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Before deploying autonomous scientists in wet labs,
we need controllable environments that exhibit non-
trivial emergence, allow interventions, and produce
measurable “scientific progress” signals. We intro-
duce PD-NCA AutoLab: a programmable, differen-
tiable neural cellular automata substrate that func-
tions as a self-organizing world for discovery agents.
Agents propose hypotheses, perturb the substrate,
and learn mechanistic world models in a closed loop
while all decisions are logged for audit and repro-
ducibility. We define three benchmark task families—
mechanism recovery, reversal planning, and open-
ended discovery—and present initial experiments
showing that intervention-guided agents outperform
random and feature-based baselines on an NCA sub-
strate with disease-relevant “resilience” objectives.

1. Introduction
Autonomous scientific discovery is bottlenecked

by reliability: agents need to explore without halluci-
nating mechanisms or overfitting sparse evidence [1,
2]. Self-driving laboratory platforms have advanced
rapidly [3, 4, 5], yet deploying untested agents in phys-
ical labs risks costly failures. A practical route to safe
progress is to develop, benchmark, and stress-test sci-
entific agents in differentiable “virtual laboratories”
that still display rich, emergent dynamics [6, 7].
Artificial-life substrates—especially neural cellular

automata (NCA) [8, 9]—offer a unique combination
of open-ended pattern formation, intervention acces-
sibility, and differentiability [10, 11, 12, 13, 14]. World-
model agents [15, 16] can learn NCA dynamics, while
causal-discovery methods [17, 18, 19] can recover the
latent rules governing emergence.
We propose PD-NCA AutoLab as a standardized

testbed where research agents can practice the scien-
tific method: form hypotheses about dynamics, de-
sign perturbations, and build predictive/causal world
models. Our contributions are: (i) a differentiable
NCA substrate with disease-relevant resilience ob-
jectives; (ii) a multi-agent research loop with full au-
dit logging; and (iii) three benchmark task families
with initial experimental results demonstrating that
intervention-guided strategies consistently outper-
form uninformed baselines (Appendix A).

2. PD-NCA AutoLab
2.1 Differentiable NCA substrate
The core environment is a programmable NCA

whose rules can be perturbed, learned, and con-
strained. A grid of cells s𝑡 ∈ R𝐻×𝑊 ×𝐶 evolves via the

update rule

s𝑡+1(𝑥) = s𝑡 (𝑥) + 𝑚𝑡 (𝑥) 𝑓𝜃
(
N(s𝑡 , 𝑥)

)
, (1)

where 𝑓𝜃 is a learned update network (MLP),N(s𝑡 , 𝑥)
aggregates the local neighborhood through Sobel-like
perception filters (identity, horizontal, vertical gra-
dients), and𝑚𝑡 (𝑥) ∼ Bernoulli(𝑝) is a stochastic up-
date mask ensuring asynchronous dynamics [8]. Ob-
servations are multimodal (images, fields, summary
statistics) to mimic microscopy, omics proxies, or
instrument readouts. The substrate is fully differen-
tiable, so gradient-based agents can compute 𝜕s𝑇 /𝜕𝜃
or 𝜕s𝑇 /𝜕s0 for planning.

2.2 Agentic research loop
Amulti-agent “lab team” (hypothesis generator, ex-

perimental designer, critic, and archivist) operates
on the substrate [20, 21]. The team (i) hypothesizes
latent mechanisms, (ii) selects interventions (initially
BOED-style [22], later learned policies), and (iii) up-
dates an internal worldmodel that predicts outcomes
under counterfactual perturbations. All decisions,
observations, and model updates are logged in an im-
mutable audit trace to support reproducibility and
governance evaluation [23, 24].

2.3 Resilience embedding
To connect to neurodegeneration, we encode re-

silience objectives (homeostasis, repair, barrier in-
tegrity proxies) as reward-like signals and define
“reversal” as returning from pathological attractors
to stable healthy regimes under bounded interven-
tions [25, 26, 27].

3. Benchmarks
We define benchmark tasks spanning prediction,

causal discovery, and open-ended exploration (Ta-
ble 1).
Task family A (mechanism recovery): agents must

infer the minimal set of causal rules governing emer-
gent phenotypes under interventions. Task family B
(reversal planning): agents must find small perturba-
tion sets that reliably reverse a pathological regime.
Task family C (open-endedness): agents must drive the
discovery of novel, stable phenotypes while preserv-
ing reproducibility.
Metrics: (i) sample efficiency (uncertainty reduc-

tion per intervention), (ii) generalization to held-out
NCA regimes, (iii) diversity/novelty under constraints,
and (iv) governance scores (replayability, attribution
completeness).
Initial experiments on a 32×32, 4-channelNCA sub-
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Table 1: PD-NCA AutoLab benchmark task families.

Task family Goal + primarymetric

A: Mechanism recovery Infer minimal causal rules; met-
ric: classification accuracy under
interventions

B: Reversal planning Return pathological attractor to
healthy basin; metric: MSE to tar-
get within budget

C: Open-ended discovery Discover novel stable phenotypes
under constraints; metric: diver-
sity/novelty index

Governance Reproduce run from decision
trace; metric: replayability / attri-
bution completeness

Programmable
NCA Substrate

(32x32x4)

Agentic Lab Team
(hypothesize,

design, critique)

Interventions
(perturb cells,
modify rules)

Emergent
Phenotypes

(patterns, stats)

World Model
(causal / predictive)

Audit Log
(decisions, traces)

Benchmarks
A: Recovery
B: Reversal

C: Open-ended

PD-NCA AutoLab: Self-Organizing Substrate + Agentic Research Loop

Fig. 1: PD-NCA AutoLab: a differentiable self-
organizing substrate plus an agentic research
team loop. Agents hypothesize mechanisms,
design interventions, and update world models; all
decisions are audit-logged.

strate (Appendix A) demonstrate that a single active
intervention boosts mechanism-recovery accuracy
from 83.3% (passive features only) to 96.7%, while a
gradient-based reversal strategy reduces MSE to the
healthy target by 8.5% compared to the unperturbed
baseline—outperforming both random perturbations
and a naive max-deviation heuristic that proves es-
sentially ineffective.

3.1 Related work
NCA-based systems demonstrate self-organization

and differentiable emergence [8, 9, 10, 11, 12, 13, 14];
evolutionary and open-ended learning frameworks
explore growing task difficulty [26, 27, 25]; world-
model agents learn environment dynamics [15, 16];
and causal discovery methods recover latent struc-
ture [17, 18, 19]. Self-driving labs have matured in
chemistry andmaterials [3, 4, 1, 5, 6, 7], with growing
attention to LLM-based agents [20, 2, 21] and gover-
nance [23, 24]. Our contribution packages these ideas
into a scientifically oriented “autolab” with standard-
ized experiment APIs, causal evaluation, and gover-
nance artifacts—making it directly useful for AI4X-
style autonomous science.

3.2 Deliverables, metrics, and artifacts
We will release PD-NCA AutoLab as open software

with (a) a library of substrate families, (b) benchmark
suites for causal discovery and reversal interventions,
and (c) audit-trace tooling to support reproducible
agent evaluation.

4. Conclusion
PD-NCA AutoLab provides a controllable, dif-

ferentiable, and auditable environment where au-
tonomous research agents can be developed and
stress-tested before deployment in physical laborato-
ries. By combining NCA-based emergence with struc-
tured benchmarks and governance tooling, it offers a
practical bridge between artificial-life research and
real-world autonomous science. Initial experiments
(Appendix A) validate that the benchmark tasks dis-
criminate meaningfully between agent strategies—
passive observation is insufficient for mechanism
recovery, and dynamics-aware interventions sub-
stantially outperform naive heuristics for reversal
planning—confirming the testbed’s utility for theAI4X
community.
The NCA substrate choice is deliberate: NCAs ex-

hibit emergent, self-organizing dynamics that cap-
ture key properties of real biological systems (home-
ostasis, repair, pattern formation) while remaining
fully differentiable and computationally tractable [8,
9, 10]. This makes them ideal proxies for testing sci-
entific agents before wet-lab deployment, where mis-
takes are costly and irreversible. Unlike grid-worldRL
environments or synthetic optimization benchmarks,
NCAs produce genuinely novel phenotypes through
open-ended evolution [12, 14, 13], creating a realistic
distribution shift for agents to handle. The mappa-
bility to real biological dynamics is not perfect—real
cells have metabolic constraints, stochastic gene ex-
pression, and three-dimensional spatial structure—
but the core challenge of inferring latent rules from
noisy observations under intervention is preserved.
Computational requirements scale with grid res-

olution and update network complexity: the 32×32,
4-channel substrate in Appendix A requires ∼10 ms
per forward pass on a single CPU core (NumPy/SciPy
only), enabling rapid iteration during agent devel-
opment. The benchmark suite is extensible: new
NCA parameterizations (modeling inflammation cas-
cades, wound healing, morphogenesis) can be added
as drop-in modules, and the evaluation framework
(Section 3) handles arbitrary task families by design.
The governance and auditability layer (Section 2.2)

addresses a critical gap in current AI4X platforms: re-
producibility and explainability. Physical self-driving
labs [3, 4, 5, 6, 7] generate vast experimental datasets,
but decision traces are often opaque. This is essen-
tial for debugging agent failures, validating scien-
tific claims, and building trust in autonomous sys-
tems [23, 24].
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Appendix A. NCAPattern Formation andAgent In-
tervention Benchmark

We present initial experiments on a minimal NCA
substrate to validate that the proposed benchmark
tasks (Section 3) are well-posed and discriminate be-
tween agent strategies. All code is self-contained
(NumPy/SciPy/Matplotlib only) and will be released
with the PD-NCA AutoLab package.

1.1 NCA Substrate Implementation
The substrate is a 32×32 grid with 𝐶=4 channels

evolving according to Eq. (1). Perception uses 3×3
Sobel-like filters (identity, horizontal gradient, verti-
cal gradient), mapping𝐶=4 channels to 3𝐶=12 input
features per cell. The update network 𝑓𝜃 is a two-layer
MLP (12→ 32→ 4, ReLU activation) with stochastic
cell update (𝑝=0.5).
We define three ground-truth parameterizations:

• Healthy: weights tuned to produce stable circu-
lar patterns (strong center-surround interaction,
moderate self-decay).

• Pathological: weights producing fragmented,
noisy patterns (high-gain lateral excitation, weak
inhibition).

• Intermediate: weights generating stable striped
patterns (directional anisotropy in horizontal So-
bel channel).

Figure A1 shows representative trajectories for
each regime at 𝑡 ∈ {0, 25, 50} steps.

1.2 Task A: Mechanism Recovery
Agents observeNCA trajectories for𝑇=50 steps and

must classify which rule parameterization generated
the trajectory. We compare three strategies across
varying numbers of interventions (perturbations ap-
plied at 𝑡=25):

• Random guess: uniform random classification
(expected 33.3%).

• Feature-based: classification from hand-crafted
spatial statistics (mean, variance, spatial auto-
correlation) without interventions.

• Intervention-guided: classification using both
passive features and active perturbation re-
sponses (variance of the state delta after inter-
vention).

Figure A2 shows accuracy as a function of the num-
ber of interventions. A single intervention raises ac-
curacy from 83.3% to 96.7%, and two interventions
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Fig. A1: NCA pattern formation under three
ground-truth regimes. Rows: healthy (circular),
pathological (fragmented), intermediate (striped).
Columns: 𝑡=0, 𝑡=25, 𝑡=50.

suffice for 100%. This confirms that active pertur-
bation response carries discriminative information
beyond what passive spatial statistics provide under
observation noise.
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Fig. A2: Task A: mechanism-recovery accuracy vs.
number of interventions. Intervention-guided
agents significantly outperform feature-only and
random baselines.

1.3 Task B: Reversal Planning
Starting from a pathological pattern (after 50 NCA

steps), agents apply bounded perturbations (modi-
fying ≤𝑘% of cells) and measure MSE to the healthy
target pattern after a further 50 steps. We compare:

• Random: perturb randomly selected cells.

• Gradient-approx: perturb cells with largest
finite-difference sensitivity ∥𝜕s𝑇 /𝜕s𝑡 (𝑥)∥.
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• Targeted (max-deviation): perturb cells with
largest squared deviation from the healthy
target—a naive heuristic that ignores dynamics.

Figure A3 showsMSE vs. perturbation budget. The
gradient-approx strategy consistently outperforms
random perturbation (MSE 0.155 vs. 0.164 at 10% bud-
get), while the naive targeted strategy is essentially
ineffective (MSE 0.167, barely improving over the un-
perturbed baseline of 0.167). This demonstrates that
dynamics-aware intervention selection is critical: the
most deviant cells are often precisely those where
the pathological rule regenerates the pattern fastest,
nullifying static corrections.
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Fig. A3: Task B: reversal MSE to healthy target vs.
perturbation budget (% of cells modified). The
gradient-approx strategy consistently outper-
forms random perturbation, while the naive max-
deviation heuristic is ineffective.

Table A1: Summary of benchmark results on the
32×32, 4-channel NCA substrate.

Task / Strategy Metric Result

A / Random guess Accuracy 33.3%
A / Feature-only Accuracy 83.3%
A / Intervention-guided (1 intv.) Accuracy 96.7%
A / Intervention-guided (2 intv.) Accuracy 100.0%

B / No perturbation (baseline) MSE to healthy 0.167
B / Random (10%) MSE to healthy 0.164
B / Gradient-approx (10%) MSE to healthy 0.155
B / Targeted max-dev (10%) MSE to healthy 0.167
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