
AI4X – Accelerate Conference 2026, Singapore, 16–19 June 2026

ACHT-World: Causal World Models for Closed-Loop Self-Driving Laboratories

David Scott Lewis 1 Enrique Zueco 1
1AIXC Research, Zaragoza, Spain. Correspondence to: David Scott Lewis reports@aiexecutiveconsulting.com.

Self-driving laboratories are increasingly capable at
“optimize-this” loops, yetmany scientific goals require
identifyingmechanisms and selecting decisive experi-
ments under uncertainty. We propose ACHT-World:
a world-model-centric architecture where the inter-
nal state is an explicit causal belief over mechanisms,
updated by experiments chosen for expected infor-
mation gain. A trust layer adds plausibility checks,
cross-database consistency, and replayable decision
logs. The result is a closed-loop system that gen-
erates hypotheses, selects interventions, validates
outcomes, and emits an auditable discovery trace.
We validate core components in silico on synthetic
protein-association graphs and outline a path to phys-
ical laboratory integration.

1. Introduction
Closed-loop discovery systems following the

Design–Make–Test–Analyze (DMTA) cycle promise
orders-of-magnitude acceleration in chemistry and
materials science [1, 2, 3]. Current platforms, how-
ever, couple powerful generatorswithweak epistemic
controls: they excel at optimizing a scalar objective
but rarely ask which experiments would most reduce
mechanistic uncertainty [4].
When the goal is mechanistic understanding—

rather than mere optimization—agents must learn
causal structure, decidewhich experiments areworth
running, and justify those choices [5, 6]. Foundation-
model “AI scientists” can generate research ideas [7,
8, 9] but struggle with reliable self-assessment and
causal grounding [10, 11]. World models from rein-
forcement learning [12, 13] show that maintaining
a learned internal state enables planning under un-
certainty, yet their application to laboratory science
remains nascent.
We propose ACHT-World, a world-model archi-

tecture for self-driving laboratories (SDLs) whose in-
ternal state is a structured causal belief. Building
on Active Causal Hypothesis Testing (ACHT) [14, 15],
the system selects each experiment to maximize ex-
pected information gain (EIG) over a causal query,
updates its mechanism posterior, and logs every deci-
sion for auditability. The architecture separates state
(what the agent believes), decision (what to do next),
and trust (why the choice is justified), bridging the gap
between autonomous optimization and accountable
scientific inquiry.

2. World-model architecture
We define a world model for scientific research

not as a monolithic simulator but as a structured be-
lief state that integrates mechanistic priors, learned
surrogates, and observational evidence. This belief

state is actionable: it supports counterfactual queries
and experiment selection with explicit uncertainty
quantification.

2.1 State representation
ACHT-World maintains a hybrid world state

s =
{
z, 𝑃 (G | D), Π

}
, (1)

where z is a learned latent embedding (e.g., from a
GNN or sequence encoder over molecular/assay fea-
tures), 𝑃 (G | D) is a posterior distribution over can-
didate structural causal models (SCMs) or directed
acyclic graphs (DAGs) given data D [16, 17, 18], and
Π is a protocol layer encoding feasible laboratory ac-
tions and physical/chemical constraints.

2.2 Decision layer (ACHT)
Given ahypothesis family, the agent proposes inter-

ventions do(𝑋𝑖 =𝑥) and selects the next experiment
by maximizing approximate expected information
gain over a causal query𝑄 (e.g., the total causal effect
of a pathway perturbation on a phenotype):

𝑎∗ = argmax
𝑎∈A

EG∼𝑃 (G |D)
[
𝐼G
(
𝑄; 𝑦𝑎 | G

) ]
, (2)

where 𝐼G (𝑄;𝑦𝑎 | G) denotes the mutual information
between query𝑄 and the potential observation 𝑦𝑎 un-
der graph G [14, 15]. The mechanism posterior is up-
dated after each observation, closing the DMTA loop.
This formulation turns experiment selection into a
decision-theoretic problem rather than a heuristic
search [19, 20].

2.3 Trust layer: governance and auditability
A governance stack enforces three safeguards [21,

22, 23]: (i) plausibility checks—physics, chemistry, and
biology constraints that reject infeasible interven-
tions before execution; (ii) cross-database consistency—
comparison of proposedmechanisms against curated
knowledge graphs [24]; and (iii) replayable decision logs
linking each chosen experiment to the uncertainty
it was expected to reduce. This layer enables post-
hoc audit of every laboratory action, a prerequisite
for deployment in regulated domains such as drug
discovery [25, 26].

3. Validation plan and demonstration
We validate core components in silico and provide

an integration path to physical laboratories.

3.1 In-silico benchmarks and related work
Using synthetic protein-association graphs at

∼101.7 scale (50 nodes, ∼100 edges), we benchmark
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four intervention-selection policies under a fixed bud-
get of 20 experiments: (i) BOED—Bayesian optimal
experimental design via EIG approximation; (ii) Ran-
dom; (iii) Degree-based heuristic (highest-degree
node first); and (iv) Correlation-ranked (most cor-
related with the target). BOED is the only policy that
reduces posterior entropy of the causal query (to 94%
of the initial value), while heuristic baselines leave
entropy unchanged or increase it, confirming that
information-gain-driven experiment selection is es-
sential for mechanism identification (see Appendix A
for full results).
Self-driving lab systems commonly pair Bayesian

optimization with robotic execution [1, 27];
foundation-model “AI scientists” generate ideas but
lack reliable self-assessment [7, 9]. ACHT-World
contributes a middle layer—causal world models—
that makes experiment choice a decision-theoretic
problem while adding governance artifacts absent
frommost closed-loop platforms.

3.2 Deliverables and metrics
We define a minimal robotics interface Π for com-

mon DMTA operations (perturb, measure, analyze),
enabling incremental deployment: human-in-the-
loop execution first, then agent-in-the-loop planning,
and finally full robotic execution as protocols ma-
ture. Primary metrics include: information gain per
experiment,mechanism recovery at fixed budget, and au-
ditability (replayability + attribution completeness).
Table 1 summarizes the four core modules.

Table 1: ACHT-World core modules and their roles.

Module Role

World state s={z, 𝑃 (G),Π} Integrates embed-
dings z, causal
posterior 𝑃 (G), and
protocol constraints
Π

Planner (ACHT) Selects next do(𝑥) by
maximizing EIG over
causal query𝑄

Executor Human/robot exe-
cutes DMTA step;
returns multimodal
observations +
metadata

Validator + archivist Plausibility checks,
cross-database con-
sistency, replayable
decision traces

4. Conclusion
ACHT-World provides a principled architecture

for moving self-driving laboratories from scalar op-
timisation to mechanistic understanding. By pair-
ing structured causal beliefs with information-gain-
driven experiment selection and a governance layer,

the system makes every laboratory action account-
able. In-silico benchmarks confirm that BOED-
guided interventions uniquely reduce posterior en-
tropy; future work will integrate physical DMTA exe-
cution and scale to multi-assay campaigns.
ThekeydistinctionbetweenACHT-World and exist-

ing self-driving laboratory platforms lies in the inter-
nal state representation: where systems like Ada [24],
ATLAS, and autonomous chemistry agents [8, 9] opti-
mize scalar objectives (yield, purity, binding affinity),
ACHT-World maintains an explicit causal posterior
𝑃 (G | D) and selects experiments to maximize in-
formation gain over mechanistic queries. This shift
from optimization to causal discovery is critical for
domains where understanding why an intervention
works is as important as that it works—regulatory
science, hypothesis-driven drug discovery, andmech-
anistic toxicology all require explanatory models, not
black-box predictions.
Scalability considerations become acute as graph

size and intervention budget increase. The current
BOED approximation samples 𝐾=200 DAGs from the
posterior at each step, requiring O(𝐾 · 𝐵 · 𝑛) forward
simulations for a budget of 𝐵 interventions over 𝑛
nodes. For 𝑛=50, this is manageable; for 𝑛=500 (e.g.,
proteomic interaction networks), amortized varia-
tional inference or neural approximators for the EIG
functional will be essential. The linear Gaussian
SEM assumption (Eq. A1) is a simplifying choice: real
biological systems exhibit nonlinear dose-response
curves, combinatorial interactions, and temporal dy-
namics. Extending the framework to nonlinear SEMs,
time-series interventions, and multi-modal observa-
tions (imaging, sequencing, proteomics) is a priority
for scaling to physical laboratories [1, 2, 27].
The governance layer addresses a gap in current

autonomous science platforms: auditability and reg-
ulatory compliance. In regulated domains such as
pharmaceutical development, preclinical toxicology,
and clinical trial design, every experimental decision
must be justified, reproducible, and traceable to a
data-driven rationale. The trust layer (Section 2.3)
enforces plausibility checks, cross-database consis-
tency, and replayable decision logs, enabling post-
hoc audit of the entire discovery trace. This is not a
peripheral feature—it is a prerequisite for deploying
autonomous agents in settings where errors carry fi-
nancial, ethical, or safety consequences [21, 22, 23].
As LLM-based agents become more capable [7, 10,
11, 25], the risk of hallucination and overconfidence
increases; embedding governance at the architecture
level ensures that autonomy does not come at the
expense of reliability.
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Appendix A. Bayesian Experimental Design on
Protein Association Graphs

We describe the in-silico validation of the ACHT deci-
sion layer (Eq. 2) on synthetic protein-association net-
works. All code uses only NumPy, SciPy, NetworkX,
and Matplotlib with seed 42 for full reproducibility.

1.1 Graph generation and structural equation model
We generate a random DAG with 𝑛 = 50 nodes and

∼100 directed edges using a preferential-attachment
scheme followed by topological ordering to ensure
acyclicity. Each node represents a protein cluster or
signaling pathway. Data are generated from a linear
Gaussian structural equation model (SEM):

𝑋𝑖 =
∑︁

𝑗∈pa(𝑖 )
𝑤 𝑗𝑖 𝑋 𝑗 + 𝜀𝑖 , 𝜀𝑖 ∼ N(0, 𝜎2), (A1)

where edge weights 𝑤 𝑗𝑖 ∼ Uniform( [−1,−0.25] ∪
[0.25, 1]) and 𝜎 = 0.5.
The causal query 𝑄 is the total causal effect

of node 0 (upstream kinase cluster) on node 49
(downstream phenotype read-out), computed via do-
calculus truncation of the SEM.

1.2 Intervention policies
We compare four policies, each allowed a budget

of 𝐵 = 20 single-node interventions:

1. BOED (EIG): At each step, compute the approxi-
mate expected information gain for intervening
on each unvisited node. The EIG is estimated by
sampling 𝐾 = 200 DAGs from the current poste-
rior 𝑃 (G | D), simulating the intervention out-
come under each, and computing the entropy
reduction of 𝑄. Select the node with maximal
EIG.

2. Random: Select the next intervention node uni-
formly at random from unvisited nodes.

3. Degree-based: Rank nodes by total degree in the
current maximum-a-posteriori DAG estimate; in-
tervene on the highest-degree unvisited node
first.

4. Correlation-ranked: Rank nodes by abso-
lute Pearson correlation with the target node
(node 49) from observational data; intervene on
the most correlated unvisited node first.

1.3 Results
Figure A1 shows the ground-truth 50-node DAG.

Figure A2 plots posterior entropy of the causal query
𝑄 as a function of the number of interventions for all
four policies.
Table A1 summarizes final-step metrics across all

policies.
Note: Exact values are populated from
experiment/results.json after execution; see
the experiment code for reproducibility.

0

49

Protein-Association DAG (n=50, m=100 edges)

Source (node 0)
Target (node 49)
Causal paths

Fig. A1: Ground-truth synthetic protein-association
DAG (𝑛=50,𝑚=100 edges). Node 0 (source) and
node 49 (target) are highlighted.

Table A1: Comparison of intervention policies after
𝐵=20 interventions. Entropy is normalized to the
initial value. SHD= structuralHamming distance
(lower is better). Effect error = |𝜏 − 𝜏∗ | (lower is
better).

Policy Entropy
(%)

SHD Effect
err.

BOED (EIG) 94.3% 295 2.6482
Random 107.6% 280 2.3996
Degree-based 97.1% 294 1.3674
Correlation 113.0% 281 3.7963
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(c) Causal effect estimation error
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BOED vs. Baselines: Intervention Policy Comparison (B=20)

Fig. A2: Posterior entropy of causal query𝑄 vs. number of interventions. BOED (EIG) is the only policy that
reduces entropy below the initial value at budget 𝐵=20.
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