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Abstract

Neural Cellular Automata (NCA) learn a single local update rule, shared by every cell, that
can grow a target pattern from a seed and repair it after damage. This behavior is well studied
in two dimensions but its three-dimensional counterpart, and in particular the robustness of
3D self-repair, is largely uncharacterized. We train small 3D voxel NCA to grow four target
shapes from a single seed and to regenerate after amputation, three shapes reliably and a dense
fourth only intermittently, and we measure how recovery depends on how much of the object is
removed. Two findings stand out. First, a network trained only to persist a grown shape already
regenerates almost perfectly after damage (mean recovery near 1.0), so self-repair can emerge from
persistence training alone, without explicit damage supervision. Second, regeneration degrades
with damage severity, and the decline is shape-dependent: bulky shapes recover gracefully even
when most of the volume is removed, while a thin branching shape recovers well under light
damage but collapses once a large fraction is gone. The shape that grows most accurately is the
one that repairs worst, so growth fidelity is not the same property as regeneration robustness.
Our numbers are from single training runs at 323 resolution and are intended as an initial
characterization rather than a benchmarked comparison. We summarize 3D self-repair with a
recovery-versus-severity curve, a compact “phase-diagram”-style view.

1 Introduction

Some animals regrow lost body parts. An axolotl that loses a limb regenerates it to the correct
size and shape, no more and no less, without any cell holding a blueprint of the whole animal; each
cell follows local rules and the target morphology emerges as a stable outcome [7]. Neural Cellular
Automata (NCA) are a machine learning analogue: a single small neural network, applied identically
at every cell and conditioned only on a local neighborhood, is trained so that repeated application
grows a target pattern from a seed and restores it after part of it is destroyed [12].

Most NCA work operates on 2D images. Growth and self-repair in three dimensions have been
demonstrated for voxel structures [22], but the emphasis has been on producing the artifact rather
than on measuring how robust the repair is. The central open question we take up is quantitative:
for a 3D shape grown by an NCA, how much of the grown shape can be removed before it can no
longer regrow, and does the answer depend on the shape and on the kind of damage?
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We study small 3D voxel NCA that grow four target shapes at 323 resolution and regenerate
after amputation. We define a fixed battery of damage operators and a recovery metric, sweep
damage severity from light to near-total, and summarize the result as a recovery-versus-severity
curve per shape and per damage type. Our contributions are:

1. A training recipe for 3D voxel NCA that grow and self-repair, including the design choices that
were necessary to escape an “all-dead” failure mode in which every cell dies out (Section 3).

2. Evidence that regeneration can emerge from persistence training: a model never shown damage
during training still recovers almost perfectly from amputation, so damage supervision is not
a precondition for repair (Section 5).

3. A recovery-versus-severity characterization of 3D self-repair, showing that regeneration degrades
as a shape-dependent decline, sharp for the one thin structure we tested and gradual for the
bulky ones (Section 5).

4. The observation that growth fidelity is not regeneration robustness: among our shapes, the
one that grows most accurately regenerates the worst (Section 5).

2 Related Work

Neural Cellular Automata. Mordvintsev et al. [12] introduced Growing NCA, in which a shared
per-cell rule grows a target image from a seed and, when trained with a sample pool and damage,
persists and regenerates it. Follow-on work extended the idea to self-organizing texture synthesis [14]
and to self-classification, where cells reach a distributed consensus and recover it after perturbation
[18]. This behavior has been studied almost entirely in two dimensions [12, 14, 18]. Recent studies
revisit the expressivity and training of these rules [2, 17] and provide accelerated implementations
[4]. Our training regime follows this lineage: a shared local rule, stochastic updates, alive masking,
and a sample pool.

Three-dimensional and self-repairing NCA. Sudhakaran et al. [22] grow 3D voxel artifacts
and functional machines with NCA and report that damage during training enables regeneration,
but the regeneration evidence is a single qualitative recovery figure. Silbernagel et al. [21] study
self-repairing segmentation masks, and Pajouheshgar et al. [16] analyze how cellular automata
robustly preserve stored information over long rollouts, both in two dimensions. Pahng et al. [15]
morph 3D shapes with a shared local agent rule, but on an off-lattice particle substrate and without
an amputation-and-regrow protocol. None of these quantifies how 3D voxel self-repair depends on
damage severity, which is our focus.

Self-organization, morphogenesis, and voxel generation. Differentiable models of self-
organizing systems and morphogenesis provide broader context [3, 10, 13, 19, 1, 24, 9, 11], and
NCA have been applied beyond growth, for example to appearance and texture modeling [8] and as
generators of training data [6]. Biological accounts frame the target morphology as an attractor
that locally competent cells reach and hold [7]. As non-NCA references for producing 3D voxel
occupancy, discrete diffusion models generate sparse voxel structures [5] and, in one case, also edit
them by inpainting [23]; that model repairs masked regions and reports that matched-corruption
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training is needed for local repair, a structural analogue of damage during training. Conditional
morphogenesis with NCA has also been shown for 2D digits [20].

3 Method

Model. The state is a tensor with C = 13 channels per voxel on a 323 grid: one occupancy (“alive”)
channel and twelve hidden channels. Each step, every voxel perceives its 3 × 3 × 3 neighborhood
through a learned convolution, and a shared per-voxel update network, implemented as two 1 × 1 × 1
convolutions with a zero-initialized output layer, produces a residual state increment. Updates
are stochastic (each voxel updates with probability one half), and an alive mask derived from a
max-pool over the occupancy channel keeps a voxel active only if it and a neighbor are alive both
before and after the update. State values are clamped to a bounded range for stability.

Loss and target. Supervision is a single fixed occupancy volume per shape. We combine a
class-balanced squared error on the occupancy channel with a soft Dice term on the same channel.
The squared-error term provides a strong gradient that bootstraps growth from the seed; the Dice
term penalizes overgrowth once cells are alive. For dense shapes we place a floor on the positive-class
weight, because the class-balanced weight alone becomes too small to escape the all-dead state.

Training. We train with a sample pool: grown states are stored and resampled so the rule
must produce a stable fixed point rather than a one-shot trajectory. In each batch we reseed the
worst quarter of samples and any that have become nearly dead, which prevents the pool from
collapsing into an absorbing all-dead state. Damage during training is applied to a fraction of pooled
samples after a warmup of the first 40% of steps. We use Adam at learning rate 10−3 with per-step
gradient-norm clipping and a cosine schedule, and back-propagate through a randomized-length
rollout (between 48 and 64 steps). A single voxel seed did not reliably bootstrap growth; a 3 × 3 × 3
nucleus seed together with a low alive threshold was necessary to escape the all-dead failure mode.

Damage battery. We define four damage operators: a half-space cut, removal of a random cube,
removal of a spherical “bite” near the surface, and removal of a protruding region (a “limb”). Each
is parameterized by a severity equal to the fraction of occupied voxels removed. The same operators
are used at training time (as augmentation) and at evaluation time, with disjoint random seeds.

4 Experimental Setup

Shapes and data. We use four hand-authored target shapes at 323: a small four-legged creature,
a branching tree, a chair, and a torus. Their occupancy fractions span an order of magnitude, from
0.88% for the thin tree to 8.24% for the dense torus, with the creature and chair in between at
2.29% and 2.67%. This is not a supervised dataset; supervision is the fixed target volume, and the
models are per-shape.

Metrics. We report four quantities. Grown Intersection-over-Union (IoU) measures how closely
the shape grown from a seed matches the target. Persistence IoU measures how well the grown
state is held over a rollout eight times longer than the training horizon. Regeneration recovery is
the ratio of recovered IoU to pre-damage IoU after a damage operator is applied and the rule is run
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Table 1: Per-shape 3D NCA self-repair (trained with damage, held-out evaluation). Recovery is
recovered IoU divided by pre-damage IoU; worst case is the minimum over the four operators at
severities 0.3, 0.5, and 0.7. The torus row is a single successful seed (it collapsed to the all-dead
state on three of four seeds), so its metrics are conditional on training not collapsing and are not
directly comparable to the other rows.

Shape Grown IoU Persist IoU Mean recovery Worst-case recovery

Creature 0.72 0.76 0.93 0.72
Tree 0.98 0.98 0.76 0.54
Chair 0.90 1.00 0.89 0.57
Torus 0.52 0.60 0.98 0.68

forward; this ratio can exceed one when the regrown state matches the target slightly better than
the imperfect grown state it replaced. The aggregate values in Table 1 are computed over the four
damage operators at severities 0.3, 0.5, and 0.7: mean recovery averages over operators and these
severities, and worst-case recovery is the minimum over them. Figure 1 instead resolves the full
severity dependence from 0.1 to 0.9, including the extrapolation range above the 0.6 training cap,
so the low points of a curve at high severity fall below that shape’s Table 1 worst case. Evaluation
uses held-out random seeds disjoint from training, and the same damage-operator family at train
and eval, so the held-out axes are unseen seeds and unseen high severities, not a novel damage type.
Each shape is trained once and evaluated stochastically; the reported numbers are single-run point
estimates, and we discuss run-to-run variation in Section 5 and the Limitations.

Compute. Each model is a small network trained on a single NVIDIA A10 GPU; the full set of
experiments in this paper used on the order of seven GPU-hours.

5 Results

The recipe grows and repairs across shapes. Table 1 reports per-shape metrics for models
trained with the full recipe (damage during training, 2500 steps). Three of the four shapes grow
with high fidelity: the tree and chair reach grown IoU 0.98 and 0.90, the creature 0.72. All three
persist their grown state over the long rollout (persistence IoU from 0.76 to 1.00) and regenerate
after amputation, with mean recovery from 0.76 to 0.93. The dense torus is the hard case: with the
positive-weight floor it trains and regenerates well when it succeeds (grown IoU 0.52, mean recovery
0.98), but it collapsed to the all-dead state on three of four training seeds (grown IoU 0), so its row
reports a single successful seed and its metrics are conditional on training not collapsing. We treat
it as a limitation rather than a solved case.

Regeneration emerges from persistence training. On the creature, a model trained without
any damage, only to grow and persist, already recovers almost perfectly from the damage battery:
mean recovery 0.999 and worst-case recovery 0.782. This is the load-bearing observation of the
paper, and it does not depend on any fragile difference: self-repair does not require explicit damage
supervision. We deliberately do not claim that adding damage during training improves recovery.
A damage-trained creature reached worst-case recovery 0.813, but two separate runs of that same
damage-trained configuration gave worst-case recovery 0.72 and 0.81, so run-to-run variation is
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Figure 1: Regeneration recovery versus damage severity, per shape (one curve per damage operator).
Recovery is recovered IoU divided by pre-damage IoU; severity is the fraction of occupied voxels
removed. The bulky creature and chair degrade gracefully, retaining most recovery even at high
severity, while the thin tree shows a sharp decline and collapses once a large fraction is removed.
The dense torus is omitted because it trains only intermittently (see Limitations).

of order 0.1, larger than the 0.03 gap between the damage-off and damage-on runs (which also
differ in training length, 1500 versus 2500 steps). We therefore read the near-perfect recovery of
the damage-off model, consistent with an attractor interpretation, as evidence that pool-based
persistence training makes the target a state the local dynamics return to after perturbation, and
we leave a matched-length, multi-seed comparison of damage-on against damage-off to future work.

Recovery degrades with severity as a shape-dependent decline. Figure 1 plots regeneration
recovery against damage severity for the three shapes that train reliably, with one curve per damage
operator over nine severities from 0.1 to 0.9. Every shape recovers nearly fully under light damage.
As severity rises, the curves fall, but the shape of the fall differs sharply. The creature and chair
degrade gracefully: averaged over operators, recovery goes from 0.98 and 1.02 at 30% removed to
0.71 and 0.68 at 90% removed, so they still restore most of the shape even when almost all of it
is cut away. The tree shows a steep decline: recovery falls from 0.89 at 30% removed to 0.14 at
90% removed. A thin branching structure regrows well when a small part is missing but cannot
re-establish itself once a large fraction is gone. The damage operators separate within a shape, so
which region is removed matters, not only how much.

Growth fidelity is not regeneration robustness. The tree is the best-growing shape (grown
IoU 0.98) yet has the lowest worst-case recovery (0.54) of the three reliable shapes and by far the
steepest severity decline (Figure 1), while the creature grows least accurately (0.72) but has the best
worst-case recovery (0.72). Accuracy of growth from a seed and robustness of repair after damage
are therefore distinct properties, and a shape can be strong in one and weak in the other.
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6 Discussion

The results are consistent with a simple picture. Pool-based persistence training does not merely
teach the rule to reach the target once; it appears to make the target an attractor of the local
dynamics, so that a damaged state flows back to it. This may explain why regeneration appears even
without damage supervision, and why, in the one shape where we compared, damage supervision
helped mainly the worst case rather than being a precondition for repair. The shape dependence is
consistent with a geometric explanation: a bulky shape presents many alive neighbors from which
the rule can regrow a removed region, whereas a thin structure, once a large section is cut, may
leave too little living tissue and too few informative neighbors to re-establish the missing branches.
The separation between damage operators within a shape is consistent with this, since removing a
protruding limb leaves the core intact while a cut through a thin trunk does not.

7 Limitations

The study is deliberately small in scope. The most important caveat is statistical: every number is
from a single training run per shape with stochastic evaluation, and we do not report error bars.
Where we do have two runs of the same configuration (the damage-trained creature), worst-case
recovery varied by about 0.1, so small differences between single runs should not be over-interpreted,
and multi-seed replication with reported spread is the most important next step. The shapes
are synthetic, hand-authored, low-resolution (323), and occupancy-only, without color or material,
so absolute IoU values should not be compared to high-resolution generation work. Models are
per-shape, so we make no claim about held-out-shape generalization; the held-out axes are unseen
damage seeds and unseen high severities, not shapes and not novel damage types. The thin-versus-
bulky dichotomy rests on one thin shape and two bulky ones, so whether thinness is the governing
variable is a hypothesis rather than a tested law; systematically varying shape thickness is the
single most valuable follow-up experiment. The dense torus trains only intermittently: with a
positive-weight floor it succeeds on some seeds and collapses to the all-dead state on others (three
of four seeds here), so its single-run numbers are an existence result, not a reliable operating point.
The comparison between training with and without damage differs in training length as well as in
the damage setting, so we do not claim a damage-training benefit; a matched-length, multi-seed
ablation is future work. Finally, our baselines are internal ablations of our own recipe rather than
an independent trained 3D-NCA system, and the recovery metric is occupancy IoU, which does not
capture fine surface quality.

8 Availability

All artifacts (code, configurations, and target shapes) are available from the authors on request.
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