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Abstract—We present a self-organizing Neural Cellular Au-
tomaton (NCA) equipped with dynamic, learnable graph connec-
tivity that adapts its computational topology in response to input
history. The system exhibits history-dependent behavior: distinct
input sequences induce divergent graph structures, enabling
memory without explicit recurrence. We interpret the NCA
as a fixed physical substrate (a lattice of identical units) that
dynamically reconfigures its functional circuitry through edge
modulation. We further propose a novel harmonic decoupling
mechanism—mapping node activations to musical chords and
traversing the circle of fifths between timesteps—to maximally
decorrelate sequential representations, thereby reducing interfer-
ence and enabling long-range communication across the graph.
We argue that scaling such a system to brain-like dimensions
(~ 1011 nodes) with this decoupling paradigm could yield human-

level learning efficiency, as the graph learns to specialize local
neighborhoods for distinct computational roles. Experimental
results on sequence transformation tasks confirm that different
inputs follow distinct graph-evolution trajectories, demonstrating
emergent memory bias and dynamic specialization.

I. INTRODUCTION

Biological intelligence arises not from static wiring, but
from a dynamic interplay between persistent substrate and
transient connectivity. The human brain maintains a fixed
set of ~86 billion neurons, yet reconfigures its effective
circuitry on the fly via synaptic plasticity, neuromodulation,
and oscillatory coordination [6]. Inspired by this, we ask: Can
an artificial system with fixed units but dynamic, learnable
connectivity replicate history-sensitive computation in a scal-
able, minimalistic framework?

We answer affirmatively with a Self-Organizing Dynamic
Graph NCA: a Neural Cellular Automaton where each update
step simultaneously evolves node states and reconfigures a
sparse, attention-modulated graph. The model requires no
recurrent hidden state, symbolic grammar, or external mem-
ory—only local stochastic updates and global differentiable
learning.

Crucially, we interpret this system through two complemen-
tary lenses:

1) Asafixed lattice of identical computational units (like
cortical columns), whose average neighborhood connec-
tivity defines its effective wiring—a learned functional
topology superimposed on physical substrate.

2) As a decoupled representational manifold, where se-
quential activations are mapped to musical chords, and
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transitions are enforced along the circle of fifths to
ensure maximal orthogonality between timesteps.

Our experiments demonstrate that distinct input sequences
induce divergent graph evolution paths (Fig. 1), evidencing
emergent memory bias. We argue that at brain scale, this mech-
anism—combined with harmonic decoupling—could enable
rapid policy learning by allowing distant units to “reach out”
across the graph via dynamically formed long-range paths.

II. MODEL ARCHITECTURE

A. Dynamic Graph Neural Cellular Automaton

Our model consists of N = 16 nodes arranged on a fixed
1D grid. Each node holds a hidden state he& R? (d = 32).
Inputs are embedded and injected at fixed positions (indices
0, 5, 10); outputs are read from the same locations.

At each evolution step t, the system applies two operations
in sequence:

1. Edge Formation. For all node pairs (i, j), compute an
edge weight:

ej=0 MLP([h,’,‘ hj]) €[0,1],

where o is sigmoid. This defines a dense adjacency matrix
Ee€ [0, 1]VN,

To induce temporal persistence, we blend with the previous
edge matrix:

EY «0.7-E{ +0.3-E®Y,

2. State Update. Compute attention scores using linear
projections Q, K: J
exp (Qh))"(Khy)/ 0‘/ - ejj
=, op (Qh)T(Kh,)/ d e,

a,-j=

M
Aggregate values: h; = ajhy. Then update:

Ah;=Tanh MLP([h;h;]), h;<h;+6:-oh,

where 6; ~ Bernoulli(0.85) enables stochastic NCA-style
updates.

The process repeats for T = 50 steps. The final graph E!”
is task-dependent.
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B. Interpretation: Fixed Substrate, Dynamic Topology

Although the nodes are fixed in space, the effective connec-
tivity evolves. We may view the system as a static network
where each node’s “functional neighborhood” is defined by
the time-averaged attention weights:

=T
a, = A= g,
T U}
t=1
This induces a learned topology atop the physical lattice.
During training, the system specializes regions: input-adjacent
nodes become encoders, while internal nodes form transient
pathways. This mirrors cortical specialization, where regions
adapt to task demands without structural rewiring.

III. HARMONIC DECOUPLING VIA CIRCLE OF FIFTHS

To reduce interference between sequential states, we pro-
pose a representational decoupling scheme inspired by music
theory.

Activation —=Chord Mapping. At each timestep t, identify
active nodes (e.g., top-k by norm). Map each node index i to
a piano key via:

note; = (imod 12) € {0, ..., 11},

corresponding to pitch classes (C, C#, ..., B). The set of active
notes forms a chord.

Circle-of-Fifths Transition. Between timesteps, rotate the
pitch-class mapping by a perfect fifth (7 semitones):

note!™ = (note® + 7) mod 12.

1 1

Why? The circle of fifths maximizes harmonic contrast be-
tween successive chords. In representation space, this enforces:

(p(d?), p(a™V)) ~ 0,

where ¢ is the chord embedding. This is equivalent to a
unitary rotation in a 12-dimensional Fourier basis of pitch class
space—preserving energy while minimizing overlap.

The benefit: **reduced catastrophic interference** and
**enhanced long-range communication**. When a new chord
is formed, its embedding is orthogonal to the previous, allow-
ing units to “reach out” to distant parts of the graph without
overwriting prior context.

While not implemented in training (used only for analysis
here), this principle suggests a powerful inductive bias for
sequential NCA systems.

IV. EXPERIMENTS AND RESULTS
A. Task and Training

We train on two sequence-to-sequence mappings:

- Sequence C: [1,3,5] '— [2, 4, 6]

- Sequence G: [1,7,5] "= [2,8,2]
The model must learn history-dependent arithmetic without
recurrence.

Trained with Adam (Ir = 1073) for 150 epochs, the
model achieves 100% accuracy on both sequences and exhibits
divergent internal graph structures.
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B. Key Findings

1. History-Sensitive Graph Morphology. As shown in
Fig. 1E-G, the final graphs for Sequences C and G are
structurally distinct (L2 difference = 1.87), despite identical
first and last inputs. The system has learned that the middle
value disambiguates the task, and encodes this in connectivity.

2. Dynamic Specialization. Over 50 NCA steps (Fig. ?%,
the graph evolves from uniform to structured: early phases
form dense local clusters; later phases prune to sparse, task-
specific pathways. This mirrors developmental pruning in
neuroscience.

3. Emergent Memory Bias. The system does not use re-
currence, yet distinguishes [1, 3, 5] from [1, 7, 5]. The memory
is stored not in hidden states, but in the trajectory of graph
reconfiguration—a form of morphogenetic memory.

V. SCALING TO BRAIN-LIKE SYSTEMS

We now consider scaling to N = 10! nodes—the scale of
the human brain.

Physical Feasibility. Modern GPUs handle 10°-107 nodes;
exascale systems could approach 10°. With sparse edges (<
10%/node), memory scales as O(N ), not O(N 2). Thus, brain-
scale NCA is plausible within a decade.

Learning Efficiency. Human learning speed stems from:

- Massive parallelism (all neurons update simultaneously),
- Structured inductive biases (cortical columns, predictive
coding),
- Embodied real-time interaction.
Our NCA matches the first two: parallel updates and dynamic

topology. With harmonic decoupling, it gains the third—a
scaffold to prevent interference during lifelong learning.

Decoupled Computation. In a brain-scale NCA, any node
can, in principle, form transient long-range connections to
any other via edge modulation. The circle-of-fifths mapping
ensures that when a “request” is made (via activation chord),
the response comes from a decorrelated region—enabling
information retrieval without crosstalk.

Specialization as Topology Learning. Just as the visual
cortex self-organizes to process edges and motion, an NCA’s
graph can learn to allocate subgraphs to specific functions:
some for input parsing, others for arithmetic, memory, or
output. This is not hardwired—it emerges from the learning
signal.

VI. CONCLUSION

We have demonstrated a self-organizing NCA that learns
history-dependent tasks by dynamically reconfiguring its graph
structure. Results confirm that different input sequences follow
distinct graph-evolution trajectories, implementing memory
through morphogenetic specialization.

By interpreting the system as a fixed substrate with learned
functional topology, and augmenting it with harmonic de-
coupling via the circle of fifths, we outline a path toward
brain-scale artificial systems that match biological learning
efficiency. The dynamic NCA is not just a model—it is a
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Emergent Computational Graphs in Self-Organizing Neural Cellular Automata
Different Input Sequences Induce Distinct Graph Structures
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Fig. 1: Dynamic graph specialization. Panels (A-D) show input/output sequences. Panels (E-F) display final adjacency
matrices for Sequences C and G—note distinct connectivity patterns. Panel (G) shows their difference, highlighting specialized
edges. Panel (H) reports metrics: different densities, strong edge distributions, and significant graph divergence (L2 norm = 1.87).
This confirms that identical inputs at t = 0 and t = 2 induce different computations due to middle-element context—evidence
of memory bias.

computational morphology engine, where intelligence emerges
from the dance of structure and state.
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