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Abstract
Autonomous scientific discovery, particularly
through self-driving laboratories (SDLs) inte-
grated with large language models, has achieved
breakthroughs in materials science, drug design,
and beyond. However, current implementations
exhibit a critical limitation: cognitive parame-
ters remain immutable post-training, motor be-
haviours adhere to pre-programmed sequences,
and experimental optimisation proceeds without
leveraging institutional knowledge. Thus, we pro-
pose a formalised trinity of learnability compris-
ing cognitive design, experimentation optimisa-
tion, and embodied execution, where an evolving
cognitive core serves as the foundation for dis-
covery. This architecture synergises the cognitive
core with adaptive embodied skills to translate
lab-specific variances into robustness while refin-
ing active experimental designs to prune explo-
sive search spaces. This synergy enables SDLs
to foster the emergence of high-efficiency dis-
covery. Taken together, this position paper ar-
gues that autonomous discovery requires learn-
ability through embodied experimentation, not
merely automation sophistication. As a proof of
concept, we developed a bespoke embodied labo-
ratory prototype for the Electro-Fenton task. By
leveraging historical memory and adaptive skills,
our agent navigated a 200-million search space to
achieve 99.7% efficiency in just 15 rounds.

1. Introduction
The automation of closed-loop scientific discovery has been
a persistent ambition of the research community for over
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Figure 1. The evolution of scientific discovery paradigms. The
historical progression from empirical observation to computational
simulation has culminated in the current Fourth Paradigm - Data-
Intensive Science, characterised by high-throughput yet static au-
tomation. We propose the Fifth Paradigm, Continuous Learnability
Science, which transforms the system from a static autonomous
platform into a discovery system with continuous learnability. This
is achieved through the Trinity of Learnability, ensuring synchro-
nised growth in Cognitive reasoning, Experimental optimisation,
and Embodied execution, thereby enabling ontogenetic growth
over the system’s lifetime.

half a century. From early mechanised synthesis (Merrifield,
1965; Merrifield et al., 1966; Zymark Corporation, 1982)
to modern AI-driven platforms (King et al., 2004; 2009;
Williams et al., 2015; Burger et al., 2020; MacLeod et al.,
2020), the goal has remained constant to transcend the phys-
ical and cognitive limitations of the human researcher. This
century-long pursuit has converged into the era of Artifi-
cial Intelligence (AI), which is fundamentally transforming
scientific discovery and catalysing the emergence of AI for
Science (AI4S) as a pivotal research frontier (Jumper et al.,
2021; Yang et al., 2023; Noé et al., 2019). Within this
ecosystem, Self-Driving Laboratories (SDLs) represent the
vanguard of this movement. Unlike purely computational
AI4S approaches (Noé et al., 2019; Merchant et al., 2023;
Yang et al., 2023) that generate predictions from existing
datasets, SDLs embody a closed-loop paradigm that bridges
theoretical modelling and empirical experimental validation.
By actively testing hypotheses through robotic experimenta-
tion in the physical world, SDLs enable an iterative cycle of
hypothesis refinement and autonomous discovery (Burger
et al., 2020).

As illustrated in Figure 1, the evolution of SDLs epito-
mises the Fourth Paradigm of Science (Data-Intensive Sci-
ence) (Hey et al., 2009). Within this paradigm, SDLs have
progressed through three distinct technological eras, each ex-
panding the scope of this closed-loop automation. Early ef-
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forts established foundational principles of systematic exper-
imental design and pioneering automation, primarily serving
as automation tools that executed predefined scripts (Mer-
rifield, 1965; Merrifield et al., 1966; Zymark Corporation,
1982). The integration of advanced AI technologies has
since catalysed a paradigm shift, elevating SDLs from nar-
rowly scoped, protocol-driven platforms toward autonomous
scientific agents (King et al., 2004; 2009; Williams et al.,
2015; Steiner et al., 2019; MacLeod et al., 2020; Burger
et al., 2020; Gupta et al., 2021). Modern platforms, such
as Coscientist (Boiko et al., 2023), Organa (Darvish et al.,
2025a), BioMARS (Zhao et al., 2025) and recent embod-
ied intelligence-driven platforms (Li et al., 2025), leverage
LLMs as reasoning engines to interpret complex instruc-
tions, integrate multimodal sensory data, and autonomously
react to environmental contingencies. This leap has granted
SDLs the ability to navigate the now with unprecedented
sophistication. However, these advances mask a critical
stagnation. While contemporary SDLs have become faster
at executing experiments, they remain trapped in a paradigm
of static cognition. In this state, the laboratory functions not
as an intelligent researcher but as a high-speed execution
engine operating on temporally fixed capabilities.

Building upon this critique, this position paper argues that
the fifth paradigm of scientific discovery requires learn-
ability through embodied experimentation, not merely
automation sophistication. We conceptualise the modern
laboratory through a three-layered framework comprising
cognitive reasoning, embodied execution, and experimental
optimisation, and we contend that the current stagnation in
the field stems from a fundamental absence of learnability
within each of these domains.

Cognitive learnability is essential to transform the labora-
tory from a static logic processor into an evolving strategist
that internalises scientific laws and historical experimental
insights to inform superior decision-making. By refining
its own scientific heuristics over time, the system avoids
remaining a perpetual novice that fails to upgrade its reason-
ing logic despite processing vast amounts of data. Similarly,
embodied learnability must bridge the gap between digital
commands and physical reality by enabling the platform
to achieve robust generalisation across the complex envi-
ronments of real-world laboratory variants. By utilising
environmental feedback to perform dynamic adjustments,
the system can navigate the inherent unpredictability of the
physical world, where the purely scripted automation in-
evitably fails to achieve. Finally, experimental learnability
is required to manage the prohibitive search spaces encoun-
tered in new discovery projects by building a persistent insti-
tutional memory. By internalising meta-knowledge across
disparate campaigns, the laboratory can finally overcome
the inefficiency of historical isolation and move beyond
repetitive brute-force search toward the cumulative exper-

tise necessary for genuine scientific mastery.

By reframing these architectural gaps as a singular failure
of learnability, we propose a transition toward an organism
metaphor where the laboratory is viewed as an evolving
scientific entity. This Trinity of Learnability functions as
the core engine of this evolution, realised through three
synergetic pillars: (i) Cognitive learnability is achieved by
reflecting on memory-based case banks to internalise histor-
ical episodic experience and refine reasoning heuristics for
future inquiries. (ii) Experimental learnability is attained
through sequential Bayesian updates that transform noisy
empirical observations into an evolving belief over vast
hypothesis spaces. (iii) Embodied learnability is attained
by acquiring and refining manipulation skills through rein-
forcement learning and high-fidelity simulation, allowing
the system to compensate for physical noise and expand
the repertoire of executable experiments; Through the co-
evolution of these domains, the laboratory transcends its
role as a static tool to become a unified ASD system capable
of genuine cumulative growth.

To demonstrate the practical viability of this paradigm, we
built a custom SDL specifically designed to instantiate the
principles of systemic learnability. To demonstrate the effi-
cacy of this paradigm, we engineered a custom-built SDL
where the synergy of cognitive, embodied, and experimental
learnability layers enabled the autonomous optimisation of
Electro-Fenton wastewater degradation. Through this inte-
grated loop, the system achieved a final transmittance of
99.7% in just 45 hours, effectively compressing a discovery
process that traditionally requires two researchers and two
sets of equipment over 30 days. This practical validation
underscores the massive efficiency gains of our learnabil-
ity framework can achieve rapid, data-driven mastery in
complex real-world environments.

2. Related Work
Self-driving laboratories, defined as autonomous systems ca-
pable of formulating hypotheses, designing experiments, ex-
ecuting protocols, and iterating without human intervention,
represent a grand challenge at the intersection of artificial
intelligence, robotics, and scientific discovery. Over eight
decades, SDLs have evolved from statistical experimental
design frameworks through specialised robotic platforms to
foundation model-driven systems, progressively expanding
the scope of autonomous experimentation. Yet this evolution
reveals a critical tension: increasing cognitive sophistication
has come at the cost of physical grounding.

This section examines the development trajectory of SDL
to understand both remarkable progress and persistent ar-
chitectural limitations. Section 2.1 provides a historical
perspective from the 1940s through the present, tracing
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Figure 2. The Evolution of Self-Driving Laboratories. This timeline traces the development of autonomous experimentation systems
from initial concepts in the 1940s to foundation model integration in recent years, spanning three eras: Early Era (1940s–2009, bottom)
establishing foundational principles from design of experiments to closed-loop robot scientist; Modern Era (2009–2022, middle)
deploying specialized robotic platforms across scienti�c domains; and LLMs Era (2022–present, top) integrating foundation models for
high-level reasoning.

conceptual foundations and technological milestones. Sec-
tion 2.2 analyses the robotics SDL roadmap (Fig. 2) across
three eras: Early Era (1940s–2009) establishing founda-
tions, Modern Era (2009–2022) deploying purpose-built
platforms, and LLM Era (2022–present) integrating foun-
dation models. Section 2.3 identi�es open challenges that
expose a fundamental paradox—current systems achieve
linguistic reasoning while losing embodied understanding.
This analysis motivates our paradigm shift toward embodied
science agents that unify perception, cognition, and action
within learned frameworks, as detailed in subsequent sec-
tions.

2.1. SDLs: A Historical Perspective

Early automation in laboratories began in the 1940s with
parallel catalyst screening for the Haber-Bosch process
(Topham, 1985). The 1960s saw Merri�eld's automated
peptide synthesiser (Merri�eld, 1965) and growing attention

to lab automation (Krasner, 1967). By the 1970s-1980s,
closed-loop optimisation using simplex algorithms enabled
autonomous tuning of chromatography and reaction condi-
tions (Berridge, 1982; Matsuda et al., 1988), while Isenhour
introduced the “Analytical Director” concept for AI-driven
experiment planning (Isenhour, 1985). The 1990s brought
combinatorial chemistry and high-throughput screening
(Gordon et al., 1994), establishing feedback-driven work-
�ows.

The 2000s marked a resurgence driven by advances in com-
puting, machine learning, and robotics. Micro�uidic reac-
tors demonstrated closed-loop synthesis and optimization
(Krishnadasan et al., 2007; Parrott et al., 2010; Kreutz et al.,
2010; Adamo et al., 2016), while �ow chemistry platforms
(Coley et al., 2019; Christensen et al., 2021; Mehr et al.,
2020) showcased autonomous reaction discovery. Landmark
systems like Adam and Eve (King et al., 2009; Williams
et al., 2015) demonstrated hypothesis-driven experimenta-
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