nonlinear prediction systems, one for each CYP isoform. A CYP-specific
system used only measurements for its target isoform when fitting the ridge readout, calculating prediction error,
deciding when to stop training and choosing which saved checkpoint to retain. Mean squared error measured the average
squared prediction error. We supplemented it with a smooth credible-interval penalty, which added a cost when a
prediction fell outside the experimental uncertainty interval reported for that measurement.
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For each CYP prediction target, we first screened all ten transition-rule families described in Section 2.3 using two
scaffold-separated folds. The three strongest combinations of rule and model configuration then advanced to
confirmation using five scaffold folds and two independent training seeds. Each out-of-fold prediction came from a
model that had not used the corresponding validation fold for fitting. We used the validation predictions to select the
Graph-CA models included in the final stacked ensemble and trained a ridge-regression stacking model to determine
how their predictions should be weighted. Once the models and weights had been fixed, we evaluated the ensemble on
the previously untouched holdout set. The final CYP1A2 system combined individual Graph-CA models using
FitzHugh–Nagumo, Gray–Scott and conservative graph flux. CYP2C9 combined Gray–Scott and damped symplectic;
CYP2D6 used delayed memory and FitzHugh–Nagumo; and CYP3A4 used damped symplectic, FitzHugh–Nagumo and
delayed memory. Internal validation selected these five families from the ten-rule search illustrated in Figure 2.

2.4.2. Shared ridge readout and its role in training

For every training batch, we divided the molecules into a readout-fitting subset, hereafter called the support subset,
and a query subset used to assess the fitted readout. The Graph-CA trajectory of each molecule was summarised as a
fixed-length numerical fingerprint. We used the fingerprints and measured pIC50 values of the molecules in the support
subset to fit the ridge-regression readout. We then used that fitted readout to predict the query molecules, which had not
contributed to the ridge fit. This tested whether the relationship learned between the trajectory fingerprints and pIC50
could predict molecules that had not been used to fit the ridge-regression readout. BP-Graph-CA, GA-Graph-CA and
GP-Graph-CA differentiated through this fit when training numerical weights. By contrast, ES-Graph-CA used error on
the query subset as the score used to compare candidate weight sets and estimated updates to its numerical weights by
comparing perturbed candidates. Separately, GA-Graph-CA and GP-Graph-CA generated alternative model designs,
trained the numerical weights of each design, and compared the completed models using internal validation folds.

The following matrix construction, feature standardisation, target centring and ridge calculation allowed fingerprint
features with different numerical scales to contribute fairly, separated the average pIC50 from feature-dependent
variation, and provided a stable, differentiable relationship between the trajectory fingerprints and pIC50. The
fingerprints of the molecules in the support subset formed the matrix Fₛ: each row represented one molecule in the
support subset and each column represented one fingerprint feature. We standardised every column by subtracting its
support-set mean and dividing by its support-set scale, producing Zₛ. We also centred the measured support targets by
subtracting their mean, giving yₛ−ȳₛ. The following closed-form calculation then produced the ridge coefficients β [26]:

𝛽 = (𝑍𝑠
𝑇𝑍𝑠 + 𝜆𝐼 )

−1
𝑍𝑠
𝑇(𝑦𝑠 − 𝑦̄𝑠) .

In this expression, ZₛᵀZₛ describes relationships among the standardised fingerprint features. The ridge term λI adds
the non-negative penalty λ to the diagonal through the identity matrix I, reducing sensitivity to large or highly correlated
coefficients. The inverse matrix then gives the coefficient vector that balances fit to the centred support targets against
this penalty. For a query molecule with fingerprint 𝑓𝑞, the predicted pIC50 was

𝑦̂𝑞 = 𝑦̄𝑠 + (
𝑓𝑞 − 𝐹̄𝑠

𝑠𝐹
)

𝑇

𝛽,

Here, 𝐹̄𝑠 and 𝑠𝐹 are the support-set mean and scale for each fingerprint feature. Subtracting 𝐹̄𝑠 and dividing by 𝑠𝐹
applies the same standardisation to the query fingerprint that was applied to the support fingerprints. The transposed
expression in parentheses multiplied by 𝛽 is the dot product: it multiplies each standardised fingerprint feature by its
corresponding ridge coefficient and adds the products to produce the centred prediction. Adding 𝑦̄𝑠 restores the mean
pIC50. The ridge penalty was applied only to the fingerprint coefficients. It was not applied to the intercept, which
represented the mean pIC50 of the support subset rather than the influence of a fingerprint feature.
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The training software tracked each mathematical operation used to produce the predictions. It then worked
backwards from the prediction error to calculate how each Graph-CA weight should change. Because the ridge
coefficients depended on the molecular fingerprints, this calculation passed through both the ridge-regression fit and the
successive Graph-CA generations that produced the fingerprints. When several trajectory features contained nearly the
same information, the ordinary matrix calculation could become numerically unstable. In these cases, we used a
pseudoinverse, which is a stable alternative to direct matrix inversion, to obtain coefficients for the same ridge-
regression objective.

After Graph-CA training, we refitted the ridge readout using all observations permitted for fitting and stored it with
the selected checkpoint. MA-ST-RAE on the internal scaffold-separated validation fold determined early stopping and
checkpoint selection; RMSE provided a secondary diagnostic.

2.4.3. Evolutionary-strategy optimisation of numerical weights

We constructed ES-Graph-CA as a derivative-free comparison method that updated parameters without calculating
gradients (Figure 3B). To isolate this difference in training, it retained the same molecular graphs, chemical encodings,
recurrent transition rules, stored trajectories, scaffold partitions and ridge-regression prediction step as the
backpropagation system.

The evolutionary strategy created paired candidates by adding and subtracting the same random change from the
current weights. These opposite, or antithetic, perturbations allowed a direct comparison of directions. Each candidate
underwent the support/query ridge procedure in Section 2.4.2. Lower query error identified the more useful direction,
and the optimiser combined evidence across pairs using Adam-style running averages to update the weights.

The evolutionary-strategy campaign used a fixed CYP3A4 damped-symplectic Graph-CA with 16 channels and 32
recurrent generations. Its atom inputs comprised the baseline descriptors supplemented by the Periodic and Electronic
feature groups in Table 2. We compared 32 evolutionary configurations that varied the number and size of the candidate
weight perturbations, the evolutionary learning rate, training-batch size and composition, and the stopping criteria.
Appendix B defines these settings and reports their tested values.

Each evolutionary configuration was screened using two scaffold folds, producing 64 runs. The five strongest
configurations then underwent confirmation across five scaffold folds and two independent seeds, producing 50
additional runs. Performance of the backpropagation-trained model on the same two screening folds provided a matched
reference, while the confirmation stage tested whether the evolutionary results were reproducible. ES-Graph-CA
remained an internal comparison and was not evaluated on the sealed holdout or blind challenge set.

2.4.4. Hybrid genetic Graph-CA structure search

We next used a genetic algorithm to search the design of the model predicting CYP3A4 inhibition while retaining
backpropagation to train its numerical weights (Figure 3C). Each candidate design specified the transition-rule family,
number of generations and channels, atom features, trajectory pooling and optional model components. We evaluated
four successive populations, each containing 24 candidate model configurations, using two scaffold folds. Each
population represents one round of the genetic search, which we call a genetic generation. Within each candidate model,
cellular automaton generations describe the successive updates of the atoms’ numerical states that form a molecular
trajectory. The four strongest designs and the existing backpropagation-trained CYP3A4 model configuration used for
comparison then advanced to five-fold, two-seed confirmation. We used MA-ST-RAE on the internal validation folds to
compare candidate model configurations, with lower error favouring selection for the next search population and
advancement to confirmation. We also recorded RMSE as a complementary measure of prediction error. Appendix C
defines the design choices, genetic operations and training budget.

The hybrid genetic search selected a model configuration using the FitzHugh–Nagumo cellular automaton transition
rule after comparing candidate designs on the scaffold-validation folds. This selected configuration used 128 cellular
automaton generations, 24 channels and the comprehensive atom-feature profile. Appendix C lists the design choices
tested (Table C1) and the complete design chosen by the search (Table C2), including which trajectory summaries it
enabled or disabled.
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2.4.5. Genetic programming of the cellular automaton transition rule

GP-Graph-CA evolved mathematical expressions for the cellular automaton transition rule used by the model
predicting CYP3A4 inhibition (Figure 3D), retaining the selected configuration in Section 2.4.4 for the other model
components. This isolated changes to the rule from changes in graph encoding, channel count and training procedure.

We represented each candidate transition rule as an expression tree, a branching structure that specifies a
mathematical calculation. Its outermost points, called leaves, hold inputs, while the points joining branches specify
operations such as addition, multiplication or averaging. Evaluating the tree combines these inputs in the order defined
by its branches to produce the rule's output. For example, a tree that averages the local-input vector and the bonded-
neighbour difference has two input leaves joined by one averaging operation. Candidate trees could draw on the atom's
local-input vector, current state, bonded-neighbour difference and delayed-state difference, and genetic programming
could modify or exchange branches to produce new rules. We screened four successive populations, each containing 24
candidate cellular automaton transition rules, using two scaffold folds, then confirmed five finalists using five folds and
two seeds. Backpropagation trained the numerical weights within the model using each candidate cellular automaton
transition rule. We used MA-ST-RAE on the internal scaffold-separated validation folds to compare candidate cellular
automaton transition rules, with lower prediction error favouring selection for the next search population and
advancement to confirmation. We also recorded RMSE as a complementary measure of prediction error. Appendix D
defines the candidate inputs (Table D1), permitted operations (Table D2), genetic-programming procedure and training
budget.

The cellular automaton transition rule selected by genetic programming used a single averaging operation to
combine its two inputs

𝑢𝑖
(𝑡) =

1
2
(𝑟𝑖

(𝑡) + ℎ̄𝑖
(𝑡)

− ℎ𝑖
(𝑡)),

The expression averages two H-channel vectors: rᵢ⁽ᵗ⁾, which combines the atom's local inputs, and h̄ ᵢ⁽ᵗ⁾−hᵢ⁽ᵗ⁾, the
bonded neighbours' mean state minus the atom's own state. Selection and recombination of executable expressions
followed the genetic-programming approach introduced above.
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Figure 3. Four strategies for learning molecular space-time representations. The shared workflow converts encoded molecular
graphs into atom-state trajectories, summarises these as molecular fingerprints and fits ridge regression to predict pIC50. A, BP-Graph-
CA trains numerical weights by backpropagation through the ridge fit and successive cellular automaton generations, using a fixed form
of transition rule. B, ES-Graph-CA tests equal and opposite changes to the weights and uses their prediction errors to determine the next
weight update. W denotes the numerical weights, Δ a trial change and W′ the updated weights. C, GA-Graph-CA searches model-design
settings and trains each candidate by backpropagation. The example cards illustrate the generation count T and channel count C; C
corresponds to H in the manuscript. D, GP-Graph-CA evolves the cellular automaton transition rule by changing mathematical
expression trees, while backpropagation trains each candidate's numerical weights. The tree leaves represent illustrative numerical
inputs. Both genetic searches use internal scaffold-validation error to guide selection, with the expression-size penalty also applied in
genetic programming. Purple arrows indicate backpropagation and green arrows indicate evolutionary updates or genetic search.
Transition rules remain fixed within individual trajectories.

2.4.6. Final validation and blinded inference

Model development used five scaffold-grouped folds drawn from the fitting pool. Structurally related molecular
frameworks were therefore kept within the same fold. We opened the previously defined sealed holdout only once, after
selecting the individual Graph-CA models and the endpoint-specific stacked ensembles. The hybrid genetic CYP3A4
structure and genetic-programming rule were fixed after five-fold internal-validation confirmation with two seeds. Each
was then evaluated once on the sealed holdout. We used the primary and complementary metrics defined in Section 2.1
and estimated final uncertainty with 1,000 bootstrap resamples. ES-Graph-CA served only as an internal comparison,
while BP-Graph-CA, GA-Graph-CA and GP-Graph-CA were submitted for blinded evaluation.

After all model parameters had been fixed, checkpoints trained across five scaffold folds and two seeds generated
predictions for every blinded molecule-CYP pair under each selected rule. We first averaged the predictions from
checkpoints using the same rule. The saved endpoint-specific ridge-regression stacking model then produced the final
pIC50 prediction. GA-Graph-CA retained the frozen fixed-rule predictions for CYP1A2, CYP2C9 and CYP2D6, but
replaced CYP3A4 with a combination of ten trained models predicting CYP3A4 inhibition, selected by the hybrid
genetic search. GP-Graph-CA used the same three frozen fixed-rule endpoint ensembles and replaced CYP3A4 with the
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ten-checkpoint genetic-programming ensemble. The experimentally measured pIC50 values for the competition’s blind
test compounds remained hidden from us, and we trained, selected and locally validated our models using only the
labelled data available before submission.

2.5. Long-Horizon Dynamical Analysis

We examined the molecular space-time trajectories to understand what kinds of behaviour emerge when atoms
repeatedly exchange information along molecular bonds. By continuing the trained cellular automata for many more
generations, we tested whether their numerical states settled to fixed values, repeated in cycles or showed sustained
sensitivity to small changes in the starting state. We also investigated whether the resulting trajectories provided
evidence for strange attractors, including attraction towards a bounded region and reproducible fractal geometry, and
whether molecular structure influenced this behaviour. These analyses examined the dynamics of the learned numerical
states separately from the models' accuracy in predicting pIC50.

2.5.1. Selecting trajectories for tests of convergence, oscillation and chaos

We analysed trajectories after training, keeping the learned numerical weights, atomic descriptors and bond
connections unchanged. We repeatedly applied the trained cellular automaton transition rule to follow how the atoms’
numerical states evolved over successive generations, without further training.

We used several broad descriptions of behaviour. Convergence means that a trajectory approaches a fixed state.
Periodic behaviour means that it repeats a sequence of states. Persistent complex variation means that change continues
without an immediately established classification. A bounded trajectory remains within a finite numerical range. To
quantify sensitivity to small changes in the initial state, we used Lyapunov exponents, which measure the average
exponential rates at which small differences between trajectories grow or shrink as the system evolves [27]. A positive
exponent indicates that an initially small difference grows exponentially on average, revealing sensitivity to initial
conditions. More than one positive exponent indicates expansion along several independent directions, termed
hyperchaotic dynamics over the measured interval. Dynamical tests used the complete atom-by-channel state, including
auxiliary variables such as velocity and retained earlier states whenever the rule required them to calculate the next
generation.

We prioritised continued motion, recurrence, variation across a range of timescales and sensitivity to small initial
changes when selecting trajectories for detailed analysis. The initial screen used complete atom-by-channel validation
trajectories. For each trajectory Hₜ, we first calculated the mean state across all atoms at every generation. To measure
continued change, we calculated the average Euclidean distance between successive molecule-wide mean states during
the second half of each trajectory. We refer to this measure as late-time motion. Recurrence analysis examines whether a
system returns close to an earlier state [28]. We used this principle to define a study-specific screening measure, which
we called the recurrence ratio. For each interval from 2 to 64 generations, subject to the available trajectory length, we
calculated the average distance between molecule-wide mean states separated by that interval. We divided this distance
by the interval multiplied by the average change per generation, then retained the smallest ratio. Smaller values indicate
less separation relative to this estimate of accumulated change. Dividing by the interval can favour longer intervals, and
averaging across atoms can conceal differences between individual atom states. We therefore used the ratio to select
trajectories for further analysis; a small value alone cannot establish a genuine return or periodic behaviour.

We calculated spectral entropy to measure how widely the trajectory’s changes were spread across different
frequencies, from slow variations to rapid fluctuations [29]. Here, frequency describes the number of cycles of rising
and falling numerical state values per generation: slow changes extend over many generations, while rapid changes
occur over fewer generations. For each channel, we used a Fourier transform to separate the molecule-wide mean state
into these frequency components and measured how much each contributed to its variation. We excluded the zero-
frequency component, which represents the constant average level. Low spectral entropy indicates that a few
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frequencies dominate, while high spectral entropy indicates that many frequencies contribute. We calculated it for every
state channel and then averaged across channels. The screening score combined continued motion, frequency diversity
and recurrence:

𝑆 =
𝑣late (1 + 𝐻spectral )

𝑅recurrence
,

Here, 𝑣late is late-time motion, 𝐻spectral is normalised spectral entropy, and 𝑅recurrence is the recurrence ratio. We
combined these measurements to prioritise trajectories that continued to change, varied across several timescales and
returned close to earlier states. Continued change and greater spectral entropy increased the score, while a smaller
recurrence ratio increased it by indicating closer returns. The +1 prevented low spectral entropy from reducing the
complete score towards zero. Trajectories dominated by a few frequencies could therefore still receive a high score
through continued motion and recurrence, while greater frequency diversity increased the score further. We used this
study-specific score to select candidates for further dynamical tests. The population screen covered all ten families;
detailed analyses included gated residual, delayed memory, inertial reaction–diffusion, Kuramoto–Sakaguchi and
FitzHugh–Nagumo, together with the coupled-map oscillator example.

We propagated 20 complete molecular states for 5,000 generations using frozen Graph-CA parameters. Every
channel of every atom was retained at every generation. The first 1,000 generations were treated as burn-in and
excluded from late-time measurements, allowing initial transient behaviour to pass before analysis. We examined ten
representative cases in greater detail using principal-component projections, which provide lower-dimensional
coordinates that capture major patterns of variation, together with recurrence plots, frequency spectra, estimates of
correlation dimension and curves describing the separation of neighbouring trajectories. We used these coordinates only
to display the trajectories. All perturbation and Lyapunov calculations used the complete atom-by-channel state, so
dimensional reduction did not remove information from the quantitative dynamical tests.

2.5.2. Direct perturbation screen

For each selected reference trajectory, we generated eight independent random perturbation vectors across all atom-
by-channel state values. Each vector specified a different pattern of small increases and decreases and was scaled to a
total Euclidean magnitude of 10⁻⁵. We applied each perturbation to the initial complete molecular state to create a
companion trajectory, then advanced it alongside the unchanged reference under exactly the same frozen transition rule,
molecular graph, bond features, atom features and CYP context. At every generation, we recorded the distance between
the reference and companion states.

Candidates were prioritised when their companion trajectories repeatedly moved away from the reference across
several perturbation vectors. In Figure 4A, the upper diagram shows the reference and a nearby companion, while the
lower curves illustrate how we followed their separation through successive generations. We looked for separation that
increased across several initial perturbations; a later plateau can arise as the trajectories explore the available state range,
so the initial screen was followed by the confirmatory tests described in Sections 2.5.5–2.5.7.

2.5.3. Circular state-space distance

In the Kuramoto–Sakaguchi rule, each state channel records a position around a repeating cycle rather than a
position on a straight line. The phase angle is rescaled so that 0 represents zero radians, −1 represents −π and +1
represents +π. Because −π and +π meet at the same point on the cycle, values near opposite ends of the numerical range
are close in phase, and crossing one end wraps the state to the other. An ordinary numerical subtraction would
incorrectly treat states close to opposite ends as far apart. We therefore measured their shortest separation around the
circle. For reference state h and companion state h', the circular difference in each channel was

𝛥(ℎ′, ℎ) =
1
𝜋
atan2[sin(𝜋(ℎ′ − ℎ)) , cos (𝜋(ℎ′ − ℎ))],
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The sine and cosine convert the numerical difference into a circular direction, and atan2 returns its signed shortest
angle. Dividing by π returns the result to the model's state scale. The full-state separation d=‖Δ(h',h)‖₂ is the Euclidean
length of all these elementwise circular differences. It treats states near opposite ends of the interval as nearby phases
and avoids an artificial distance caused only by the wrapped numerical representation. We also tested whether the
learned update changed smoothly when a phase crossed between +1 and −1, the point at which the numerical
representation wraps around the cycle.

2.5.4. Confirmatory protocols

The numerical settings for the confirmatory and structural-intervention experiments are summarised in Table 3. A
repeat used either an independently oriented initial perturbation or an independently constructed orthogonal perturbation
basis, depending on the calculation.

Analysis Burn-in
generations

Measured
generations

Renormalization or
sampling interval

Perturbation scale Repeats

Largest Lyapunov
exponent

1,000 4,000 10 10⁻⁴, 10⁻⁵, and 10⁻⁶ 8 per scale and
molecule

Float64 Lyapunov
spectrum

1,000 4,000 5, 10, and 20 10⁻⁷ 2 per interval
and molecule

Attraction basin 1,000 6,000 Sampled every 10 Displacement radii 0.1,
0.5, 1.0, and 2.0

8 per radius and
molecule

Structural
interventions

1,000 2,000 10 10⁻⁷ 2 per system

Table 3. Numerical settings for the confirmatory and structural-intervention analyses of Graph-CA dynamics.

2.5.5. Renormalized largest Lyapunov exponent

The first confirmatory analysis tested whether the separation observed in the direct perturbation screen persisted
over time. A single separation event may be transient, whereas a positive Lyapunov exponent indicates that nearby states
separate exponentially on average over sustained evolution [27]. We therefore estimated the largest Lyapunov exponent
using the repeated renormalisation method of Benettin et al. [30]. After burn-in, we placed a companion state at a small
distance ε from the reference state. Both states advanced for τ generations. We then measured their circular separation dₖ
and recorded how much it had grown relative to ε. Before the next interval, we moved the companion back to distance ε
while preserving the direction in which the separation had grown. Repeating this procedure tested whether local
expansion was continually regenerated rather than caused by a single transient event. The largest Lyapunov exponent
was estimated as

𝜆1 =
1
𝐾𝜏

𝐾

∑
𝑘 = 1

log(
𝑑𝑘
𝜀
) .

Here, K is the number of measured intervals, τ is the number of generations in each interval, dₖ is the separation at
the end of interval k, and ε is the separation imposed at its start. The logarithm converts multiplicative growth into an
additive rate, and division by Kτ gives the mean rate per generation. The complete design produced 48 estimates. A
positive value indicates that nearby states separated exponentially on average over the measured interval. In Figure 4B,
the rising segments illustrate separation during each interval and the dashed arrows return its magnitude to ε. The lower
curves show the running estimate as intervals accumulate; we examined whether it settled towards a consistent value
across independently oriented starting perturbations.
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2.5.6. Float64 Lyapunov spectrum

A single largest Lyapunov exponent measures the fastest average expansion. A Lyapunov spectrum extends this idea
by measuring growth or contraction along several independent directions through state space. We calculated the eight
leading exponents using double-precision float64 arithmetic and eight simultaneous perturbation vectors that began
mutually perpendicular.

After the reference trajectory and its eight perturbations had evolved for the specified interval of 5, 10 or 20
generations, the perturbation directions were no longer guaranteed to remain mutually perpendicular. We arranged the
circular differences between the reference state and its eight perturbed states as columns of a matrix, then applied
reduced QR decomposition. This calculation produced Q, a refreshed set of mutually perpendicular perturbation
directions, and R, whose diagonal values recorded the stretching or contraction along those directions. The logarithm of
each absolute diagonal value contributed the expansion or contraction measured for that interval. We compared results
across the renormalisation intervals and repeats listed above. Stability across these settings helped distinguish persistent
expansion in several directions from numerical precision effects or one isolated unstable direction.

In Figure 4C, the upper diagram illustrates how evolving perturbations can become aligned and how QR
decomposition restores mutually perpendicular directions before the next interval. The lower plot places the estimated
exponents in order, allowing us to examine whether several directions showed expansion and whether independent
repeats gave similar estimates. These examples illustrate how we read the diagnostics; the dynamical findings and their
limitations are assessed in the Results.

Figure 4. Measuring sensitivity to small changes in molecular states. Upper diagrams illustrate the procedures; lower plots use
archived measurements for the Kuramoto–Sakaguchi system OCNT-0494110  with CYP2C9 context. The molecular graph and trained
weights remained fixed. A) A reference state and eight slightly perturbed companions evolve together; d denotes their full-state
separation. Each initial perturbation had magnitude 10⁻⁵. B) After each interval τ, we record the growth in separation and return the
companion to distance ε while retaining its direction. The lower curves show eight running estimates of the largest Lyapunov exponent,
using ε = 10⁻⁵ and τ = 10 generations. C) QR decomposition restores perpendicular perturbation directions and records their stretching or
contraction. The schematic circle represents equal-sized starting perturbations, and the ellipse illustrates their deformation during
evolution. QR measures the first vector's length, r₁₁, and the second vector's component perpendicular to the first, r₂₂; resetting restores
equal-sized perpendicular vectors for the next interval. Two directions are drawn for clarity; the calculation followed eight and used
float64 arithmetic. The lower curves show the eight leading exponents from two repeats, using ε = 10⁻⁷ and τ = 10 generations.
Calculations in B and C used 1,000 burn-in generations followed by 4,000 measured generations. Separations use dimensionless model-
state units; exponents give rates per generation.
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2.5.7. Boundedness and attraction-basin test

An attractor is a set of computational states towards which nearby trajectories evolve. Its basin of attraction is the set
of starting states whose trajectories approach that attractor. We tested for this behaviour by displacing the complete post-
burn-in state by Euclidean distances of 0.1, 0.5, 1.0 and 2.0, then propagating the resulting float64 trajectories. For each
of the two molecules, we generated eight displacements at each of the four distances. This produced 64 displaced
trajectories in total. To check whether a trajectory escaped to progressively larger numerical values, we recorded the
largest absolute state value that it reached. In the Kuramoto–Sakaguchi Graph-CA used for this test, every atom carried
cyclic state channels called phases. Because each phase wraps between −1 and +1, we represented it by its sine and
cosine before comparing the collections of computational states sampled by different trajectories. This circular
embedding removes the artificial boundary between the two ends of the phase interval.

Directly comparing every phase value from every atom at once is difficult because each molecular state contains one
coordinate for every atom-channel combination. We therefore examined the states from 32 randomly chosen one-
dimensional directions. For each direction, every complete molecular state was reduced to one projected value, allowing
us to compare the distributions sampled by the reference and displaced trajectories. For each time window, the reference
distribution was formed from the projected states sampled along the unchanged reference trajectory. We calculated the
distance from the displaced distribution to this reference distribution during both early and late portions of the trajectory.
A late-to-early ratio below one meant that the displaced trajectory sampled states more similar to those of the reference
trajectory at late times than at early times. We also measured the distance from each displaced state to its nearest
sampled reference state. This supplied a complementary test of whether the displaced trajectory approached the set of
computational states sampled by the reference trajectory.

2.5.8. Frozen-model structural interventions

We performed controlled computational interventions on the two candidates that advanced from the confirmatory
dynamical analyses. These interventions tested whether changing particular structural inputs altered the sensitivity to
initial conditions produced by the trained model. All trained weights, the transition rule, CYP context and Lyapunov-
calculation settings remained fixed. Because messages travel in both directions across a chemical bond, each undirected
bond was represented by two directed message-passing edges. Deleting a bond removed both directions.

For a bond-identity intervention, we retained the connection but replaced its encoding as single, double, triple or
aromatic with each alternative type. These categories describe how atoms share electrons and whether the bond belongs
to an aromatic electron system. A ring-opening intervention removed one selected connection within a molecular ring
and also removed the atom feature stating that the affected atoms belonged to that ring. The atom-feature interventions
removed one interpretable group at a time. The tested groups described elemental identity; charge and aromaticity;
hybridisation; hydrogen-bond donor or acceptor state; chirality; or the chemical properties of neighbouring atoms. We
also tested local valence, which describes an atom's bonding capacity and current bonding pattern.

The campaign estimated the largest Lyapunov exponent for 187 systems, comprising unmodified baselines and
structurally modified versions, using a 1,000-generation burn-in followed by 2,000 measured generations,
renormalisation every ten generations, perturbations of magnitude 10⁻⁷ and two repeats per system (Table 3). Effect size
was the change in the mean largest Lyapunov exponent relative to the corresponding unmodified molecule-CYP system.
A positive value meant that nearby trajectories separated faster after the intervention; a negative value meant that they
separated more slowly. The workflow, numerical tables and publication figures are available through the repository
described in Data Availability.

2.5.9. Extended analysis of the two strange-attractor candidates

We extended the analysis of candidates selected by the initial trajectory screening and direct perturbation tests. These
candidates had subsequently undergone the largest-Lyapunov-exponent, Lyapunov-spectrum and attraction-basin tests
described in Sections 2.5.5–2.5.7. For each candidate, we retained the frozen Graph-CA checkpoint that had generated
its trajectory. We made no changes to the checkpoint's trained parameters or transition rule. The first extended test used
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double-precision float64 trajectories with 5,000 burn-in generations followed by 20,000 measured generations. We
propagated eight analytic tangent vectors alongside each trajectory. A tangent vector represents an infinitesimally small
displacement and the local Jacobian describes how one update transforms that displacement. Every ten generations, QR
decomposition restored eight mutually perpendicular directions. We checked the implementation in two ways. First, its
one-step state update agreed with that of the original model, confirming that both implementations advanced the
reference trajectory identically. Second, its analytic Jacobian-vector product agreed to within 10⁻¹² with automatic
differentiation, a software procedure that calculates derivatives by following the model's mathematical operations. This
tested whether the analytic calculation correctly described how one update transformed an infinitesimal displacement.

We also estimated the largest exponent using finite rather than infinitesimal separations. The three repeatedly
renormalised starting distances were 10⁻⁵, 10⁻⁷ and 10⁻⁹. We examined the estimates in four consecutive windows of
5,000 generations to test whether expansion persisted through time. Before calculating the complete Lyapunov
spectrum, we allowed the tangent basis to evolve for 1,000 generations so that its directions could align with the local
dynamics. We then measured the complete spectrum over a further 10,000 generations. Unlike the earlier leading
spectrum, the complete spectrum included one exponent for every independent state-space direction. The sum of all
Lyapunov exponents measures whether a small volume of nearby states grows or shrinks on average along a trajectory.
We also calculated the Kaplan–Yorke estimate from the ordered Lyapunov exponents [31]. Here, dimension means the
effective number of independent state-space directions occupied by the long-term dynamics. The estimate counts each
direction up to the point at which cumulative expansion gives way to cumulative contraction, then adds a fractional
contribution from the next contracting direction. Interpreting this estimate as a fractal dimension requires additional
assumptions about the underlying dynamics.

For each reference trajectory, we also propagated four additional displaced states. Each used an independent
direction and one of the radii 0.1, 0.5, 1.0 or 2.0. We represented every wrapped phase using its sine and cosine
coordinates. We then examined the resulting complete states from 32 random one-dimensional projections and compared
the distributions sampled by the reference and displaced trajectories. For each displaced trajectory, we measured the
distance between its late distribution and the late distribution of the reference trajectory. We compared this value with
the distance between two consecutive windows of the reference trajectory. Both reference windows contained 500 states
sampled at intervals of ten generations. The reference's window-to-window distance provided a measure of sampling
variation against which to assess displaced trajectories. Wrapped phases are bounded by construction, so the extended
boundedness test served as a consistency check.

Finally, we tested the sensitivity of the correlation-dimension analysis. We sampled 2,001 states from each trajectory.
From these states, we drew 100,000 random pairs. We then excluded pairs whose members occurred too close together
in time. A Theiler window performs this exclusion: windows of 100, 500 and 1,000 generations prevented successive or
near-successive states from dominating the geometric estimate. We repeated the calculation in projections containing 6,
12 and 24 components and in the complete circular embedding [14–16]. The correlation integral measures the fraction of
state pairs within a given distance. Its scaling with distance can estimate fractal dimension when a stable scaling region
exists. We retained local slopes and fitting-radius ranges to test this requirement.

We also examined the phase boundary, where the numerical representation wraps from one end of the phase interval
to the other. We placed one state coordinate on opposite sides of this boundary at circular separations ranging from 2 ×
10⁻⁴ to 2 × 10⁻¹⁰ and measured the separation after one update. For reproducibility and later figure preparation, we
archived every reference atom-by-channel state, displaced trajectories sampled every ten generations, molecular bond
connectivity, chemical features and diagnostic curves.

3. Results

We present the results in three parts. In Section 3.1, we report the scaffold-validation scores used to select models
and their subsequent predictive performance on the reserved holdout set, which remained separate from training and
model selection. In Section 3.2, we report the competition organisers’ blind evaluation of our submitted predictions
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against concealed experimental pIC50 measurements. In Section 3.3, we examine how the trained cellular automata
behave over successive generations, including convergence, oscillation and sensitivity to small changes in initial states,
and assess the evidence for strange attractors in molecular space-time.

3.1. Predictive performance on the reserved holdout set

We report the four-endpoint predictive performance on the reserved holdout set in Table 4 and describe the separate
CYP3A4 scaffold-validation comparisons below. We report CYP3A4 separately because the evolutionary-strategy,
hybrid genetic and genetic-programming searches trained and selected models specifically for this isoform; the four-
endpoint GA and GP systems retained the existing BP models for the other three isoforms. The evaluation workflow
links candidate screening, confirmation and reserved-holdout assessment for each method (Figure 5A–D). The reserved
holdout set was kept separate from training and model selection. For BP-Graph-CA, 1,000 bootstrap resamples of the
1,309 reserved-holdout observations gave a mean MA-ST-RAE of 0.749064 and a 95% interval of 0.710791–0.789424.
Individual CYP ST-RAE values were 0.816136 for CYP1A2, 0.713018 for CYP2C9, 0.936774 for CYP2D6 and
0.528032 for CYP3A4.

Figure 5. How the predictive scores were generated. Rows A–D follow BP-Graph-CA, ES-Graph-CA, GA-Graph-CA and GP-Graph-
CA from two-fold screening through five-fold confirmation to reserved-holdout evaluation where performed. During five-fold
validation, each training run uses four scaffold-separated folds for fitting and the remaining fold for scoring. Rotating the scoring fold
through all five groups and repeating with two random seeds produces ten training runs per candidate. The confirmation scores shown
for ES, GA and GP are means ± sample standard deviations across those ten runs. ST-RAE measures uncertainty-aware prediction error
for one CYP target; MA-ST-RAE averages ST-RAE equally across the four CYP targets. The holdout values are scores calculated
directly from predictions made after model selection and training were complete. GA and GP combine their selected CYP3A4 model
with the existing BP prediction systems for the other three targets. ES concluded after confirmation.

The evolutionary-strategy campaign completed 114 training and scaffold-validation runs. Its best-performing
training settings achieved CYP3A4 ST-RAE 0.638768 and RMSE 0.803659 pIC50 in the initial two-fold screen.
Subsequent evaluation using five scaffold folds and two random seeds gave CYP3A4 ST-RAE 0.659505 ± 0.043028 and
RMSE 0.817975 ± 0.042879 pIC50. For all three search methods reported here, confirmation values are means ± sample
standard deviations across ten runs comprising five scaffold folds and two random seeds. We calculated each standard
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deviation using a denominator of nine; it describes variation across these runs, rather than a confidence interval. Each
evolutionary update tested 128 candidate sets of model weights, the numerical values that control how the cellular
automaton processes information. The selected training settings used a perturbation scale of 0.02 to control the size of
trial changes to those weights, an evolutionary learning rate of 0.01 to control the resulting weight adjustment, and
batches of 256 molecules balanced by measured activity. Training continued for at most 80 updates, stopping earlier if
validation ST-RAE failed to improve by at least 0.002 over 20 consecutive updates.

In the matched two-fold CYP3A4 screen, backpropagation training achieved ST-RAE 0.626897, compared with
0.638768 for evolutionary-strategy training. This comparison favoured backpropagation, and we ended the evolutionary-
strategy experiment after scaffold validation, without advancing it to reserved-holdout or competition blind evaluation.

The hybrid genetic search selected the model-design settings specified in Section 2.4.4, including the transition-rule
family, channel count and number of cellular automaton generations. Backpropagation trained the numerical weights
within each candidate design. During model selection, scaffold validation using five folds and two random seeds gave
CYP3A4 ST-RAE 0.596981 ± 0.042987 and RMSE 0.781116 ± 0.035890 pIC50. After selection, we evaluated the fixed
CYP3A4 prediction system on the separate reserved-holdout molecules, obtaining CYP3A4 ST-RAE 0.508964.
Combining this system with the existing BP systems for the other three isoforms gave GA-Graph-CA the lowest four-
endpoint reserved-holdout MA-ST-RAE in Table 4.

Genetic programming selected a cellular automaton transition rule that averages the atom’s local-input vector and
the difference between its bonded neighbours’ average state and its own state (Section 2.4.5). Genetic programming
searched the mathematical form of the rule, while backpropagation trained the numerical weights within each candidate
model. During model selection, scaffold validation using five folds and two random seeds gave CYP3A4 ST-RAE
0.598075 ± 0.036679 and RMSE 0.772706 ± 0.032415 pIC50, the lowest confirmation RMSE among the genetic
searches. After selection, we evaluated the fixed CYP3A4 prediction system on the separate reserved-holdout molecules,
obtaining CYP3A4 ST-RAE 0.517368. Combining this system with the existing BP systems for the other three isoforms
gave a four-endpoint reserved-holdout MA-ST-RAE between the fixed-rule and genetic-structure results (Table 4).
Across 1,000 bootstrap samples of the reserved-holdout observations, mean MA-ST-RAE was 0.746602, with a 95%
interval of 0.708890–0.788464.

Method Local-rule treatment Reserved-holdout MA-
ST-RAE

Reserved-holdout RMSE,
pIC50

BP-Graph-CA Fixed rule families; model weights trained by
backpropagation

0.748490 0.847738

ES-Graph-CA Fixed rule and model design; model weights
trained by evolutionary strategy

Not evaluated Not evaluated

GA-Graph-CA Genetic algorithm selects model-design settings;
backpropagation trains model weights

0.743723 0.841572

GP-Graph-CA Genetic programming evolves the cellular
automaton transition rule; backpropagation
trains model weights

0.745824 0.848265

Table 4. Predictive performance of Graph-CA learning strategies on the reserved holdout set. Values describe the
four-endpoint ensembles evaluated on data excluded from training and model selection. MA-ST-RAE averages ST-RAE
across the four CYP isoforms. The displayed scores were calculated directly from the reserved-holdout predictions; the
text reports bootstrap means and intervals separately. ES-Graph-CA concluded after scaffold validation and did not
undergo reserved-holdout evaluation.

GA-Graph-CA achieved the lowest reserved-holdout MA-ST-RAE, while GP-Graph-CA achieved the strongest
competition blind results reported in Section 3.2. The matched two-fold comparison specifically favoured
backpropagation over evolutionary-strategy training for CYP3A4.
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3.2. Blind Challenge Evaluation

The organisers evaluated the fixed submissions against concealed experimental measurements (Table 5). Each
submission supplied four CYP predictions for each of 750 blinded molecules.

Official blind metric Fixed-rule BP-Graph-CA Genetic algorithm GA-Graph-CA Genetic programming GP-Graph-CA

MA-ST-RAE 1.0092 1.0020 0.9946

Macro MAE, pIC50 1.0789 1.0745 1.0688

Macro R-squared -0.0744 -0.0724 -0.0656

Macro Spearman rho 0.5345 0.5444 0.5498

Macro Kendall tau 0.3762 0.3840 0.3878

Table 5. Official blind OpenADMET CYP Inhibition Challenge results for the three submitted Graph-CA
variants. Lower values are favourable for MA-ST-RAE and macro MAE; higher values are favourable for macro R-
squared, Spearman rho, and Kendall tau.

Genetic programming produced the strongest blind result for every reported measure. Compared with the fixed-rule
reference, its MA-ST-RAE decreased by 0.0146 and its macro mean absolute error (MAE) decreased by 0.0101 pIC50.
Its Spearman rank correlation increased by 0.0153, and its Kendall rank correlation increased by 0.0116. The hybrid
genetic structure search lay between the other two systems on all five measures. The improvement was modest but
occurred consistently in both the error and rank-correlation measures.

3.3. Nonlinear Dynamics in Molecular Space-Time

We examined how the trained cellular automata’s numerical atom states changed over successive generations,
looking for convergence to fixed values, repeated oscillations and persistent complex variation. We first screened
trajectories across all ten transition-rule families, then tested selected candidates for sustained sensitivity to small
changes in initial states and evidence of strange-attractor geometry.

3.3.1. Population-level dynamical screen

Each of the ten production models retained summaries of 1,309 validation trajectories, yielding 13,090 short-horizon
screens (Table 6). Point-attractor candidates required late motion below 10⁻⁴ and a final state change below 10⁻⁵.
Oscillator candidates required a recurrence ratio below 0.25 and spectral concentration above 0.5, indicating close
returns and power concentrated at a small number of frequencies. Remaining trajectories entered the persistent or
complex category.
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Cellular automaton
transition rule

Screened Point-attractor
candidates

Oscillator
candidates

Persistent or
complex

Analysed hyperchaotic
candidates

Gated residual 1,309 0 0 1,309 0

Delayed memory 1,309 0 0 1,309 0

Inertial reaction–diffusion 1,309 0 0 1,309 0

Gray–Scott 1,309 0 0 1,309 0

Coupled map 1,309 0 1,309 0 0

Activator–inhibitor 1,309 0 0 1,309 0

FitzHugh–Nagumo 1,309 0 0 1,309 0

Kuramoto–Sakaguchi 1,309 0 0 1,309 2

Damped symplectic 1,309 0 0 1,309 0

Conservative graph flux 1,309 1,309 0 0 0

Total 13,090 1,309 1,309 10,472 2

Table 6. Population-level classification screen for frozen Graph-CA trajectories across all ten transition-rule
families. Analysed hyperchaotic candidates form a tested subset of the persistent or complex screen.

The two tested Kuramoto–Sakaguchi candidates came from the persistent or complex class and showed sustained
expansion of small differences. All 1,309 coupled-map trajectories met the screening criteria for oscillation, with longer
periodicity tests required for confirmation. To illustrate how these behaviours develop over longer trajectories, we
followed selected examples over thousands of cellular automaton generations. The examples show numerical atom states
settling towards fixed values, continuing to vary within a bounded region or alternating between two states; they include
a hyperchaotic candidate and a trajectory with persistent complex variation that requires further testing (Figure 6).
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Figure 6. Four examples of molecular Graph-CA dynamics. A) Gated residual, OCNT-2328519 , CYP1A2: convergence towards a
fixed state. B) Kuramoto–Sakaguchi, OCNT-0494110 , CYP2C9: a bounded hyperchaotic candidate. C) Kuramoto–Sakaguchi, OCNT-
0495493 , CYP2D6: persistent complex variation requiring further dynamical testing. D) Coupled map, OCNT-0495275 , CYP3A4: a
candidate period-two oscillation, with magenta and cyan markers identifying the alternating states. Panels A–C show three-dimensional
principal-component projections of the numerical atom states over generations 0–5,000; circular phase states in B and C were
represented by their sine and cosine before projection. Panel D shows generations 1,000–5,000 using the leading state component and its
values one and two generations earlier. The axes describe numerical state coordinates, rather than physical molecular positions. Colour
indicates generation using the nonlinear scale shown; circles and stars mark the first and last displayed generations.

3.3.2. Extended strange-attractor analysis

Following the screening described in Section 3.3.1, we examined the two selected Kuramoto–Sakaguchi candidates
in greater detail to assess whether their persistent variation provided evidence of chaotic dynamics and strange-attractor
geometry. We repeatedly introduced a small displacement between two states, measured how much it grew, and returned
it to its original size before continuing. All 48 repeated estimates of the largest Lyapunov exponent were positive across
initial displacement sizes from 10⁻⁶ to 10⁻⁴ (Figure 7A). The first eight Lyapunov exponents were also positive for both
trajectories, indicating that nearby states separated along several independent directions (Figure 7B). To check whether
the timing of the rescaling affected this result, we repeated the calculation with intervals of 5, 10 and 20 cellular
automaton generations. The largest exponent remained positive and similar in magnitude across these intervals (Figure
7C).
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We also tested how the trajectories responded to larger changes in their initial states, using four perturbation radii.
All 64 repeated tests remained bounded. For each test, we compared the distance between the displaced and reference
state distributions during early and late portions of the trajectories. The late-to-early distance ratios were below one,
showing that these distributions became closer over time (Figure 7D). Together, these initial tests support sustained
separation along several independent directions while displaced trajectories approach similar sampled distributions. The
extended tests below examine the persistence of these findings and the additional evidence required to establish fractal
strange-attractor geometry.

Figure 7. Initial dynamical tests of the two Kuramoto–Sakaguchi candidates. A) Largest Lyapunov exponent across initial
displacement sizes. B) First eight Lyapunov exponents. C) Largest Lyapunov exponent across rescaling intervals. D) Late-to-early
distribution-distance ratios across initial perturbation radii. Blue denotes trajectory 7, OCNT-0494110 , CYP2C9; orange denotes
trajectory 8, OCNT-2328784 , CYP1A2. Error bars in A–C show standard deviations across repeated calculations. Horizontal black lines
in A–C mark zero divergence, and short black bars in D mark mean ratios. In D, the dashed line labelled “No contraction” marks a ratio
of 1, meaning that the displaced trajectory's distribution is equally far from the reference distribution at early and late times. Ratios
below 1 indicate that these distributions became closer over time.

Building on these initial findings, we extended the analysis of OCNT-2328784  with CYP1A2 context and OCNT-
0494110  with CYP2C9 context (Table 7). They corresponded to trajectories 8 and 7, respectively, in the original 20-
trajectory analysis and were also selected for the frozen-model structural interventions described in Section 2.5.8. Both
used the frozen Kuramoto–Sakaguchi checkpoint and retained eight positive leading tangent exponents during 20,000
measured generations following 5,000 burn-in generations. Largest-exponent estimates in successive 5,000-generation
windows ranged from 0.011870 to 0.012341 per generation for OCNT-2328784  and from 0.012169 to 0.013314 for
OCNT-0494110 . Finite-separation tests at 10⁻⁷ and 10⁻⁹ gave estimates of 0.012109 and 0.012704 for the respective
systems, supporting persistence beyond the original analysis.
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Quantity OCNT-2328784, CYP1A2 OCNT-0494110, CYP2C9

Atom-by-channel state dimension 240 320

Largest leading exponent, per generation 0.012115 0.012641

Eighth leading exponent, per generation 0.004376 0.004421

Positive exponents in complete spectrum 29 30

Sum of complete spectrum, per generation −3.606412 −5.144542

Kaplan–Yorke heuristic 68.19 73.91

Table 7. Extended float64 analysis of the two Kuramoto–Sakaguchi candidates. Leading exponents use the 20,000-
generation analysis; complete Lyapunov-spectrum quantities use a subsequent 10,000-generation interval. Positive
counts and Kaplan–Yorke estimates are finite-time numerical quantities.

The sum of each complete spectrum was negative. A small volume formed by nearby states therefore shrank on
average as it moved along the sampled trajectory. At the same time, the individual positive exponents show that the
states separated along several directions within that shrinking volume. The largest exponents in the complete spectra
were 0.012118 and 0.012480, respectively. For the second system, the number of positive exponents changed from 28 to
30 between the two halves of the 10,000-generation measurement. This variation shows that some finite-time estimates
remained close to zero and were not fully stable.

We also followed eight newly displaced trajectories. Their late distribution distances were 0.843–1.036 times the
distance between two consecutive windows of the unperturbed reference. At this sampling resolution, the displaced
trajectories approached distributions that differed from the reference by about as much as the reference differed from
itself between successive time windows.

We examined two further questions before deciding whether these trajectories provide evidence of strange attractors:
whether the transition rule behaves consistently where the numerical phase interval ends, and whether the trajectories
have a measurable fractal geometry. The first question arises because a phase represents a position around a circle. The
two ends of the numerical interval used to store that phase meet at the same point on the circle, just as the beginning and
end of a clock face meet (Figure 8A). Here, h is the phase angle divided by π, and ε denotes a small offset from either
end of the interval; the two marked states therefore have stored values of 1 − ε and −1 + ε. Their spacing in the
schematic is exaggerated for visibility. We measured separation as a dimensionless circular state-space distance: for each
atom-state channel, we calculated the shortest angular difference in radians and divided it by π, so a difference of 1 in a
single channel represents half a turn. We then squared these differences, summed them across all atoms and channels,
and took the square root to obtain the overall separation. We placed two initial states on opposite sides of the boundary
in one channel, giving an overall separation of approximately 2 × 10⁻¹⁰ on this scale. After one cellular automaton
update, their overall separations increased to 0.005422 and 0.005871 in the two systems, respectively. Across the tested
initial separations, from approximately 2 × 10⁻¹⁰ to 2 × 10⁻⁴, the separation after one update remained appreciable even
as the initial separation became extremely small (Figure 8B). The learned calculation of how far each phase advances
uses its stored numerical value, so phases that lie almost together on the circle can receive different updates when their
stored values lie at opposite ends of the interval. This abrupt change at the boundary introduces a source of separation
that complicates the interpretation of sensitivity to initial conditions as evidence of a smooth chaotic process.
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Figure 8. Phase-boundary test of the Kuramoto–Sakaguchi transition rule. A) Two nearby phases on opposite sides of the
numerical boundary, with spacing exaggerated. B) Recorded separation after one update for the two analysed molecules. Distances are
dimensionless; lines connect the measured points.

The second question concerns the geometry traced out by the system's successive states. We estimated the
correlation dimension, which describes how the number of nearby pairs of states grows as we increase the distance used
to count them. A reliable estimate requires a consistent relationship over a sufficiently broad range of distances, together
with stability as the representation captures more of the system's state. We first represented each trajectory using six
projected coordinates, which summarise the full state in fewer numbers, and then used the complete circular
representation. The slopes used to estimate the dimension increased from approximately 4.6–4.8 to approximately 27–29
between these representations. Each fitted distance range covered less than 0.3 logarithmic decades, equivalent to less
than a twofold increase in distance. These narrow ranges and the large changes in slope leave the fractal dimension
unresolved. Taken together, our results support bounded trajectories in which small differences grow along several
independent directions and displaced states later sample similar distributions. Establishing a strange attractor requires
further evidence of a robust fractal dimension, alongside an assessment of how the phase-boundary discontinuity affects
the dynamical interpretation [14–16]. The Data Availability section identifies the archived states and diagnostic results
supporting this analysis.

To relate the trajectory displays to individual atoms, we also visualised the four examples from Figure 6 as
molecular information cascades, with colour representing each atom’s numerical state and vertical position representing
successive generations. The gated-residual example, OCNT-2328519  with CYP1A2 context, illustrates convergence
towards a fixed state (Figure 9A). The Kuramoto–Sakaguchi example, OCNT-0494110  with CYP2C9 context, shows the
atom-state trajectory of the hyperchaotic candidate examined above (Figure 9B). A second Kuramoto–Sakaguchi
example, OCNT-0495493  with CYP2D6 context, illustrates persistent complex variation that requires further dynamical
testing (Figure 9C). The coupled-map example, OCNT-0495275  with CYP3A4 context, illustrates the candidate period-
two oscillation (Figure 9D). These classifications draw on the dynamical tests described above; the cascades show how
the corresponding numerical states develop across individual atoms. To construct each display, we rotated the three-
dimensional molecule slightly at each generation, moved it downwards and retained its earlier atom positions, producing
continuous atom ribbons.
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Figure 9. Molecular information cascades generated by the four Graph-CA trajectories in Figure 6. A) Point attractor. B)
Hyperchaotic candidate. C) Persistent complex variation. D) Period-two oscillator candidate. Each panel shows the complete cascade
retained at generation 5,000, with the corresponding two-dimensional molecular structure and identifier below it. Colour from cyan to
magenta records the mean state of each atom across the 16 dynamical channels at that generation, after robust normalisation within the
trajectory. Vertical position marks computational generations. Rotation serves solely as a visual aid, showing the three-dimensional
molecule from different angles so that more atoms and their traces remain visible. Bonds are omitted from the cascades so that the
accumulated atom-state structure remains visible; the molecular structures below were drawn using RDKit.

4. Discussion

To illustrate the aesthetic beauty of molecular space-time, Appendix E presents a ten-page visual library spanning all
ten transition-rule families, pairing flat atom-by-generation displays with rotating molecular traces. Each page identifies
its fixed-rule backpropagation training provenance and shows how the recorded atom states produce different visual
patterns across molecular structures and CYP contexts.

4.1. Emergence from Local Molecular Interactions

Our operational test of emergence asks whether repeated interactions between bonded atomic cells generate a
molecule-wide representation containing useful predictive information [32, 33]. All three submitted systems showed
moderate agreement between predicted and experimental rankings on the blind challenge. This supports the usefulness
of their trajectory fingerprints. A matched comparison with predictions based directly on the starting atom and bond
descriptors would establish how much predictive information the repeated interactions add.

Blind performance improved from fixed-rule backpropagation to genetic structure search and then genetic
programming, with GP-Graph-CA achieving the strongest result on all five official measures. This ordering suggests that
the choice of local transition rule influences the information available to the molecular readout. The selected expression
averages the combined local-input vector with the bonded-neighbour state difference, linking local processing to
exchange across the graph. Its modest gain supports further investigation of this coupling under the present prediction
task and training procedure.
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4.2. Molecular Space-Time as a Dynamical Object

The numerical atom states provide coordinates for studying the trained model's behaviour. Their meaning comes
from their effects on neighbour messages, subsequent states and predictions, rather than a direct correspondence with
physical positions or measured chemical quantities. Such learned coordinates can collectively carry measurable
information [34].

The long-horizon experiments identified convergence, candidate period-two oscillation and persistent complex
variation. In two frozen Kuramoto–Sakaguchi systems, nearby states separated along several independent directions
while small local volumes contracted on average. Displaced trajectories also approached similar sampled distributions.
Together, the perturbation, Lyapunov-spectrum and attraction-basin tests support bounded hyperchaotic behaviour over
the measured intervals [11–13]. These findings establish molecular space-time as an object of quantitative dynamical
analysis. The larger persistent or complex group remains a screening category, whose members require individual
testing. For the two detailed candidates, the estimated fractal dimension varied with the representation of the trajectory,
and the transition rule changed abruptly at the phase boundary. Establishing a fractal strange attractor therefore requires
stable dimension estimates and further assessment of this boundary effect.

4.3. Implications for Complex Systems and Drug Discovery

Molecular graphs provide chemically defined local connections, while measured properties supply an external test of
the information generated through those connections. The same framework could be evaluated on solubility,
permeability, binding and reactivity, with each task testing whether trajectory summaries capture useful information
about the whole molecule.

Treating the representation as a dynamical system also allows comparisons between molecular structure and
computational behaviour. Controlled changes to bonds or atomic descriptors, with trained weights held fixed, can test
which inputs influence convergence, repetition or sensitivity to initial conditions. Relating these effects to measured
chemical properties could provide interpretable trajectory-based descriptors, subject to prospective validation on new
datasets and independently trained models.

The optimisation comparisons suggest complementary roles for gradient-based training and genetic search.
Backpropagation achieved the stronger score on the matched evolutionary-strategy comparison, and the genetic methods
improved blind performance while retaining backpropagation within each candidate. Gradients adjusted numerical
weights, while population searches explored model configurations and mathematical transition rules. This division of
tasks warrants further testing across datasets.

4.4. Limitations and Future Tests

Our primary aim was to investigate molecular space-time, using the CYP challenge as a testbed for studying how
local interactions generate predictive information and dynamical behaviour. The predictive comparison provides a
practical assessment of this representation, with state-of-the-art CYP prediction remaining a broader objective beyond
the scope of the present study. The predictive results establish the performance of this approach within a dataset of 4,905
labelled compounds and four related CYP tasks. Blind MA-ST-RAE was close to the mean-prediction baseline, and
macro R-squared was negative, indicating limited absolute predictive accuracy. Genetic programming produced a
modest improvement, whose statistical reliability remains uncertain. The submitted system used an evolved transition
rule for CYP3A4 and fixed-rule ensembles for the other targets. The extent to which this improvement generalises to
other prediction tasks therefore remains open; evolving rules for additional targets or examining transfer between tasks
could help clarify its scope.

The trajectory fingerprints carried useful predictive information, although the contribution of repeated local
interactions beyond the starting chemical descriptors remains to be quantified. A matched descriptor-only comparison
could address this by summarising the initial atom and bond descriptors directly into a fingerprint and fitting the same
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readout, with identical data partitions, CYP context and comparable model-selection effort. Comparisons that alter the
order of trajectory states or communication across bonds could also help explain how temporal organisation and local
interactions contribute to prediction. These are possible extensions of the present analysis.

The dynamical results support bounded hyperchaotic behaviour over the measured intervals, while the fractal
geometry remains unresolved. The estimated dimension varied with the trajectory representation and measurement scale.
In addition, the learned phase rule can change abruptly where the numerical interval wraps, even though states on either
side represent neighbouring phases. This boundary effect qualifies interpretations that assume smooth motion on a
circle, including the use of Kaplan–Yorke estimates as fractal dimensions. The finite trajectory lengths, sampled initial
states and numerical precision also define the scope of the evidence. Longer observations and comparisons across
independently trained models could clarify the persistence and generality of these behaviours. Measures of entropy rate,
recurrent-state relationships and computational structure offer further ways to characterise the trajectories [13–16].

5. Conclusions

Local interactions between chemically encoded atomic cells generated molecular space-time fingerprints with
measurable predictive information for CYP inhibition. Blind MA-ST-RAE improved from 1.0092 for fixed-rule
backpropagation to 1.0020 for genetic structure search and 0.9946 for genetic programming. The same ordering held
across the other official metrics, although absolute accuracy remained limited.

Retained trajectories also supported direct dynamical analysis, revealing convergence, possible periodic behaviour
and persistent complex variation. Two systems exhibited bounded hyperchaotic dynamics with expansion in multiple
directions and average local-volume contraction. Phase-boundary discontinuities and unresolved fractal dimension keep
their classification as strange attractors provisional.

The framework connects chemical graph structure, local computation and molecule-wide behaviour. Matched
predictive controls, independently evolved and transferred rules, and reproducible dynamical classifications across
molecular classes remain the principal next tests.
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for strange-attractor behaviour. The two analysed hyperchaotic candidates retain an unresolved fractal dimension, as
described in Section 3.3.2.

The directory results/strange_attractor_audit_20260929 contains the complete atom-state trajectories for the two
Kuramoto–Sakaguchi candidates analysed in Section 3.3.2, displaced trajectories, molecular graph information,
Lyapunov-spectrum arrays, correlation-integral data and numerical summaries. Its README describes the array
contents and analysis limitations; provenance records and source-code snapshots document how the results were
generated.

The directory results/structure_dynamics_publication_v1 contains the structural-intervention workflow description,
numerical tables and publication figures. Its README documents the campaign and its supporting files.

Code Availability

Source code, trained model configurations and scripts required to reproduce the reported analyses are available at
https://github.com/acnash/Strange-Matter-Engine.git
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Appendix A. Mathematical Definition of the Graph Cellular
Automaton

This appendix explains the shared Graph-CA calculations and all ten transition rules introduced in Section 2.3. It gives
equations for the rules in Figure 2A-E, followed by implementation details for the rules in Figure 2F-J. All descriptions
refer to the numerical updates used in this study.

For atom i, 𝑥𝑖 contains the chemical descriptors defined in Section 2.2. A shared trainable transformation converts them
to H initial channel values (Figure 1B):

ℎ𝑖
(0) = tanh( 𝑠0𝑊init𝑥𝑖 ) ,

Each row of the trainable matrix 𝑊init forms a weighted sum of the F descriptors, producing one of the H channels. The
superscript (0) denotes generation zero, so ℎ𝑖

(0) ∈ ℝ𝐻 is the initial H-value state. The initialisation scale 𝑠0 controls the
sums before tanh bounds them between −1 and 1. Large inputs approach these limits, where further input changes have
progressively less effect, termed saturation.

We applied the shared transition rule T times, with the same parameters for every atom and generation. The trajectory
depth T sets the number of communication rounds; the state width H sets how many numerical values each atom carries.

The first step in an update was to calculate the message sent from a neighbouring atom j to atom i at generation t:

𝑔𝑗𝑖 = 𝜎(
𝑊𝑔𝑒𝑗𝑖
𝜃𝑏

), 𝑚𝑗𝑖
(𝑡) = 𝑔𝑗𝑖⊙𝑊𝑛ℎ𝑗

(𝑡) +𝑊𝑒𝑒𝑗𝑖,

The first expression calculates a bond gate 𝑔𝑗𝑖, which controls how strongly neighbour j contributes to each of atom i's H
channels. The vector 𝑒𝑗𝑖 describes the chemical bond connecting the two atoms. 𝑊𝑔 forms learned weighted sums of
those bond features, and the positive parameter 𝜃𝑏, called the bond temperature, controls how sharply the gate responds.
Dividing by a smaller 𝜃𝑏 moves gate values towards their extremes, so a contribution is more strongly passed or
suppressed. A larger 𝜃𝑏 moves the values towards one half, making the gate less decisive. The logistic sigmoid
𝜎(𝑧) = 1 / (1+ exp(− 𝑧)) converts every gate value to the interval between zero and one.

The second expression calculates the message 𝑚𝑗𝑖
(𝑡). The vector ℎ𝑗

(𝑡) is neighbour j's H-channel state at generation t. 𝑊𝑛,
where n denotes neighbour, forms learned weighted sums of this state. The symbol ⊙ means that corresponding
elements are multiplied, so each bond-gate value scales the matching channel of the transformed neighbour state. 𝑊𝑒

forms a further learned contribution directly from the bond features. In this context, a learned linear map such as 𝑊𝑔,
𝑊𝑛 or 𝑊𝑒 is a matrix of adjustable weights that forms new values by taking weighted sums of its inputs.

An atom may have more than one bonded neighbour. We therefore averaged its incoming messages and neighbouring
states over its number of neighbours. This degree normalisation prevented atoms with more bonds from receiving larger
totals merely because they had more neighbours:

𝑎𝑖
(𝑡) =

1
|𝑁(𝑖)|

∑
𝑗 ∈ 𝑁(𝑖)

𝑚𝑗𝑖
(𝑡), ℎ̄𝑖

(𝑡)
=

1
|𝑁(𝑖)|

∑
𝑗 ∈ 𝑁(𝑖)

ℎ𝑗
(𝑡) .

Here, 𝑁(𝑖) is the set of atoms directly bonded to atom i, and |𝑁(𝑖)| is the number of atoms in that set. The vector 𝑎𝑖
(𝑡) is

the mean incoming message. The state ℎ𝑖
(𝑡) belongs to atom i itself, whereas ℎ̄𝑖

(𝑡)
 is the mean state of its directly bonded

neighbours.
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At every generation, the model combined the atom's present state, its mean incoming message, its fixed chemical
features and the identity of the CYP isoform being predicted into a vector 𝑟𝑖

(𝑡):

𝑟𝑖
(𝑡) = tanh(𝑊𝑠ℎ𝑖

(𝑡) + 𝑎𝑖
(𝑡) +𝑊𝑥𝑥𝑖 +𝑊𝑐𝑐 + 𝑏) .

The resulting vector 𝑟𝑖
(𝑡) ∈ ℝ𝐻 contains one value for each of the H channels, which the selected transition rule uses to

calculate the next state. 𝑊𝑠 forms learned weighted sums of the atom's present state ℎ𝑖
(𝑡); 𝑊𝑥 does the same for its fixed

chemical features 𝑥𝑖; and 𝑊𝑐 transforms the CYP context vector c. The mean incoming message 𝑎𝑖
(𝑡) adds information

that has already been conditioned by the chemical bonds. The learned bias 𝑏 ∈ ℝ𝐻 provides one adjustable offset for
each channel. The hyperbolic tangent bounds each resulting value between −1 and 1.

Nine rule families use 𝑟𝑖
(𝑡) to calculate the next state. Conservative graph flux instead uses bonded-atom state differences

directly, as specified below. The following equations define the rules in Figure 2A-E.

Gated residual. This rule was inspired by gates in recurrent neural networks [17]. For every atom and channel, it
calculates how much of the current value to retain and how much of the calculated vector 𝑟𝑖

(𝑡) to accept (Figure 2A). The
model recalculates this choice from the local molecular state at every generation:

𝛼𝑖
(𝑡) = 𝜎 (𝑊𝛼[ℎ𝑖

(𝑡), 𝑎𝑖
(𝑡), 𝑥𝑖, 𝑐] ) , ℎ𝑖

(𝑡 + 1) = (1 − 𝑠𝛼𝑖
(𝑡))⊙ℎ𝑖

(𝑡) + 𝑠𝛼𝑖
(𝑡)⊙𝑟𝑖

(𝑡),

The acceptance gate 𝛼𝑖
(𝑡) ∈ (0, 1)𝐻 contains one value between zero and one for each channel. To calculate it, square

brackets join, or concatenate, four vectors: the current atom state ℎ𝑖
(𝑡), mean incoming message 𝑎𝑖

(𝑡), fixed chemical
features 𝑥𝑖 and CYP context c. 𝑊𝛼 transforms this combined vector into the H gate values. The positive parameter s is
the update scale. We capped 𝑠𝛼𝑖

(𝑡) at one in each channel; the 1 in the equation is therefore an H-component vector of
ones. The symbol ⊙ again denotes elementwise multiplication. The second expression then forms each new channel
value as a weighted mixture of its previous value and the corresponding value in 𝑟𝑖

(𝑡).

Inertial reaction–diffusion. The numerical reaction and neighbour-exchange terms [4] combine with restoration and a
velocity-like memory variable [20] (Figure 2B):

𝑓𝑖
(𝑡) = 𝑟𝑖

(𝑡) + 𝐷⊙(ℎ̄𝑖
(𝑡)

− ℎ𝑖
(𝑡)) − 𝑅⊙ℎ𝑖

(𝑡),

𝑣𝑖
(𝑡 + 1) = 𝜂𝛾⊙𝑣𝑖

(𝑡) + 𝛿⊙𝑓𝑖
(𝑡), ℎ𝑖

(𝑡 + 1) = tanh(ℎ𝑖
(𝑡) + 𝛿⊙𝑣𝑖

(𝑡 + 1) ) .

The vector 𝑓𝑖
(𝑡) ∈ ℝ𝐻 determines the change in atom i's velocity-like variable. It has three parts. The vector 𝑟𝑖

(𝑡) supplies

the learned contribution from the atom's local inputs. The difference ℎ̄𝑖
(𝑡)

−ℎ𝑖
(𝑡) compares the mean neighbour state with

the atom's own state and therefore provides the numerical difference used for diffusion across bonds. The non-negative
H-channel vectors D and R set the strengths of diffusion and restoration, respectively; the restoring term draws the state
back towards zero.

The auxiliary velocity 𝑣𝑖
(𝑡) ∈ ℝ𝐻 carries change between generations and was set to zero at the start of each trajectory.

The H-channel vector γ controls how strongly the previous velocity is damped, while δ gives the step size for each
channel. The scalar η sets the overall strength of inertia. Sigmoid or softplus transformations kept these quantities within
stable ranges; the softplus transformation was used where a parameter had to remain positive. Finally, tanh bounded the
updated state.

FitzHugh–Nagumo. Each atom's H channels divide into excitation u and recovery v [21, 22], updated with local inputs
and neighbour exchange (Figure 2C):

𝛥𝑢𝑖
(𝑡) = 𝑢𝑖

(𝑡) −
(𝑢𝑖

(𝑡))3

3
− 𝑣𝑖

(𝑡) + 𝜅𝑠tanh(𝑊𝑢𝑟𝑖
(𝑡)) + 𝐷𝑢(𝑢̄𝑖

(𝑡) − 𝑢𝑖
(𝑡)),

𝛥𝑣𝑖
(𝑡) = 𝜖[𝑢𝑖

(𝑡) + 𝑞 − 𝑣𝑖
(𝑡) + 0.1tanh(𝑊𝑣𝑟𝑖

(𝑡))] + 𝐷𝑣(𝑣̄𝑖
(𝑡) − 𝑣𝑖

(𝑡)),
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We then updated the two channel groups together:

ℎ𝑖
(𝑡 + 1) = tanh([𝑢𝑖

(𝑡) + 𝑠𝛥𝑢𝑖
(𝑡), 𝑣𝑖

(𝑡) + 𝑠𝛥𝑣𝑖
(𝑡)] ) .

The vectors 𝑢𝑖
(𝑡) and 𝑣𝑖

(𝑡) each contain 𝐻/ 2 values and together form the complete state ℎ𝑖
(𝑡). The neighbour means 𝑢̄𝑖

(𝑡)

and 𝑣̄𝑖
(𝑡) average the corresponding half-states over the atoms in 𝑁(𝑖). The quantities 𝛥𝑢𝑖

(𝑡) and 𝛥𝑣𝑖
(𝑡) are the proposed

changes to excitation and recovery. 𝑊𝑢 and 𝑊𝑣 transform 𝑟𝑖
(𝑡) from H values into separate inputs of 𝐻/ 2 values for the

excitation and recovery channels.

The scalar 𝜅𝑠 controls the strength of chemical stimulation. The non-negative parameters 𝐷𝑢 and 𝐷𝑣 control graph
diffusion for excitation and recovery. The positive parameter ε sets the recovery timescale, q shifts the recovery
response, and 0.1 is the fixed coefficient applied to tanh(𝑊𝑣𝑟𝑖

(𝑡)) in the recovery calculation. The positive parameter s is
the numerical integration step that advances both halves. Square brackets concatenate the updated excitation and
recovery vectors to reconstruct the H-channel state, and tanh bounds its values.

Kuramoto–Sakaguchi. The phase formulation [23, 24] converts each channel using 𝜙𝑖
(𝑡) = 𝜋ℎ𝑖

(𝑡) and combines local
phase-advance rates with neighbour coupling (Figure 2D):

𝑞𝑖
(𝑡) =

1
|𝑁(𝑖)|

∑
𝑗 ∈ 𝑁(𝑖)

𝑔𝑗𝑖⊙sin(𝜙𝑗
(𝑡) − 𝜙𝑖

(𝑡) − 𝜓),

𝜙𝑖
(𝑡 + 1) = 𝜙𝑖

(𝑡) + 𝑠[𝜔𝑖
(𝑡) + 𝐾𝑞𝑖

(𝑡)], 𝜔𝑖
(𝑡) = 𝐴tanh(𝑊𝜔𝑟𝑖

(𝑡)) .

The vector 𝜙𝑖
(𝑡) ∈ [ − 𝜋, 𝜋)𝐻 contains the H phases of atom i. For each bonded neighbour j, the sine term measures the

phase difference between the two atoms after allowing for the preferred offset ψ, called the phase lag. The sine is
calculated separately for each channel. The bond gate 𝑔𝑗𝑖 ∈ (0, 1)𝐻 controls how strongly that bond contributes in each
channel, and ⊙ applies this control element by element. Averaging over the neighbour set 𝑁(𝑖) produces the mean
coupling signal 𝑞𝑖

(𝑡) ∈ ℝ𝐻.

The parameter K sets the overall coupling strength and s is the integration step. The vector 𝜔𝑖
(𝑡) ∈ ℝ𝐻 is the atom's

chemically conditioned natural frequency: the rate at which its phases would tend to advance before neighbour coupling
is added. The learned weights 𝑊𝜔 transform 𝑟𝑖

(𝑡) to calculate these rates, and A sets their scale. After each update, we
wrapped every phase modulo 2π into the interval [−π,π), because angles differing by a complete turn are equivalent.
Dividing by π converted the phase back to ℎ𝑖

(𝑡 + 1) ∈ [ − 1, 1]. A hyperparameter search conducted only on the training
data selected the phase lag, coupling strength and frequency scale.

Delayed memory. Following the delayed-feedback construction [25], the rule combines current local inputs with the
state retained d generations earlier (Figure 2E):

~𝑟𝑖
(𝑡)

= tanh(𝑊𝑑[𝑟𝑖
(𝑡), ℎ𝑖

(𝑡 − 𝑑)] ) ,

ℎ𝑖
(𝑡 + 1) = tanh((1 − 𝜁𝑠)ℎ𝑖

(𝑡) + 𝑠[(1 − 𝜇)𝑟𝑖
(𝑡) + 𝜇~𝑟𝑖

(𝑡)
+ 𝜅𝑑(ℎ𝑖

(𝑡 − 𝑑) − ℎ𝑖
(𝑡))] ) .

The vector ℎ𝑖
(𝑡 − 𝑑) ∈ ℝ𝐻 is atom i's state d generations earlier. When fewer than d generations were available, the rule

used the earliest retained state. To calculate ~𝑟𝑖
(𝑡)

∈ ℝ𝐻, square brackets join the current vector 𝑟𝑖
(𝑡) and the earlier state

ℎ𝑖
(𝑡 − 𝑑); the learned weights 𝑊𝑑 then transform this combined vector into H values. The hyperbolic tangent bounds both

~𝑟𝑖
(𝑡)

 and the final updated state.

The mixing coefficient 𝜇 ∈ [0, 1] controls the balance between 𝑟𝑖
(𝑡) and ~𝑟𝑖

(𝑡)
, which also includes information from the

earlier state. The 1 in (1 − 𝜇) is the scalar multiplicative identity. The parameter 𝜅𝑑 controls feedback from the
difference ℎ𝑖

(𝑡 − 𝑑)−ℎ𝑖
(𝑡), which measures how far the earlier state is from the present state. The parameter ζ damps the
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present state, and the positive parameter s sets the update scale. The rule-specific search selected d and these coefficients
from their predefined search ranges.

Gray–Scott implementation. The rule splits the H channels into equal groups u and v and rescales their values from
[−1,1] to [0,1]. The product 𝑢𝑣2 decreases u and increases v. Separate neighbour-difference terms exchange each
quantity across bonds. A replenishment term increases u towards one, while a removal term reduces v. Learned
transformations of 𝑟𝑖

(𝑡) contribute to both groups with coefficient 0.02. After each update, the rule clips both groups to
[0,1] and converts them back to [−1,1].

Coupled-map implementation. The rule rescales each state value to 𝑞 = (ℎ+ 1) / 2 and applies the logistic function
𝑎𝑞(1− 𝑞), where a is a selected parameter between 2.5 and 4.0. It combines this result with a sigmoid transformation of
the learned local-input vector 𝑟𝑖

(𝑡). It separately applies the same logistic function to the mean neighbour value, then
mixes the two results using a coupling weight capped at 0.95. The rule clips the result to [0,1] and converts it back to
[−1,1]. Applying the function to the neighbour mean is the specific averaging order used in this implementation.

Activator–inhibitor implementation. The rule divides the H channels equally into u and v. Its change in u contains
𝑢− 𝑢3 / 3− 𝑣, a learned transformation of 𝑟𝑖

(𝑡) and a neighbour-difference term. Its change in v combines a scaled
response to u, an adjustable offset, a term that reduces v, neighbour exchange and a second learned transformation of 𝑟𝑖

(𝑡)

. Both groups advance using the selected step size and are bounded by the hyperbolic tangent. The FitzHugh–Nagumo
version above uses a related structure with its own parameter ranges and fixed relationships between coefficients.

Damped-symplectic implementation. The rule divides the H channels equally into position-like values q and
momentum-like values p. A learned transformation of 𝑟𝑖

(𝑡), the difference between the neighbours' mean q and the atom's
own q, and a restoring term towards zero determine the momentum update. The rule multiplies the previous p by a
damping factor between 0.8 and 0.999 before adding the scaled change. It then advances q using this new momentum.
Hyperbolic tangent bounds both stored channel groups. The name describes the momentum-first order of calculation; the
implemented damping and bounding operations modify the corresponding ideal mechanical scheme.

Conservative graph-flux implementation. For each directed bond from j to i, the rule applies a learned linear
transformation without a bias to ℎ𝑗 − ℎ𝑖, takes its hyperbolic tangent and multiplies by the bond gate. Reversing the bond
changes the sign of this transfer because the two directions share bond descriptors and the transformation is odd.
Summing incoming transfers gives each atom's update. Every atom uses the same divisor, the maximum number of
bonded neighbours in the molecular graph, with a minimum divisor of one. The rule then adds the scaled transfers
directly to the current state. Equal and opposite transfers preserve the sum across atoms in each channel, up to numerical
rounding; this rule applies no final hyperbolic tangent to the updated state.

Pooling converts trajectories of differing atom counts and generation lengths into the fixed-length fingerprints
introduced in Section 2.3. The following summaries define those fingerprints.

The basic fingerprint contained five types of summary. The final atom-state mean described the average channel values
at the last generation, while the final atom-state variance described how much atoms differed from one another at that
point. The time-averaged atom state summarised channel values across the trajectory. The temporal variance of the
molecular mean state measured how much the molecule-wide average changed over generations. The mean state-change
energy summarised the magnitude of changes between successive states. A multiscale version also retained the
molecular mean states at 12.5%, 25%, 50%, 75% and 100% of the trajectory, allowing the prediction step to distinguish
early, intermediate and final behaviour.

The model predicted four different CYP isoforms. The one-hot CYP context vector therefore selected the copy of the
fingerprint belonging to the target isoform: the relevant block was active and the other three blocks were zero. This
produced CYP-specific readout features and allowed ridge regression to associate the same types of trajectory
measurement with different isoforms.
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The genetic search also tested optional summaries of trajectory change. The dynamic observables option added the
difference between the initial and final molecular mean states and a normalised correlation between the molecular mean
states at successive generations. The correlation measured how strongly one generation resembled the next. Summaries
of squared changes between sampled molecular mean states added the squared changes between the molecular mean
states at consecutive sampling points listed above. The search also tested correlations separated by several generation
lags, smooth approximations to the largest and smallest molecular mean states, and separate summaries of increases and
decreases in state values. Together, these options allowed the readout to use persistence, variation, direction and scale of
change rather than relying only on the final state.

Appendix B. Evolutionary-Strategy Configuration

The evolutionary-strategy experiment changed the procedure used to optimise numerical weights while holding the
CYP3A4 Graph-CA design fixed. This allowed a direct comparison with backpropagation. Table B1 lists the fixed
model settings that were removed from the main-text summary.

Fixed setting Value and meaning

Transition rule and
prediction target

A damped-symplectic Graph-CA predicted CYP3A4 pIC50. Section 2.3 describes this transition rule.

State width and
trajectory depth

Each atom carried 16 numerical channels, and the transition rule was repeated for 32 generations.

Atom features The baseline atom descriptors were supplemented by the Periodic and Electronic feature groups in Table 2.

Bond messages Information passed between bonded atoms was conditioned on the recorded bond descriptors, including
whether a bond was single, double, triple or aromatic.

Trajectory pooling Multiscale pooling summarised the trajectory at several generations, allowing the fingerprint to retain early,
intermediate and final behaviour as described in Appendix A.

Update scale A value of 0.25 controlled the magnitude of the change applied to the atomic states at each generation.

Support fraction A value of 0.6 assigned 60% of the eligible molecules in each training batch to the support subset used to fit
the ridge readout. The remaining molecules formed the query subset.

Ridge penalty A value of 0.1 discouraged excessively large fingerprint coefficients in the ridge-regression readout.

Table B1. Fixed Graph-CA settings used throughout the evolutionary-strategy experiment.

An evolutionary configuration was one combination of the settings in Table B2. We evaluated 32 such combinations.
For each evolutionary update, random changes were generated in opposite pairs around the current weights, as described
in Section 2.4.3.
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Evolutionary
setting

Meaning Values tested

Population size The total number of candidate weight sets evaluated during one update,
including both members of every opposite pair.

32, 64, 96 or 128 candidates.

Perturbation
standard
deviation

The typical size of the random changes applied to the current weights. The
changes were drawn from a Gaussian, or bell-shaped, distribution.

0.005, 0.01, 0.02, 0.04 or 0.08.

Evolutionary
learning rate

The scale of the adjustment made to the current weights after the candidate
pairs had been compared.

0.0005, 0.001, 0.003, 0.006 or
0.01.

Training-batch
size

The number of molecules selected for one evolutionary update. 256, 512, 1,024 or 1,600
molecules.

Batch
composition

Random composition selected molecules without using their measured
activity to arrange the support and query subsets. Activity-stratified
composition distributed query molecules across the observed pIC50 range,
with the remaining molecules assigned to the support subset.

Random or activity-stratified.

Stopping policy The rule specifying the maximum number of training epochs and how long
training continued without sufficient improvement in validation MA-ST-RAE.

The four combinations of
maximum training length and
stopping thresholds defined in
Table B3.

Table B2. Evolutionary-strategy settings and tested values.

Each epoch comprised one evolutionary update. Training stopped at the maximum number of epochs or when validation
MA-ST-RAE failed to improve by at least the minimum improvement for the stated number of consecutive epochs,
called the patience period.

Stopping policy Maximum epochs Patience period Minimum improvement in MA-ST-RAE

Up to 40 updates 40 8 0.003

Up to 60 updates 60 14 0.002

Up to 80 updates 80 20 0.002

Up to 100 updates 100 25 0.001

Table B3. Stopping policies tested during evolutionary-strategy optimisation.

Appendix C. Hybrid Genetic Graph-CA Structure Search

The hybrid genetic search changed discrete choices in the CYP3A4 Graph-CA design while backpropagation trained the
numerical weights of every candidate. Each candidate was defined by a complete list of model-design choices. The
numerical optimiser settings associated with each transition-rule family remained fixed, allowing the genetic algorithm
to compare model structures without simultaneously searching a second set of continuous training parameters.
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Design choice Meaning Options tested

Transition-rule family The mathematical rule used to update every atomic cell. Damped symplectic, FitzHugh-
Nagumo or delayed memory.

Recurrent generations The number of times the transition rule was applied. 16, 32, 64 or 128.

State width The number of numerical channels carried by each atom. 8, 16 or 24.

Atom-feature profile The baseline descriptors supplemented by selected feature groups from
Table 2.

Periodic and Electronic;
Electronic and Local environment;
Periodic and Valence; or all five
additional groups.

Trajectory pooling The method used to convert the variable-length trajectory into a fixed-
length fingerprint. Basic pooling used the five core summaries in
Appendix A; multiscale pooling also retained five intermediate states;
temporal-attention pooling learned how strongly to weight those five
states.

Basic, multiscale or temporal
attention.

Degree normalisation The strength with which the number of bonded neighbours reduced the
combined incoming message.

Exponent 0.5 or 1.0.

Chemical-feature
gating

Whether a learned gate adjusted the contribution of each chemical
descriptor.

Disabled or enabled.

Initial molecular mean
and variance

Whether the initial molecular mean and variance were retained in the
final fingerprint.

Disabled or enabled.

Dynamic observables Whether the fingerprint included change from the initial to final
molecular mean and correlation between successive generations.

Disabled or enabled.

Squared changes
between sampled
molecular mean states

Whether the fingerprint included squared changes between the five
multiscale sampling points.

Disabled or enabled.

Channel-specific
timescales

Whether each channel learned its own rate of movement towards the
proposed next state.

Disabled or enabled.

State correlations
across generation
intervals

Whether the fingerprint included correlations between states separated
by several generation intervals.

Disabled or enabled.

Temporal extrema Whether the fingerprint included smooth estimates of the largest and
smallest molecular mean states reached during the trajectory.

Disabled or enabled.

Separate summaries of
state increases and
decreases

Whether increases and decreases in state values were summarised
separately.

Disabled or enabled.

Table C1. Model-design choices varied by the hybrid genetic search.

The search used four genetic generations containing 24 unique candidate structures each. Tournament selection chose a
parent by comparing three candidates. Uniform crossover constructed a child by choosing each design setting from
either parent, and mutation independently changed each setting with probability 0.25.
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Every candidate was trained by backpropagation on two scaffold-separated folds for at most 35 epochs. The 96
candidates therefore produced 192 screening runs. The four strongest candidates and the fixed damped-symplectic
reference then underwent confirmation using five scaffold folds, two seeds and at most 80 epochs, producing another 50
runs and 242 runs in total. MA-ST-RAE on the internal validation folds guided selection of candidate model
configurations, with lower prediction error favouring selection. RMSE provided a complementary measure of prediction
error. The sealed holdout and blind labels were excluded from screening, selection and confirmation.

Component Selected setting

Transition rule FitzHugh-Nagumo.

Recurrent generations 128.

State width 24 channels.

Atom-feature profile Comprehensive, comprising the baseline descriptors and all five additional feature
groups in Table 2.

Trajectory pooling Multiscale.

Degree normalisation Exponent 1.0.

Dynamic observables Enabled.

Squared changes between sampled molecular
mean states

Enabled.

Chemical-feature gating Disabled.

Initial molecular mean and variance Disabled.

Channel-specific timescales Disabled.

State correlations across generation intervals Disabled.

Temporal extrema Disabled.

Separate summaries of state increases and
decreases

Disabled.

Table C2. Configuration selected by the hybrid genetic search.

Appendix D. Genetic Programming of the Transition Rule

The genetic-programming experiment retained the hybrid search's selected CYP3A4 configuration and changed only the
mathematical transition rule. Each candidate rule was represented as an expression tree. Mathematical operations formed
the branches, while the available input vectors formed the terminal leaves. A candidate rule remained fixed throughout
its training and validation trajectories, although backpropagation continued to train its numerical weights.
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Candidate input Meaning

Local input, rᵢ⁽ᵗ⁾ The vector calculated from the atom's current state, bonded-neighbour information, chemical
descriptors and CYP context.

Current state, hᵢ⁽ᵗ⁾ The atom's H-channel state at the current generation.

Neighbour difference, h̄ ᵢ⁽ᵗ⁾−hᵢ⁽ᵗ⁾ The mean state of the atom's bonded neighbours minus the atom's own state.

Delayed-state difference, hᵢ⁽ᵗ⁻ᵈ⁾
−hᵢ⁽ᵗ⁾

A retained earlier state of the atom minus its current state.

Table D1. Input vectors available to each candidate transition rule.

Operation group Permitted operations

Two-input operations Addition, subtraction, multiplication and the mean of two inputs.

One-input operations Negation, hyperbolic tangent, sine and multiplication by a fixed scale.

Fixed scales −1.0, −0.5, 0.25, 0.5 or 1.0.

Table D2. Mathematical operations available to genetic programming.

Expression trees were limited to a maximum depth of four. The search evaluated four successive populations, each
containing 24 distinct candidate cellular automaton transition rules. Tournament selection compared groups of three
candidates when choosing parents. Subtree crossover exchanged a complete part of one parent expression with a part of
another. With probability 0.35, mutation replaced a randomly selected part of the resulting expression with a newly
generated subtree. A penalty of 0.0005 per expression-tree node discouraged additional complexity unless it improved
predictive performance.

The model using each candidate cellular automaton transition rule was trained using two scaffold folds and a maximum
of 35 epochs. Five finalists then underwent five-fold confirmation with two independent seeds and a maximum of 80
epochs. This produced 242 training runs. Backpropagation trained the weights used for bond messages, local-input
construction and numerical transformations through the ridge fit in Section 2.4.2. MA-ST-RAE on the internal scaffold-
separated validation folds measured the prediction error of each candidate cellular automaton transition rule. This error
and the expression-size penalty described above guided selection, favouring accurate rules with fewer mathematical
operations. RMSE provided a complementary measure of prediction error. The sealed holdout and blind labels were
excluded throughout the search and confirmation stages.

The selected cellular automaton transition rule averaged the local-input vector and bonded-neighbour difference. Its
expression tree contained three nodes: the two inputs and the averaging operation joining them. The numerical output of
this expression is given in Section 2.4.5.

Appendix E. A Visual Gallery of Molecular Space-Time

This gallery illustrates the aesthetic beauty and visual variety of molecular space-time: numerical information passes
between bonded atomic cells and forms a trajectory as the cellular automaton repeatedly updates their states. The ten
pages each present one transition-rule family, providing a visual companion to the quantitative analyses in the main text.
We selected three archived molecule-and-CYP-context trajectories for each family, giving 30 paired examples across the
gallery.
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Each row presents the same recorded trajectory in two ways. The left panel places atoms in their stored graph order
along the horizontal axis and successive generations down the vertical axis. Colour represents the first numerical state
channel of each atom. Atom order serves as a display arrangement; the chemical bonds define which atoms exchange
information. The right panel places those same colours on atom traces derived from a three-dimensional molecular
conformer and rotates the conformer as successive generations descend. This rotation provides different views of the
structure. The conformer and rotation are visualisation choices, while the colours come from the recorded cellular
automaton states.

The coloured curves on the right connect successive displayed positions of each atom. Chemical bonds appear at the
beginning, midpoint and end of the displayed trajectory, with colours interpolated between their endpoint atoms. Small
vertical offsets retain the molecular shape around each generation's position. Both panels in a pair use the same state
values and colour scale. Kuramoto-Sakaguchi colours represent the first wrapped phase divided by π on a cyclic scale;
the other pages show the first state channel on a linear, dimensionless scale. The same scale applies to all three examples
on a page, and the conservative graph flux page uses a wider range to contain its recorded values.

Training provenance. Every example in this gallery comes from a fixed-rule Graph-CA trained by backpropagation,
labelled BP-Graph-CA on each page. The rule family was specified before training, and the learned numerical weights
remained fixed during the recorded trajectory. Genetic-algorithm structure search, genetic programming and
evolutionary-strategy weight training are separate experiments described in the main text; this gallery contains
trajectories from the fixed-rule backpropagation archives.

Reading the gallery. Figures E1-E10 cover gated residual, inertial reaction-diffusion, FitzHugh-Nagumo, Kuramoto-
Sakaguchi, delayed memory, Gray-Scott, coupled map, activator-inhibitor, damped symplectic and conservative graph
flux, respectively. Panels A/B, C/D and E/F pair three examples on each page; molecule identifiers and CYP contexts
appear above the left panels. The first nine pages show generations 0-1000, while E10 shows the available recorded
interval, generations 0-256. Examples may share a molecule under different CYP contexts. Independently trained
models and different molecules contribute to the visual differences, so the gallery supports aesthetic exploration and
qualitative inspection; quantitative claims about chaos or attractor geometry rely on the analyses in the main text.
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