
rsc.li/materials-horizons

Materials
Horizons

rsc.li/materials-horizons

ISSN 2051-6347

COMMUNICATION
Blaise L. Tardy, Orlando J. Rojas et al. 
Biofabrication of multifunctional nanocellulosic 3D structures: 
a facile and customizable route

Volume 5
Number 3
May 2018
Pages 311-580Materials

Horizons

This is an Accepted Manuscript, which has been through the  
Royal Society of Chemistry peer review process and has been 
accepted for publication.

Accepted Manuscripts are published online shortly after acceptance, 
before technical editing, formatting and proof reading. Using this free 
service, authors can make their results available to the community, in 
citable form, before we publish the edited article. We will replace this 
Accepted Manuscript with the edited and formatted Advance Article as 
soon as it is available.

You can find more information about Accepted Manuscripts in the 
Information for Authors.

Please note that technical editing may introduce minor changes to the 
text and/or graphics, which may alter content. The journal’s standard 
Terms & Conditions and the Ethical guidelines still apply. In no event 
shall the Royal Society of Chemistry be held responsible for any errors 
or omissions in this Accepted Manuscript or any consequences arising 
from the use of any information it contains. 

Accepted Manuscript

View Article Online
View Journal

This article can be cited before page numbers have been issued, to do this please use:  H. Lee, H. J. Yoo,

H. S. Jang, B. Park, Y. J. Park and S. S. Han, Mater. Horiz., 2026, DOI: 10.1039/D5MH01984B.

http://rsc.li/materials-horizons
http://www.rsc.org/Publishing/Journals/guidelines/AuthorGuidelines/JournalPolicy/accepted_manuscripts.asp
http://www.rsc.org/help/termsconditions.asp
http://www.rsc.org/publishing/journals/guidelines/
https://doi.org/10.1039/d5mh01984b
https://pubs.rsc.org/en/journals/journal/MH
http://crossmark.crossref.org/dialog/?doi=10.1039/D5MH01984B&domain=pdf&date_stamp=2026-03-04


Wider Impact

This review synthesizes key developments in self-driving laboratories (SDLs), highlighting the 

emergence of SDLs that integrate modular automation, robotics, Bayesian optimization, AI-

driven computer vision, large language models, and laboratory operating systems to enable 

fully autonomous, closed-loop experimentation. These advances have demonstrated substantial 

gains in efficiency, reproducibility, and safety across chemistry and materials science, 

establishing SDLs as a transformative research paradigm. The broader significance of this field 

lies in its ability to democratize access to advanced experimental capabilities through 

interoperable and cloud-connected platforms, enabling global collaboration and accelerating 

discovery beyond the limits of traditional, human-centered experimentation. Looking forward, 

the field is poised to transition toward SDL 2.0—intelligent, interoperable, and collaborative 

ecosystems that seamlessly integrate synthesis, characterization, and theory across laboratories. 

The conceptual framework articulated in this review provides a roadmap for this evolution, 

guiding the development of generalizable and orchestrated SDL platforms that will reshape 

materials science and chemistry by fostering human-AI collaboration, accelerating knowledge 

generation, and enabling globally networked, data-driven discovery.
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No primary research results, software or code have been included and no new data were 
generated or analyzed as part of this review. Data for this review article are presented in the 
cited papers mentioned in the figures and texts.
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Abstract

The convergence of laboratory automation, artificial intelligence (AI), and data-driven science 

has catalyzed the emergence of self-driving laboratories (SDLs), autonomous platforms 

capable of designing, executing, and analyzing experiments with minimal human input. While 

early SDLs (SDL 1.0) demonstrated the feasibility of closed-loop discovery, their impact has 

been constrained by limited scope, poor interoperability, and reliance on human-curated 

heuristics. This review outlines the vision of SDL 2.0: a new generation of flexible, scalable, 

and collaborative discovery engines for chemistry and materials science. We discuss recent 

advances in modular hardware design, AI-driven decision-making including Bayesian 

optimization, computer vision, and large language models, and orchestration software that 

integrate scheduling, data management, and safety protocols. Building on these foundations, 

we propose six defining characteristics for SDL 2.0: interoperable, collaborative, 

generalizable, orchestrated, safe, and creative. Together, these features establish SDLs as 

globally networked platforms, enabling reproducible experimentation, accelerated innovation, 

and democratized access to advanced research infrastructure. By embedding modularity, AI 

reasoning, and community-driven standards into their core, SDLs 2.0 promise to transform not 

only how experiments are conducted, but also who can participate in and benefit from the 

accelerating pace of scientific discovery.
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Wider impact

This review synthesizes key developments in self-driving laboratories (SDLs), highlighting the 

emergence of SDLs that integrate modular automation, robotics, Bayesian optimization, AI-

driven computer vision, large language models, and laboratory operating systems to enable 

fully autonomous, closed-loop experimentation. These advances have demonstrated substantial 

gains in efficiency, reproducibility, and safety across chemistry and materials science, 

establishing SDLs as a transformative research paradigm. The broader significance of this field 

lies in its ability to democratize access to advanced experimental capabilities through 

interoperable and cloud-connected platforms, enabling global collaboration and accelerating 

discovery beyond the limits of traditional, human-centered experimentation. Looking forward, 

the field is poised to transition toward SDL 2.0—intelligent, interoperable, and collaborative 

ecosystems that seamlessly integrate synthesis, characterization, and theory across laboratories. 

The conceptual framework articulated in this review provides a roadmap for this evolution, 

guiding the development of generalizable and orchestrated SDL platforms that will reshape 

materials science and chemistry by fostering human-AI collaboration, accelerating knowledge 

generation, and enabling globally networked, data-driven discovery.
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1. Introduction

The pursuit of new chemical compounds and functional materials has historically been 

constrained by the inherently slow and resource-intensive nature of traditional 

experimentation1, 2. Conventional laboratory research relies heavily on iterative cycles of 

human intuition, hypothesis-driven experimentation, and trial-and-error optimization. While 

this paradigm has enabled major scientific and technological breakthrough, the pace of 

discovery has often lagged behind the rapidly growing demand for advanced materials and 

sustainable chemical processes. Accelerating discovery requires a fundamental transformation 

of how laboratories operate. In response, the integration of laboratory automation, data science, 

and artificial intelligence (AI) has given rise to the innovative concept of the self-driving 

laboratory (SDL)3-28. By coupling robotic experiments with intelligent decision-making 

algorithms, SDLs are envisioned as autonomous platforms that can design, execute, and 

analyze experiments with minimal human intervention. Early exemplars demonstrated that the 

feasibility of closed-loop experimentation in various fields from organic synthesis to thin-film 

deposition and catalysis3-7, 10. These systems showed the potential to reduce the experimental 

search space dramatically, optimize material properties, and uncover unexpected phenomena 

that may elude traditional approaches. However, these first-generation SDLs—what we may 

term self-driving laboratory 1.0—remain limited in scope. They often operate within narrow 

experimental domains, rely on handcrafted features or human-curated heuristics, and lack the 

interoperability needed to generalize across diverse chemical and materials systems.

An SDL is typically composed of three key elements: automated instruments (Automated 

Hardware), AI9-18, 29-33, and an orchestration software (OS)34-39 that orchestrates and manages 

them. AI is responsible for hypothesis generation and experimental design, automation 
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executes these tasks with precision, and the OS coordinates the entire process while 

accumulating and managing data. Crucially, these components should not operate 

independently but rather function as a unified system that creates synergy and accelerates 

scientific discovery. To achieve this vision, SDLs must systematically advance along three 

interdependent axes: the number of experiments per unit time (𝐧𝒆𝒙𝒑)40, the information gained 

per experiment (I)40, and the efficiency of converting data into scientific knowledge (η)40. 

Maximizing 𝐧𝒆𝒙𝒑 requires not only high-throughput hardware but also OS-level resource 

management strategies such as optimizing robotic arm trajectories, coordinating parallel tasks, 

and minimizes idle time between experiments. Enhancing I depends on systematic collection, 

standardization, and FAIR-compliant management41-43 of diverse data streams, enabling 

multimodal AI analysis, noise reduction, and feature extraction. Improving η necessitates 

advanced AI techniques—including Bayesian optimization9, 15, 20, 29, 30, 33, reinforcement 

learning18, 44, 45, and foundation models—that establish self-improving loops through iterative 

cycles of experimentation and feedback.

Although 𝐧𝒆𝒙𝒑, 𝐈, and η may appear to be independent metrics, in practice they are tightly 

interconnected. Improvements in hardware throughput enable richer datasets, which in turn 

support more efficient AI-driven decision-making. Conversely, intelligent data management 

and AI strategies maximize hardware utilization and further increase experimental efficiency. 

Considering these three elements in an integrated manner is therefore essential not only for 

optimizing individual laboratories but also for building distributed SDL networks. These 

principles mark the transition towards what we describe as self-driving laboratory 2.0. Unlike 

their predecessors, SDL 2.0 platforms aspire to function as flexible discovery engines capable 

of transitioning between different classes of chemical reactions, material systems, and 

experimental modalities with minimal reconfiguration. They harness modular hardware, 

Page 7 of 79 Materials Horizons

M
at

er
ia

ls
H

or
iz

on
s

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/5

/2
02

6 
11

:0
1:

12
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
DOI: 10.1039/D5MH01984B

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5mh01984b


6

advanced AI reasoning, and interoperable systems to create scalable infrastructures that bridges 

computation, automation, and theory. 

In this review, we will discuss (i) modularization strategies for hardware design, (ii) computer 

vision as both a decision-making aid and the eyes of robotic systems, (iii) large language 

models (LLMs) as cognitive partners for AI-driven reasoning, and (iv) orchestration software 

that orchestrate hardware and AI while handling scheduling and data management. Finally, the 

Perspective section will address how these technologies can be optimized in an integrated 

fashion and outline the future directions for SDL 2.0.
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2. Modular Hardware Strategies for SDLs: Balancing Flexibility 

and Functionality

Figure 1. (a–d) Unit-based compact systems where modular components are integrated into a 

single compact platform for automated synthesis and analysis. (a) Reproduced from Ref. [18]. 

Copyright 2023, The Authors. (b) Reproduced with permission. Ref. [5] Copyright 2020, 

American Association for the Advancement of Science. (c) Reproduced with permission. Ref. 

[6] Copyright 2019, American Association for the Advancement of Science. (d) Reproduced 

with permission. Ref. [4] Copyright 2019, American Association for the Advancement of 

Science. (e–h) Station-based distributed systems, where independent robotic stations are 

interconnected via mobile robots or conveyor systems. (e) Reproduced with permission. Ref. 

[24] Copyright 2020, Springer Nature. (f) Reproduced from Ref. [27]. Copyright 2023, 

Springer Nature. (g) Reproduced from Ref. [46]. Copyright 2024, Wiley-VCH. (h) Reproduced 

with permission. [47] Copyright 2025, Springer Nature.

Selecting an appropriate hardware development strategy is a fundamental step in designing an 

SDL. The chosen approach can differ substantially depending on research objectives, budget 

constraints, and the targeted degree of automation48-51. Nevertheless, the central question is 

whether the hardware design can achieve both operational efficiency and long-term 
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sustainability, which in turn requires a modular architecture48. Rather than merely assembling 

individual instruments, SDL hardware must form an organically interconnected structure that 

is adaptable to evolving experimental demands and scalable with technological progress. In 

this context, modularity becomes a defining principle of SDL design.

The core challenge, however, is to balance functionality with flexibility51. A robust 

modularization strategy enables this balance by treating each experimental component as an 

independent, interchangeable unit. For example, robotic arms, sample-handling devices, and 

analytical instruments can all function as discrete modules that may be added, replaced, or 

upgraded with minimal disruption. Crucially, an interoperable environment that integrates such 

modules seamlessly allows the SDL to maximize its technological potential. Modularity should 

therefore be understood not only at the device level, but as a system-wide design philosophy 

that underpins both performance and sustainability. To ensure practical functionality, modular 

hardware must meet four key attributes, collectively described by the RAST framework: 

Reusability (the ability to repeatedly utilize hardware), Adaptability (responsiveness to 

evolving research needs), Scalability (the ease of expanding functions or incorporating new 

experimental types), and Tunability (the precision to control experimental parameters). Only 

when these attributes are realized does modularity evolve from a conceptual guideline to the 

operational foundation of SDL hardware.

The specific way in which modularity is defined and implemented strongly influences an 

SDL’s flexibility, scalability and adaptability. Broadly, two primary strategies can be 

distinguished: unit-based compact systems4-8, 10, 12, 13, 18, 22, 28, 52 and station-based distributed 

systems19, 24, 27, 46, 47, 53. In unit-based compact systems such as AlphaFlow18, Chemputer6, and 

Ada5, 10, modules generally refer to internal components (e.g., pumps, valves, or heating units) 
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9

designed for straightforward replacement. By contrast, in station-based platforms such as A-

Lab27 or MARK20, 36, 46, a “module” typically denotes an entire equipment station dedicated to 

a specific task. Here, robotic systems transport samples between stations, enabling modularity 

at the workflow level. In summary, unit-based systems excel in ease of control and component 

replaceability but face scalability challenges when experimental instruments must be integrated. 

Station-based systems, meanwhile, offer greater workflow flexibility and scalability but require 

sophisticated software coordination, standardized communication protocols, and precise 

robotic control to maintain reliability54, 55.
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2.1 Unit-based Modular Systems

A unit-based modular system4-8, 10, 12, 13, 18, 22, 28, 52 integrates core laboratory functions—such 

as sample injection, reaction, analysis, and cleaning—into compact modular units within a 

single device (Fig. 1a-d). Direct connectivity between modules minimizes the need for robotic 

arms, streamlining both installation and operation. These systems are especially well-suited for 

specialized domains such as flow chemistry, thin-film fabrication, and polymer studies. Their 

key strengths lie in the integration of core functions and reconfigurability through standardized 

interfaces, which allow modules (e.g., photoreactors, chillers, or online analyzers) to be easily 

added, exchanged, or combined. This reconfigurability supports rapid prototyping, lowers the 

entry barriers to automation, and enhances flexibility at the laboratory scale. 

For instance, AlphaFlow18 integrates modular units for reagent injection, reaction, cleaning, 

measurement, and separation into a microfluidic-based platform (Fig. 1a). Similarly, Coley et 

al.6 developed a robotic-arm-based flow platform that incorporates reagent reservoirs, pumps, 

automated valve blocks, interchangeable reactor cartridges, cleaning loops, and robotic 

transport (Fig. 1b). The Ada platform5, optimized for thin-film synthesis, integrates a spin-

coater, plate heater, and analytical tools around a robotic handler to achieve high precision (Fig. 

1c). Rooney et al.56 also developed a unit-based system for adhesive research. 

Despite these advantages, unit-based systems are usually tailored to specific applications, 

which limits their general interoperability, scalability in physical space, and adaptability to 

diverse experimental workflows. Nevertheless, they remain highly powerful hardware 

strategies in environments where reproducibility and rapid iteration are critical, serving as 

foundational entry points into laboratory automation.
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2.2 Station-based Distributed Systems

Station-based distributed systems19, 24, 27, 46, 47, 53 distributed key experimental functions—such 

as synthesis, pretreatment, and analysis—across multiple specialized stations (Fig. 1e-h). Each 

station operates independently as a module, while robotic handlers (e.g., robotic arms or mobile 

robots) transport samples between them. Although stations are physically separate, integrated 

software coordinates workflow to ensure automation operates as a coherent whole. This 

architecture is particularly advantageous for complex experimental pipelines that require 

diverse processing and analytical instruments, such as solid-state synthesis27, nanoparticle 

catalyst development46, and biotechnology research47.

The strength of distributed platforms lies in their scalability and adaptability. New instruments 

can be readily integrated, and existing workflows can be expanded or parallelized to increase 

throughput. Robotic handlers provide additional versatility by accommodating diverse 

equipment layouts and experimental conditions. Examples include the platform developed by 

Szymanski et al.27 (Fig. 1f), which automates solid-state synthesis by linking independent 

modules such as an automated dispenser, a tube furnace, and an x-ray diffractometer. Burger 

et al.24 (Fig. 1e) designed a rack-based platform where a robotic arm sequentially execute 

dispensing, reactions, analysis. The MARK system (Fig. 1g.)46, developed by KIST, combines 

nanoparticle synthesis, preprocessing, and an electrochemical measurement stations connected 

by a mobile robot to achieve both throughput and flexibility. Fushimi et al.47 (Fig. 1h) created 

a biotechnology-oriented SDL, where modules for cultivation, pretreatment, and analysis are 

mounted on movable carts, allowing spatial reconfiguration as needed. 

In short, station-based distributed systems excel at handling complex workflows and scaling 

with new equipment, but they demand advanced robotics, robust error-handling, and integrated 
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software infrastructures48, 57. These requirements raise both technical complexity and cost, 

which can limit accessibility.
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3. Recent Advances in AI for SDLs

AI has rapidly become the central driving force behind the development of SDLs. Unlike 

traditional automation systems, which primarily emphasize high-throughput experimentation, 

AI enables SDLs to strategically design experiments, dynamically control complex processes, 

and interpret outcomes to generate new knowledge. In this sense, AI functions not only as the 

operational engine but also a cognitive partner in autonomous scientific discovery. Broadly, its 

role can be understood across three complementary domains: experimental design AI, vision 

AI, and language AI. 

First, machine learning, deep learning, and reinforcement learning have emerged as key enabler 

in materials science and chemistry, driving accelerated discovery and optimization of material 

properties1, 2, 7, 9, 18, 19, 21, 25, 29, 32, 44-49, 52, 53, 56, 58-61 Among these, Bayesian optimization 5,12, 20, 29, 

30, 33, 52, 56, 61-63 has gained particular prominence as a strategy for efficiently identifying optimal 

compositions and discovering materials with targeted functionalities. Second, computer 

vision64-73 systems provide SDLs with real-time situational awareness. By monitoring and 

quantifying experimental conditions, vision-based AI ensures that robotic platforms can 

execute precise manipulations and safely operate in dynamic, unpredictable laboratory 

environments. Third, large language models (LLMs)60, 74-80 are beginning to serve as cognitive 

interfaces between humans and machines. By translating natural language into experimental 

actions, generating hypotheses, and facilitating interdisciplinary collaboration, LLMs position 

themselves as essential partners for scientific reasoning and communicating within SDLs. 

Taken together, these three AI paradigms transform SDLs from rigid, pre-programmed 

automation pipelines into adaptive, reasoning-driven scientific agents. The following sections 

highlight recent advances and representative applications in each domain.
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3.1 Expanding the Frontiers of Autonomous Discovery: Recent Advances in 

Bayesian Frameworks 

The core of SDLs lies not only in automated hardware but also in algorithms that guide 

experimental decision-making3-10, 12, 13, 81. A range of approaches has been proposed—such as 

evolutionary algorithms82, particle swarm optimization83, genetic algorithms84, and 

reinforcement learning85—but Bayesian optimization (BO)33 has emerged as the most widely 

adopted.. BO has gained attention because it can identify optimal conditions for maximizing 

target properties within vast design spaces while requiring relatively few experiments20, 24, 86-

88. Numerous studies have demonstrated the ability of Bayesian optimization to efficiently 

explore high-dimensional parameter spaces9, 89-95. The principle of BO lies in approximating 

the experimental space with a probabilistic surrogate model, then using an acquisition function 

to determine the next experiment96. In chemistry and materials science, however, experimental 

search spaces are often constrained by chemical feasibility, synthesis limitations, or 

measurement costs97, 98. This making it necessary to adapt BO frameworks so that surrogate 

models not only predict outcomes but also embed domain knowledge, thereby reducing wasted 

efforts and steering the search toward viable solutions99-103.

A comprehensive overview of BO methodologies and applications in chemical and materials 

research has been provided by Aspuru-Guzik and colleagues in their recent Chemical Reviews 

article48. Building on this foundation, the present review emphasizes how BO is being 

integrated into the SDL paradigm and how it has evolved in recent years. Recent advances 

focus on several directions: efficiently navigating high-dimensional design spaces9, 89-94, 

employing multi-objective optimization10, 104-106 to balance competing experimental goals, and 

extending beyond parameter optimization to include procedural aspects of experimental 
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protocols (i.e., process constraints)97, 29. These developments are particularly important for the 

complexity of real-world chemical and materials workflows9, 20, 24, 90-93. Thus, this review 

discusses extending BO frameworks that have been proposed to address such requirements in 

the 3.1.1 section. Moreover, purely statistical BO approaches are often insufficient in chemistry 

and materials sciences62, 95, 107. To enhance both efficiency and scientific validity, there is a 

growing emphasis on domain-informed BO, which integrates chemical and physical principles 

directly into the optimization framework,99-103, 107-111 which is discussed in detail in the 3.1.2 

section. 
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3.1.1 Extending the BO framework to complex problems

Figure 2. Representative extensions of BO frameworks. (a) EGBO combining evolutionary 

search with multi-objective BO. Reproduced with permission. Ref. [112] Copyright 2024, 

Springer Nature. (b) NanoChef enabling simultaneous optimization over categorical and 

continuous variables for nanoparticle synthesis. Reproduced with permission from the authors. 

Ref. [113] (c) BORA coupling BO with LLM reasoning to escape local minima. Reproduced 

with permission from the authors. Ref. [114].

Beyond its fundamental formulation, recent advances in BO have shifted toward expanding the 
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framework itself to accommodate more complex and realistic problem settings112-115. These 

extensions do not merely refine BO’s accuracy within its traditional scope but instead broadens 

the spectrum of optimization tasks it can address61, 116, 117. While classical BO was largely 

confined to single-objective optimization over continuous variables, recent approaches now 

handle multi-objective problems, categorical and ordinal variables, and optimization under 

practical constraints. Such developments significantly expand the applicability of BO across 

scientific and engineering domains. 

For instance, Low et al.112 introduced the EGBO (Evolution-Guided Bayesian Optimization) 

framework, which combines evolutionary algorithms with multi-objective BO (q-NEHVI) to 

efficiently identify Pareto fronts while avoiding infeasible regions (Fig. 2a). 

Scientific discovery in materials science typically requires the simultaneous optimization of 

continuous process parameters (e.g., temperature) and categorical variables (e.g., the selection 

of solvents, catalysts, or synthesis sequences), which cannot be targeted efficiently with 

standard continuous methods. To address this challenge, Häse et al. developed GRYFFIN115, 

which extends Bayesian optimization (BO) to categorical variables by leveraging 

physicochemical descriptors to define inter-category similarity. This descriptor-based 

approach enables the robust and efficient optimization of mixed continuous–categorical spaces. 

Similarly, addressing the complexity of synthesis sequences in nanoparticle discovery, Yoo et 

al. developed NanoChef113 (Fig. 2b). This method extends BO to categorical variables—

specifically reagent injection orders—by embedding sequential information using positional 

encoding and capturing chemical semantics through MatBERT118, thereby enabling the 

simultaneous optimization of synthesis protocols and continuous parameters. At the same time, 

efforts have been made to render the BO process itself more adaptive and intelligent. Mottafegh 

et al.61 introduced a meta-optimization strategy in which multiple surrogate models are run in 
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parallel, with the best-performing model selected in real time to guide experiments. Regarding 

adaptive representations, while the dynamic formulation of GRYFFIN allows for the 

refinement of descriptor weights to capture relevant trends, Rajabi-Kochi et al. proposed 

FABO117 (Feature Adaptive Bayesian Optimization). Distinct from the reweighting approach, 

FABO dynamically selects explicit feature subsets at each iteration to mitigate the curse of 

dimensionality, particularly in data-scarce regimes.

Furthermore, Cissé et al.114 developed BORA (Fig. 2c), a hybrid framework in which a LLM 

intervenes when BO becomes trapped in a local minimum. By analyzing accumulated data and 

generating new hypotheses, the LLM augments the mathematical efficiency of BO with 

broader reasoning capacities—offering a powerful step toward cognitively enhanced 

optimization.
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3.1.2. Domain-Informed BO in Chemistry and Materials Science

Figure 3. Representative examples of domain-informed Bayesian optimization. (a) Workflow 

of the PAL 2.0 framework, where physical descriptors are selected via XGBoost, used to 

construct a physics-based prior mean through a neural network, and incorporated into a 

Gaussian process surrogate for Bayesian optimization. The right panel compares predictive 

accuracy (MSE loss) of the GP-NN prior model against a standard zero-mean GP, showing 

superior performance of the physics-informed surrogate with limited training data. Reproduced 

from Ref. [111] with permission from the Royal Society of Chemistry. (b) Comparison of 

standard BO and chemically informed BO (ChIDDO) for electrochemical models of increasing 

dimensionality (2D, 3D, and 4D). In all cases, ChIDDO achieves faster convergence and lower 

error, highlighting the efficiency gains from embedding chemical and physical knowledge into 

the optimization framework. Reproduced from Ref. [103] with permission from the Royal 

Society of Chemistry.

BO relies on probabilistic modeling and has demonstrated potential in chemistry and materials 
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science62, 86, 95. However, when applied in a purely data-driven manner, its dependence on 

statistical correlations introduces inherent limitations. For example, in alloy composition 

optimization problems, where variables (𝑥1,𝑥2,𝑥3,…,𝑥𝑛) are treated independently, BO may 

generate infeasible compositions during global exploration. Such suggestions reduce physical 

consistency, leading to inefficiencies in both sampling and the balance between exploration 

and exploitation. To overcome these challenges, domain-informed BO integrates physical and 

chemical knowledge into the probabilistic framework, steering the search toward valid 

candidates and enabling more efficient experimental design99-103, 107-111.

Several strategies have been developed to achieve this integration. The first involves 

incorporation of prior models that embed physical or chemical knowledge into the surrogate 

model103, 111. For instance, in Ni-Ti alloy optimization, a thermodynamic phase transformation 

model was used as the GP prior mean to enhance the physical realism of property predictions.100 

In Fig. 3a, PAL 2.0111 employed physics-informed descriptors selected by XGBoost119, trained 

a neural-network surrogate on them, and embedded the result into the GP prior mean, thereby 

achieving stable optimization even with limited data. Similarly, the ChIDDO framework (Fig. 

3b) 103 combined kinetic rate laws and physics-based models with data-driven surrogates to 

improve sampling efficiency. 

The second approach focuses on encoding physical structure into the kernel function or 

embedding knowledge of the material/chemical search space99-102, 107, 120. Conformational 

BO107 provides a representative example, where the torsional potential energy surface of 

molecules was explicitly integrated into a potential-informed kernel combined with a periodic 

kernel. This allowed exploration of molecular rotational degrees of freedom in a physically 

consistent manner.
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A third approach is multi-fidelity BO (MFBO), which integrates data of varying fidelity17, 101, 

108, 121, 122. Physics-aware MFBO, for instance, introduces a physics-based bias into the multi-

fidelity acquisition function, enabling searches guided not only by fidelity correlations but also 

by explicit physical knowledge.101 Building on this concept, Sabanza-Gil et al.108 

systematically tested synthetic and real chemical/material systems, identifying both success 

and failure modes of MFBO. Their work established practical guidelines, showing that MFBO 

is effective only when the low-fidelity source is both inexpensive (𝜌 < 0.1) and highly 

informative (𝑅2 > 0.8).

The fourth approach incorporates constraints and gray-box modeling to explicitly enforce 

feasibility and physical laws99, 109, 123. In process simulations, for example, surrogate models 

augmented with mass and energy balances preserved physical consistency.109 Similarly, 

DKIBO99 applied acquisition function corrections to embed domain constraints, suppress 

unnecessary exploration, and improve optimization efficiency.

Finally, physically meaningful descriptors represent an important means of embedding domain 

knowledge102, 115. In optimizing high-entropy alloy nanozymes, descriptors derived from 

density functional theory and molecular dynamics—such as Gibbs free energy changes (ΔG) 

and d-band centers—were integrated into the surrogate model.102 By anchoring the search on 

physics-based features, this strategy moved beyond statistical correlations and enabled 

optimization guided by chemical and physical insight. Notably, this study also demonstrated 

the fusion of computational data with experimental data generated by a SDL, highlighting the 

potential of integrated simulation-experiment workflows to accelerate computational–

experimental co-discovery.
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3.2 Vision AI-Assisted Experiment Execution

In SDLs, the role of AI extends beyond experimental design to ensuring the reliable and safe 

execution of experiments48, 124. Chemical processes often take place in dynamically changing 

environments, where unpredictable changes—such as phase separation, fluctuations in liquid 

levels, or accidental spillage—pose significant challenges for robotic systems relying solely on 

motion planning. To overcome these challenges, computer vision has emerged as a key 

enabling technology. By emulating human visual cognition, vision systems provide real-time 

situational awareness and enable adaptive responses to evolving experimental conditions64-73. 

Specifically, computer vision serves three complementary functions within SDLs: (1) 

monitoring and quantitative analysis of experimental progress, (2) safety assurance through 

anomaly detection and hazard prevention, and (3) robotic assistance for complex manipulations 

requiring high precision and adaptability.
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3.2.1 Applications of Computer Vision for Experimental Monitoring and 

Analysis

In automating chemical and materials experiments, computer vision serves as a powerful tool 

for monitoring and quantitatively analyzing experimental progress66, 72, 125-130. Traditionally, 

researchers relied on subjective visual cues—such as color change, turbidity, bubble formation, 

or precipitation—to infer reaction dynamics. Computer vision replaces this manual observation 

with a “digital eye” capable of extracting quantitative information that would otherwise require 

specialized analytical instruments such as turbidimeters, optical microscopes, or fluorescence 

spectrometers131, 132. By leveraging high-resolution imaging133 and advanced image-processing 

algorithms134, vision-based systems can quantify changes in color, transparency, and 

precipitate formation, thereby reducing dependence on specialized instrumentation and 

establishing a scalable, cost-effective monitoring framework.
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Figure 4. (a) Real-time monitoring of solvent exchange distillation using webcam-based setup 

for reaction slurry, enabling automated dosing upon threshold detection. Reproduced from Ref. 

[66] with permission from the Royal Society of Chemistry. (b) Parallel monitoring of 

sedimentation experiments through multi-region Kineticolor analysis, allowing simultaneous 

evaluation of multiple samples. Reproduced from Ref. [72] with permission from Wiley-VCH. 

(c) High-throughput robotic colorimetric titration workflow for H ₂ O ₂  determination, 

integrating automated plate handling, image segmentation, and fitting analysis. Reproduced 

from Ref. [73] with permission from the Royal Society of Chemistry.
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Representative applications highlight the breadth of this approach. HeinSight66 detects liquid–

liquid phase separation, interfacial boundaries, and turbidity in real time to autonomously 

regulate extraction and purification workflows. Unlike simple edge-detection methods, 

HeinSight reliably identified aqueous–organic phase boundaries under diverse conditions (Fig. 

4a), while also monitoring homogeneity, solid formation, and residual impurities enhancing 

the efficiency of automated separation and purification workflows. Kineticolor72, developed by 

Barrington et al. (Fig. 4b), tracks reaction progress by quantifying color changes in the CIE–

L*a*b* color space, enabling the simultaneous monitoring of multiple reactions from a single 

video feed. This represents a shift from the conventional “one-video-one-reaction” paradigm 

toward scalable, multiplexed visual analytics. Similarly, Li et al.73 integrated computer vision 

into a high-throughput robotic colorimetric titration platform, combining an open-source 

liquid-handling robot (OT-2) with vision-based image analysis (Fig. 4c). By continuously 

recording subtle color transitions to automate tasks such as pH measurement, complexometric 

titrations, and redox titrations (Fig. 4c). In this system, image capture was employed to 

continuously record the subtle color transitions such as the faint pink endpoint in KMnO₄ 

titrations and converting them into reproducible numerical values through segmentation and 

CIELab color analysis, the system automated titrations spanning acid-base, redox, and 

complexometric chemistries. 

Despite these advances, vision-based monitoring is not without limitations. Accuracy can be 

sensitive to lightning conditions, sample opacity, and variations across camera hardware73. 

Overcoming these challenges requires the development of standardized datasets, careful 

control of imaging environments, and improved algorithms capable of robust performance 

under diverse experimental conditions. Looking forward, the establishment of community 

standards for imaging device parameters and experimental protocols will be crucial to ensure 
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reproducibility, comparability, and scalability of computer vision in SDLs.
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3.2.2 Computer Vision for Safety in SDLs

Figure 5. Computer vision approaches for safety in SDLs. (a) Multi-view perception of 

transparent and opaque objects using MVTrans, an end-to-end multi-task perception network 

that predicts segmentation masks, depth maps, poses, and 3D bounding boxes. Reproduced 

from Ref. [69] with permission from the authors. arXiv 2302.11683. (b) Machine vision-based 

detection of transparent chemical vessels to ensure safe vial positioning during automated 

synthesis, comparing multiple detection models across success and failure cases. Reproduced 

from Ref. [135] with permission from Springer Nature. (c) Real-time AI-driven quality control 

for the OT-2 liquid handling robot, enabling detection of missing pipette tips and assessment 

of liquid presence under diverse laboratory conditions. Reproduced from Ref. [136] with 

permission from Springer Nature. (d) Recognition of materials and vessels in chemistry lab 

settings using segmentation approaches. Reproduced from Ref. [65] with permission from the 

American Chemical Society.

Computer vision can serve as a critical component of laboratory safety in SDLs,124 particularly 

in unmanned experimental environments where potential hazards such as gas leaks, 
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contamination, and explosions must be carefully managed69, 135-137. While sensor-based safety 

systems are already indispensable, vision-assisted monitoring provides an additional layer of 

protection by enabling the early detection and prevention of accidents. Examples include 

solution ejection during the handling of strong reducing agents (e.g., NaBH₄), or liquid spills 

caused by robotic manipulation errors involving glassware such as vials, Falcon tubes, flasks. 

To address these challenges, vision technologies tailored to the unique characteristics of 

chemical experiments are increasingly being developed.

A key difficulty arises from the widespread use of transparent vessels in laboratory practice. 

To overcome this, Wang et al.69 proposed the MVTrans architecture, an end-to-end multi-view 

framework incorporating depth estimation, segmentation, and pose estimation for transparent 

object recognition (Fig 5a). By enabling real-time detection of overturned glassware, MVTrans 

allows robotic systems to take immediate corrective actions and prevent secondary accidents. 

Similarly, Tiong et al.135 developed a DenseSSD-based transparent object detection model 

capable of tracking vessels in real time and issuing immediate alerts upon detecting anomalies 

(Fig. 5b).

Beyond glassware monitoring, computer vision has also been applied to improve the safety of 

automated liquid handling. Khan et al.136 integrated a YOLOv8-based vision system with the 

Opentrons OT-2 robot to detect missing pipette tips and incorrect liquid levels, enabling real-

time feedback, task interruption, and reattempts (Fig. 5c). While primarily aimed at enhancing 

automation reliability, such mechanisms also mitigate risks associated with mishandling and 

contamination. Because most chemical experiments involve liquid-phase processes, spill 

detection is another critical safety concern. Eppel et al.65 developed segmentation approaches 

capable of recognizing diverse laboratory materials including liquids and solids inside 

transparent containers, while also identifying their boundaries and phases (Fig. 5d). To support 
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this, they constructed the Vector-LabPics, a dataset of over 2,000 annotated laboratory images 

encompassing glassware, liquid states, and phase separation phenomena. This resource has 

become foundational for advancing computer vision systems that ensure both reliability and 

safety in complex chemical laboratory environments. 
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3.2.3 Computer Vision for Robotic Manipulation

Figure 6. Examples of assisting robotic manipulation in SDLs enabled by computer vision. (a-

b) Task and motion planning for robotic liquid handling and pouring. (a) Reproduced from Ref. 

[138] with permission from the authors. arXiv:2212.09672.  (b) reproduced from Ref. [71] 

with permission from Wiley-VCH. (c) Automated nanoparticle washing process guided by 

vision with robotic handling of centrifuge samples. Reproduced from Ref. [67] with permission 

from the authors. chemrxiv-2025-px33t-v2 (d) Robotic powder grinding with audio-visual 

feedback for real-time monitoring. Reproduced from Ref. [70] with permission from IEEE.

Computer vision provides real-time visual feedback that enables robotic arms to perform 

sophisticated experimental tasks typically carried out by human experimenters64, 67, 70, 71, 139. 

While simple and repetitive operations such as pipetting can be automated with straightforward 

motion planning, more delicate manipulations like solution pouring require advanced 

perception and control. Yoshikawa et al.138, 140 demonstrated stable liquid pouring by 

integrating constrained motion planning with sensor-based closed-loop control, showing that 

robots can replicate the delicate manipulations essential to laboratory practice (Fig. 6a). 
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Similarly, simulation-based pipelines for liquid perception have been developed to improve 

robotic handling of fluidic tasks under dynamic conditions (Fig. 6b).71 Beyond liquid handling, 

vision-guided systems have been applied to extend automation to complex equipment. Lee et 

al.67 developed a framework enabling robotic arms to insert and retrieve samples from within 

the confined geometry of a centrifuge, a task that requires precise coordination and spatial 

awareness (Fig. 6c). Recently, multimodal approaches have been introduced, such as the 

incorporation of audio–visual feedback for robust powder grinding, which enhances reliability 

in tasks involving solid-phase materials (Fig. 6d).70 Collectively, these studies highlight how 

computer vision transforms robotic systems from simple executors of repetitive tasks into 

versatile agents capable of navigating complex, constrained, and multimodal laboratory 

environments. Such advances underscore the critical role of vision AI in pushing the 

boundaries of experimental automation within SDLs. 
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3.3 LLM: A Cognitive Partner for Scientific Discovery

LLMs74-78, 114, 140-143, trained on vast corpora of scientific knowledge spanning materials science, 

chemistry, and biology, are emerging as a new class of cognitive partners for researchers. 

Within the SDL paradigm, their role is rapidly expanding beyond knowledge retrieval to that 

of central agents of scientific discovery78, 144-150. Unlike traditional approaches, where years of 

coding expertise or specialized software training were prerequisites, LLMs provide a universal 

natural language interface that enables direct interaction with experimental and computational 

systems145, 150, 151. This capacity lowers the barrier to entry, fosters interdisciplinary 

collaboration, and allows even non-experts to leverage SDL infrastructures152, 153.

The functionality of LLMs in this context is increasingly enhanced through complementary 

strategies. Retrieval-augmented generation (RAG)154-156 improves factual reliability by 

grounding responses in curated databases; domain-specific fine-tuning injects specialized 

disciplinary knowledge155, 157-160; and agentic LLM frameworks orchestrate multiple LLMs161-

165 or connect them with external computational and experimental tools. These strategies 

collectively extend the role of LLMs from hypothesis generation to active laboratory execution. 

In this sense, LLMs are no longer static language models but are evolving into adaptive, agentic 

systems capable of reasoning, planning, and acting within SDL environments.

This advances are already being realized in practice. LLMs can automatically extract synthesis 

conditions and property data from the literature (knowledge mining)157, 160, 166-173, leveraging 

this information to propose new experiments and hypotheses (experimental planning)145, 174, 

and directly interface with robotic platforms to execute tasks and interpret outcomes (execution 

& interpretation) 68, 78, 159, 161, 175. Taken together, these applications position LLMs as powerful 

partners of discovery, bridging human intent and autonomous experimentation.
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3.3.1 Knowledge Mining & Experimental Planning

Figure 7. Evolution of knowledge extraction approaches in autonomous chemistry. (a) 

Machine-learning (ML) rationalization and prediction of solid-state synthesis conditions using 

features mined from chemical text. Reproduced from Ref. [176] with permission from the 

American Chemical Society. (b) Fine-tuned LLMs applied to chemical text mining, enabling 

extraction of compounds, actions, material properties, and spectroscopic information. 

Reproduced from Ref. [160] with permission from the Royal Society of Chemistry. (c) 

Autonomous research workflows driven by LLMs, integrating search tools, experimental 

documentation, and code execution for end-to-end scientific reasoning. Reproduced from Ref. 

[146] with permission from Springer Nature. Together, these examples illustrate the transition 

from conventional ML-based models to advanced LLM-powered frameworks for scientific 

knowledge extraction.

Knowledge mining has long been regarded as a traditional starting point of natural language 

processing (NLP)167-173 and a fundamental basis for scientific inquiry. In materials science and 

chemistry, it has evolved into a paradigm for extracting experimental conditions, property data, 

and synthesis pathways from the vast scientific literature. These efforts have enabled the 

construction of databases, the development of knowledge graphs, and the formulation of new 

hypotheses, thereby accelerating discoveries across disciplines. A representative example is 
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the A-Lab system27, 176, which transformed text-mined synthesis conditions into machine 

learning–based recommendation models for proposing initial experimental conditions, 

demonstrating how literature-derived data can be integrated into SDL workflows (Fig. 7a). 

However, conventional NLP-based approaches have struggled to capture the diversity of 

chemical expressions and their structural context, limiting their adaptability to novel 

compounds or experimental scenarios. 

LLMs offer a step change by capturing contextual meaning and enabling more flexible and 

comprehensive knowledge extraction. Recent work have explored fine-tuning LLMs158-160 for 

chemistry-specific text mining tasks, significantly improving accuracy. Zhang et al.160 fine-

tuned LLMs for five distinct tasks: compound entity recognition, reaction role labeling, metal–

organic framework (MOF) synthesis information extraction, nuclear magnetic resonance 

(NMR) data extraction, and the transformation of synthesis procedures into action sequences 

(Fig. 7b), demonstrating superior performance compared to earlier NLP models (Fig. 7b). 

Beyond direct extraction, LLMs now complement missing knowledge through retrieval-

augmented generation (RAG), which grounds responses in external sources such as Wikipedia, 

Google Scholar, and arXiv and domain-specific databases. Systems such as ChemCrow145 and  

Coscientist146 (Fig. 7c) exemplify this approach, combining literature extraction with web-

based retrieval to extend capabilities from knowledge mining to experimental design and 

execution. In this way, LLMs support strategic exploration by proposing experimental 

conditions hypotheses, reducing reliance on trial-and-error experimentation. Building further 

on this trajectory, the agentic mixture-of-workflows framework78, 79 positions retrieval not as 

an auxiliary step but as a central component of decision-making. By integrating multiple 

retrieval workflows including text retrieval, database querying, and structure-based search, it 

Page 36 of 79Materials Horizons

M
at

er
ia

ls
H

or
iz

on
s

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/5

/2
02

6 
11

:0
1:

12
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
DOI: 10.1039/D5MH01984B

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5mh01984b


35

enables LLMs to operate as multi-agent RAG systems, dynamically selecting the most 

appropriate workflow for a given context.
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3.3.2 Experimental Execution & Interpretation

Figure 8. (a) ORGANA, a robotic assistant that translates natural language experiment 

descriptions into executable laboratory workflows, enabling perception, planning, and robotic 

execution. Reproduced from Ref. [68] with permission from Elsevier. (b) End-to-end synthesis 

development platform powered by LLMs, where the model interprets GC–MS data, identifies 

substrates and products, and quantifies yields for autonomous chemical analysis. Reproduced 

from Ref. [161] with permission from Springer Nature. (c) LLMs support organic chemistry 

through forward prediction, retrosynthesis, and condition generation, while interacting with 

human chemists to guide experimental design and optimization. Reproduced from Ref. [159] 

with permission from Springer Nature. 

Page 38 of 79Materials Horizons

M
at

er
ia

ls
H

or
iz

on
s

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/5

/2
02

6 
11

:0
1:

12
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
DOI: 10.1039/D5MH01984B

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5mh01984b


37

As discussed in the previous section, LLMs effectively reduce knowledge barriers in research 

by enabling seamless extraction of domain-specific insights from external sources. Their utility 

extends beyond knowledge mining to include the control of experimental equipment and the 

interpretation of results within SDL environments78, 146, 161. Traditionally, researchers have 

interacted with instruments through direct programming or specialized interfaces, but LLMs 

can now translate natural language instructions into executable control commands, greatly 

improving accessibility to complex automation infrastructures68, 152, 161, 175, 177.

Notable examples include ORGANA68 and the work of Inagaki et al. 175, both of which 

demonstrate that LLMs can directly link natural language goals to experimental execution. 

ORGANA enables researchers to specify objectives interactively, interpret them into 

instrument control tasks, and subsequently report and explain results, thereby realizing a 

conversational laboratory environment reminiscent of cinematic depictions (Fig 8a). Similarly, 

Inagaki et al.175 showed that high-level instruction such as “replace the cell culture medium” 

could be translated by GPT-4 into executable robot control code, achieving automated 

implementation. Such systems remove the need for complex coding, enabling intuitive 

interactions with SDLs for both experts and non-specialists. The LLM-RDF (Reaction 

Development Framework) introduced by Ruan et al.161 extends beyond mere experimental 

execution by incorporating agents such as spectrum analyzers and result interpreters to 

automatically analyze and interpret experimental data in Fig 9b. This shift toward data-centered 

automation represents a new dimension of human–AI interaction anchored in experimental 

results. Likewise, Zhang et al. 159 recently developed Chemma, a chemistry-focused LLM 

designed to support condition recommendation, yield prediction, and ligand exploration in 

organic synthesis (Fig 8c). Through iterative collaboration with human researchers, Chemma 
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successfully optimized a new α-aryl N-heterocycle synthesis condition within only 15 

experimental runs.

Collectively, these studies not only lower the barriers to adopting SDL approaches but also 

expand opportunities for participating in materials development to non-specialists as well as 

experts. Nevertheless, safeguards remain essential to prevent errors arising from insufficient 

domain knowledge during interaction, and systematic validation procedures are required to 

ensure that LLMs accurately analyze and interpret experimental results.
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4. Orchestration Software in SDLs

Figure 9. The OS coordinates (i) hardware orchestration for integrating diverse robotic 

modules, (ii) data orchestration for managing and analyzing experimental information, (iii) lab 

safety mechanisms to ensure reliable and secure autonomous operation, and (iv) user-friendly 

interfaces to facilitate accessibility and control.

The OS of an SDL functions as a core infrastructure that goes beyond a simple software layer, 

integrating instruments, data, users, and safety into a unified framework34-39, 178-184. Just as a 

conventional computer OS efficiently manages CPUs, memory, and I/O resources, the SDL 

OS interconnects and optimizes both physical experimental resources and digital assets. Its 

design can be understood around four fundamental principles: hardware orchestration, data 

management, safety, and user-friendliness as shown Fig. 9.
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4.1 Hardware Orchestration

Figure 10. (a) ChemOS 2.0 integrates diverse experimental modules using the SiLA2 protocol 

and a central fog computing device. Reproduced from Ref. [39] with permission from Elsevier. 

(b) OCTOPUS coordinates distributed modules through TCP/IP communication with a master–

module node framework. Reproduced from Ref. [36] with permission from Springer Nature.

Hardware orchestration in SDLs refers to the integrated management of heterogeneous 

equipment such as robotic arms, pumps, sensors, and analytical instruments through 

standardized control interfaces (APIs). This interoperability not only reduces conflicts and 

inefficiencies via resource scheduling but also ensures that SDLs, with their inherently modular 

architecture, can flexibly accommodate new instruments or software modules in a plug-and-

play manner39, 55, 183-186. Different SDL orchestration software embody distinct orchestration 

philosophies.  For example, ChemOS 2.039 utilizes a fog-computing-based187 orchestration 

layer—analogous to an operating system kernel—to centrally coordinate module interaction 
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and data management in Fig. 10a. By incorporating the SiLA255 protocol within this 

architecture, it achieves robust system integration and high reproducibility. 

Divergence becomes particularly evident in resource conflict management. AlabOS35 and 

OCTOPUS (Fig. 10b)36 both employ TCP/IP-based communication to manage geographically 

distributed instruments, yet their strategies differ fundamentally. AlabOS employs a manager–

worker architecture with a centralized resource reservation system, requiring tasks to explicitly 

secure ownership of all necessary resources prior to execution, thereby preventing conflicts at 

their source. By contrast, OCTOPUS36 focuses on throughput maximization in multi-user 

environments, relying on an intelligent scheduler that dynamically allocates idle time slots to 

parallelize jobs and enhance efficiency. Beyond these approaches, some systems emphasize 

specific technology stacks tailored to real laboratory conditions. For example, ARChemist183 

employs the robot operating system (ROS) as its communication backbone, enabling seamless 

collaboration between fixed robotic arms and mobile robots within a unified experimental 

pipeline.
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4.2 Data Management

Data management is one of the core functions of SDL orchestration software, encompassing 

the full pipeline of collecting, storing, standardizing, analyzing, and sharing experimental 

data36, 39, 178, 188. The value of such data is maximized not only when the final results are 

recorded but also when rich metadata, such as executed commands, parameters, and 

environmental conditions, is included. High data reproducibility depends critically on this 

metadata. Accordingly, modern OS designs have moved beyond simple logging to fully 

embrace the FAIR principles (Findable, Accessible, Interoperable, Reusable)41, 43, providing 

systematic frameworks that ensure reproducibility. 

Several representative implementations highlight different strategies. HELAO178 applies an 

extended FAIR+ principle by recording all commands, parameters, and metadata in HDF5189 

format and automatically uploading them to institutional repositories after experiments. It 

further supports real-time data streaming via FastAPI WebSockets, enabling external observers 

to visually monitor ongoing experiments as they progress. ChemOS 2.039introduces another 

layer of novelty by separating experimental and simulation data, managing them through 

PostgreSQL190 and AiiDA191, respectively, to ensure both integrity and domain-specific 

organization. A central fog computing device functions as the data hub, orchestrating collection, 

storage, and exchange across the laboratory. 

XDL6, though not an OS, standardizes experimental protocols as fully digital data objects 

(XDL files), allowing complete reproducibility of procedures in code. Combined with the 

ChemTorrent192 peer-to-peer sharing model, laboratories can execute and verify protocols 

before redistributing them, establishing decentralized trust and reproducibility. Similarly, 

AlabOS35 leverages MongoDB193 (NoSQL) as a backend to support flexible data schemas and 
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real-time tracking of metadata, including sample positions. Other systems highlight 

complementary approaches: ARChemist183 implements a persistence manager to record the 

complete history of each sample, while OCTOPUS36, designed for multi-user environments, 

synchronizes instrument states in real time and standardizes all tasks in JSON scripts for 

consistent management. 

In summary, data management within SDL OSs is evolving from simple record-keeping toward 

comprehensive provenance tracking, reproducibility assurance, and intelligent data utilization 

as a central resource for AI-driven decision-making. While current systems illustrate how 

experimental data and metadata can be organized within individual laboratories, the most 

critical step forward is the establishment of a standard material data structure as exemplified in 

Fig. 11a. Such standardization will enable interoperability across diverse platforms and foster 

the creation of global data hubs (Fig. 11b), where SDLs worldwide can collaborate seamlessly. 

Ultimately, this shared infrastructure will accelerate the growth of the AI ecosystem, allowing 

collective intelligence to drive faster, more reliable scientific discovery.
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Figure 11. (a) Standard material data structure implemented in OCTOPUS, organizing 

metadata, algorithms, processes, and property/performance data for reproducible autonomous 

experimentation. Reproduced from Ref. [36] with permission from Springer Nature. (b) 

Conceptual illustration of an international data hub, where standardized formats and FAIR-

compliant databases from distributed SDLs enable global interoperability and collaborative 

acceleration of materials discovery. 
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4.3 Safety

Safety management must be a top priority for SDL orchestration software, encompassing not 

only the protection of instruments but also the assurance of experimental integrity and 

reliability124. Ideally, these systems should continuously monitor environmental parameters 

such as pressure, temperature, and electrical load, and respond proactively by halting 

experiments, triggering alarms, or switching to safe modes when anomalies occur. Moreover, 

safety management should extend beyond local monitoring to incorporate external frameworks 

such as chemical safety regulations and biosafety standards, thereby ensuring both operational 

stability and regulatory compliance. However, most existing OSs still place greater emphasis 

on preventing hardware or software conflicts than on holistic environmental or regulatory 

safety.

Several representative systems illustrate different safety strategies. HELAO178 ensures 

operational safety through sequential execution, where each task must finish before the next 

begins. Its distributed architecture enhances stability by isolating failures—if one server 

crashes, the entire system remains operational. ChemOS 2.039, leveraging the SiLA255 protocol, 

implements detailed exception handling and automatic recovery routines that restore only the 

affected step without restarting the entire workflow. AlabOS35 emphasizes conflict-free 

resource allocation: tasks must explicitly reserve all required resources prior to execution, and 

automatic deallocation after completion ensures fundamental avoidance of hardware conflicts. 

OCTOPUS36 employs a different approach for multi-user environments, introducing a masking 

table and intelligent scheduler to dynamically resolve complex conflicts in multi-user 

environments, even invoking task rescheduling or emergency stops when risks are detected. In 

a different vein, AR-Chemist183 incorporates a ROS-based rule manager that preemptively 
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detects and mitigates spatial conflicts in workflows involving heterogeneous robots (e.g., 

robotic arms and mobile robots). 

In summary, safety management in SDL OS is evolving from static error prevention and 

collision avoidance toward dynamic risk prediction and real-time validation of experiment 

integrity. This shift reflects a broader view of safety, extending beyond hardware protection to 

encompass data reliability, regulatory compliance, and scientific reproducibility, ultimately 

framing safety as a comprehensive approach to risk management in SDLs.
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4.4 User Friendliness

Figure 12. Ivory OS provides an interoperable drag-and-drop interface that allows researchers 

to design, translate, and execute experimental workflows in Python, making self-driving 

laboratories more accessible to non-expert users. Reproduced from Ref. [37] with permission 

from Springer Nature.

User-friendliness of an SDL OS determines how intuitively researchers can interact with the 

system. Beyond hardware automation, an effective OS should support workflow design, 

experiment monitoring, and error handling through comprehensive UI/UX frameworks34, 37, 39, 

178, 183. To fully unlock the potential of autonomous experimentation, interfaces must be 

accessible even to scientists without programming expertise. Since many materials scientists 

and chemists neither develop SDLs themselves nor have extensive coding backgrounds, direct 

interaction with SDLs can otherwise be a barrier. Thus, graphical, web-based, and drag-and-

drop interfaces are critical for lowering the barrier and enabling widespread adoption across 

the scientific community.
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HELAO178 uses FastAPI for automatic API documentation, enabling developers to quickly add 

devices or actions, while its web-based operator/observer interface provides real-time control 

and monitoring. ChemOS2.039 adopts a streamlit-based GUI, allowing researchers to easily 

submit experiments and track progress, thereby supporting a gradual transition toward 

automation. IvoryOS37 goes a step further by automatically generating GUIs from existing 

Python code without modification; workflows can be built via drag-and-drop and further 

enhanced with natural language input powered by LLMs, dramatically reducing the coding 

barrier (Fig. 12). OCTOPUS36, designed for multi-user environments, relies on a CLI-centered 

interface but integrates a GPT-powered Copilot to assist in code generation and workflow 

customization. Other systems highlight domain-specific accessibility. For example, NIMS-

OS34 provides a GUI tailored for candidate-space exploration, allowing researchers to visually 

navigate parameter settings. 

In summary, user-friendliness in SDL OSs is a relative concept shaped by both target users 

(developers vs. domain scientists) and research contexts (single-user vs. multi-user 

environments). Systems such as HELAO, ChemOS and IvoryOS emphasize web-based 

interfaces for broad accessibility, while NIMS-OS and ARChemist tailor GUIs to specific 

research needs. Together, these approaches highlight a spectrum of strategies aimed at ensuring 

SDLs are not confined to expert programmers but can be adopted by the wider scientific 

community.
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5. Roadmap for SDL 2.0

Although SDLs have made remarkable progress in recent years, three is still room to expand 

their capabilities. These platforms can already automate complex workflows, yet achieving 

broader interoperability, scalability, and collaboration across distributed systems remains a 

work in progress.50, 194-197 In many cases, SDLs operate in silos, with experiment data, metadata, 

and procedures stored in formats customized for hardware setup of each laboratory.27, 34-38, 178, 

198 This diversity makes it harder to share, interpret, or reproduce results across different 

environments.192 Even when experimental procedures are available, small differences in 

instrumentation (e.g., heating profiles, flow rates, sensor precision) and incomplete contextual 

metadata can reduce reproducibility.36 Likewise, digital experiment recipes may not transfer 

seamlessly, as execution often depends on hardware-specific details or communication 

protocols that are not yet standardized.36 In addition, there is currently no widely adopted 

framework for synchronizing results and samples across sites, which can limit multi-step, 

multi-laboratory campaigns. The lack of common calibration benchmarks and machine-

readable formats adds further complexity. Without a shared digital infrastructure for 

exchanging data and protocols, SDLs may remain somewhat fragmented, making it more 

difficult to realize their full potential for scalability, reproducibility, and global collaboration.

In parallel with these interoperability challenges, the role of the human scientist within the SDL 

ecosystem remains underdeveloped. While SDLs have demonstrated the ability to execute 

complex experiments with limited human intervention,3-28 the precise position of the researcher 

in these workflows is still not clearly defined. Current interfaces36, 199 between researchers and 

autonomous platforms are often developer-oriented, requiring programming skills or prior 

experience with automation software. This can pose a barrier for many domain scientists (e.g., 
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synthetic chemists, materials scientists) who may have strong disciplinary expertise but limited 

computational training200. Furthermore, decision-making modules such as Bayesian 

optimization, particularly when relying on complex surrogate models such as Gaussian 

processes or neural networks, may operate as black boxes, offering limited transparency about 

their rationale and reducing opportunities for meaningful researcher input. This makes it 

difficult for scientists to guide or adjust an experimental campaign mid-course based on 

intuition or evolving research questions. Most existing platforms also lack structured 

mechanisms for incorporating human-feedback. For example, determining when automation 

should defer to expert judgement in response to unexpected observations or uncharted 

experimental conditions. Without greater transparency and opportunities for collaboration, 

there is a risk that automation may reduce rather than enhance the role of the scientist. 

A related challenge lies in the absence of standardized protocols for lab automation 

architectures. Many current SDLs are tailored to specific experimental setups, making them 

relatively inflexible and less adaptable to new reactions or materials systems. The limited 

modularity of such platforms often requires researchers to reconfigure or reprogram 

components extensively, which increases technical barriers and operational costs. Integrating 

diverse instruments (e.g. reactors, analytical devices) can also be cumbersome in the absence 

of common interfaces, and failures in one subsystem may disrupt the entire workflow. Overall, 

the lack of a generalizable architecture constrains the broader applicability of SDLs across 

chemistry and materials science domains.

Modular SDLs are composed of multiple interconnected robotic units and instruments, making 

the scheduling of experimental tasks both complex and essential. Currently, many automation 

modules still rely on relatively simple or serial scheduling strategies, which can lead to severe 

bottlenecks and reduce overall equipment utilization.36, 38, 197 When multiple experiments or 
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users compete for access to the same module, resource conflicts and idle times can occur. For 

example, overlapping use of a shared robotic arm or analytical instrument may lead to 

operational delays or even safety concerns such as collisions and deadlocks.36 Inadequate 

scheduling can also result in imbalanced workloads—some modules remain idle while others 

are overburdened—thereby prolonging experimentation time and diminishing the benefits of 

parallel operations. These challenges become even more pronounced in multi-user 

environments, where simultaneous experiment requests can easily interfere with one another 

without proper coordination. In this context, the absence of advanced, centralized scheduling 

algorithms limits the efficiency of current SDLs, preventing them from fully realizing their 

potential. As such, intelligent scheduling emerges as a key requirement for next-generation 

SDLs.

Safety remains one of major barriers to achieving fully autonomous, continuous operation in 

SDLs.135 Most existing platforms are unable to manage safety incidents without human 

oversight, making reliable 24/7 operation challenging. Hazard detection is typically limited to 

threshold-based alarms (e.g., temperature or pressure sensors), which lack contextual 

awareness. As a result, subtle or early signs of failure, such as solution leakages, color changes, 

corrosion, explosion, or abnormal noise/vibration, often go undetected. When issues are 

detected, current platforms36, 135 generally respond by shutting down the entire system, even in 

minor cases, leading to unnecessary downtime and experiment interruption. 

Equal significant is the lack of automatic recovery mechanisms. As far as we know, no current 

systems can, for example, clean a spill, re-park a malfunctioning robotic arm, or reroute a 

sample autonomously. Safety considerations are also not fully integrated into scheduling or 

orchestration software, allowing tasks to be planned without accounting for safety constraints 

(e.g., scheduling exothermic reaction in enclosed spaces without ventilation). Predictive 
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diagnostics are largely absent as well, with little proactive monitoring for pumps, valves, 

heaters, or other hardware for early signs of degradation. These shortcomings are particularly 

problematic in shared labs or remote operations, where human response time may be delayed 

or unavailable. Without proactive detection, predictive maintenance, and real-time mitigating 

strategies, SDLs remain vulnerable to cascading failures, compromised data quality, and 

equipment damage. Overall, current systems remain heavily dependent on human supervision, 

limiting both their scalability and their ability to function safely in unattended or high-risk 

environments.

On the other hand, although Transformer172-based generative AI60, 74-76, 141 holds great promise 

for accelerating discovery within SDLs48, 194, its practical deployment remains constrained by 

several challenges. Many generative models in chemistry or materials science are typically 

trained only on structural or compositional data, without incorporating domain knowledge such 

as reactivity rules, thermodynamics, or synthetic feasibility. As a result, they often generate 

suggestions that are unrealistic, unsafe, or experimentally infeasible. Interpretability is another 

limitation: most generative models operate as black boxes, offering little chemical rationale for 

their predictions. This lack of transparency hampers their adoption as reliable scientific tools. 

Moreover, integration with laboratory automation remains underdeveloped. In most workflows, 

human experts must translate AI-generated candidates into executable experimental 

protocols201, creating bottlenecks and increasing the risk of human error. Accessibility also 

poses a significant barrier. Training or fine-tuning large generative models requires substantial 

computational resources, making them impractical for smaller laboratories.113 Without 

lightweight or cloud-based alternatives, access to these tools is largely restricted to well-funded 

institutions or corporation. Finally, despite the emergence of several SDL communities 

worldwide,202-206 progress is fragmented: the lack of shared and community-driven datasets or 

Page 54 of 79Materials Horizons

M
at

er
ia

ls
H

or
iz

on
s

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/5

/2
02

6 
11

:0
1:

12
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
DOI: 10.1039/D5MH01984B

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5mh01984b


53

models limits generalizability and stifles collaborative progress.

Looking ahead, SDL 2.0 must embody six defining characteristics (Fig. 13): interoperable 

(accessible and usable by a broad community of researchers), collaborative (human-AI 

interactive), generalizable (adaptable across diverse experimental domains and tasks), 

orchestrated (equipped with intelligent scheduling to minimize bottlenecks and resource 

conflicts), safe (ensuring reliable operations through proactive safety protocols), and creative 

(capable of curating and testing novel hypotheses). Together, these attributes will enable SDLs 

to evolve from isolated automation tools into transformative engines of scientific discovery.

Figure 13. Six characteristics of SDL 2.0: Interoperable, Collaborative, Generalizable, 

Orchestrated, Safe, and Creative.
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5.1 Interoperable: Digital Infrastructures for Knowledge Transfer and 

Integration Across Distributed Platforms

Building interoperability in SDLs requires a shared digital infrastructure that treats 

experimental procedures, chemical and material data, and physical workflows as portable, 

standardized knowledge29, 35, 36, 207. This vision hinges on several key elements. First, the 

community must establish ontologies and metadata schemas for chemistry and materials 

science. These standards should describe not only what was done, but also how and why, in 

machine-readable form. Such schemas must capture procedural context, hardware-specific 

tolerances, calibration status, and external environmental variables. Standardized vocabularies 

for experimental actions (e.g., inject, stir, heat) and units of measure are also essential to ensure 

semantic clarity32, 35, 36. Second, digital recipes should be version-controlled and provenance- 

tracked, enabling modifications to be transparent and reproducible. To maximize portability, 

these recipes must be hardware-agnostic yet interpretable across different setups using a 

normalization layer analogous to hardware drivers in a computer OS35, 36,58. Third, reference 

experiments and calibration materials should be defined to benchmark reproducibility across 

laboratories. Such standards would allow different SDLs to validate external workflows and 

align their platforms in terms of experimental fidelity34. Finally, inter-platform exchange 

protocols are needed to standardize the transfer of physical samples36,39. For instance, QR-

coded or digitally tagged vials containing machine-readable metadata (e.g., precursor identity, 

synthesis conditions, storage environment) would allow a lab to seamlessly continue an 

experimental workflow initiated elsewhere. The ultimate vision is a globally interconnected 

network of SDLs—platforms that do not merely replicate workflows but co-evolve them, 

continuously learning from each other's data and experimental results.
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A standardized, interoperable SDL ecosystem would unlock a new paradigm of distributed, 

collective experimentation. Once experimental knowledge complete with metadata and 

experimental procedure can be shared like open-source software, research becomes 

dramatically more scalable. Scientists anywhere could retrieve validated digital recipes, adapt 

them to local objectives, and contribute results back to shared repositories. This creates a real-

time feedback loop for rapid iteration, broader validation, and a cumulative knowledge building. 

Such infrastructure also democratizes access to advanced experimentation. Smaller institutions 

or labs in under-resourced regions could leverage standardized protocols without duplicating 

costly hardware setups, provided their platforms comply with common standards. They could 

also participate in global initiatives by running modular workflow or contributing validation 

experiments. Interoperability further enables meta-analysis and machine learning at scale. 

Harmonized datasets208 spanning different labs, countries, and experiment types form a 

powerful foundation for training generalizable AI models. These models can uncover 

transferable synthesis-structure–property relationships, guide future experiments, and even 

autonomously propose new research directions. Ultimately, by facilitating reproducibility, 

inclusivity, and accelerated knowledge generation, a standardized knowledge-transfer 

ecosystem positions SDLs as collaborative engines of global scientific discovery.
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5.2 Collaborative: Human-AI Collaborative Environments

To fully realize the potential of SDLs, future systems must be designed to amplify human 

intelligence rather than simply automate processes57. A key direction is the creation of intuitive, 

user-friendly interfaces that allow researchers to design, query, and adapt experiments through 

natural and convenient interactions57. Instead of hard-coding robotic sequences, scientists 

should be able to construct workflows using drag-and-drop GUIs34, 209-211  or natural language 

commands via LLM-based assistants67. Such application-level interfaces abstract away low-

level hardware control, enabling researchers to focus on scientific objectives rather than 

infrastructure details212. Equally important is the integration of explainable AI (xAI) and 

uncertainty-aware models. Rather than acting as opaque decision-makers, future SDLs should 

provide justifications for their choices explaining why a particular recipe was recommended or 

which data supported a conclusion. This transparency allows scientists to evaluate, critique, or 

override AI reasoning when necessary.

Another promising direction is the implementation of graduated levels of autonomy. Routine 

tasks can be delegated to automation, while decision points remain under human supervision. 

For example, experimental checkpoints213 can pause workflows for expert review in cases 

involving anomalous data, safety concerns, or high-stakes resource use. Beyond this, 

translational AI frameworks could combine algorithmic optimization with human insight, 

incorporating real-time feedback into the experimental loop. Researchers might adjust reward 

functions, inject new hypotheses, or halt unsafe directions mid-loop, ensuring that 

experimentation remains both flexible and safe. Achieving this vision will require not only new 

technical architectures but also sociotechnical studies to better understand how scientists 

interact with autonomous systems and how workflows can be designed to feel natural, 
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productive, and empowering. 

In this paradigm, the scientist becomes a strategic guide and creative partner, not a passive 

observer. SDLs that learn from, communicate with, and adapt to their users transform 

automation into an inclusive and empowering technology. Lowering technical barriers through 

intuitive interfaces ensures that even researchers without programming or robotic expertise can 

immediately benefit. For instance, a graduate student in materials science could design and 

optimize a complex experimental campaign without writing a single line of code. Such 

collaborative SDLs also act as intellectual force multipliers11, 192: small research groups with 

modest automation setups can achieve scales of experimentation once reserved for large 

facilities, enabled by AI-enhanced throughput and real-time feedback. Moreover, this approach 

fosters global collaboration. Teams across continents could jointly supervise experiments, with 

AI mediating their input in a shared could-based platform. Time zone differences even become 

strengths—one group adjusts parameters during the day, another analyzes results overnight—

creating a continuous, 24-hour scientific discovery cycle. Ultimately, designing SDLs as 

human-AI collaborative platforms ensures that automation is not a replacement for human 

reasoning but a partner in discovery. By paring human intuition and creativity with AI-driven 

rigor and scalability, this approach promises a more inclusive, transparent, and transformative 

research culture—one capable of unlocking scientific advances that neither humans nor 

machines could achieve alone.
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5.3 Generalizable: Modular Strategies for Flexible and Adaptable Platforms

To overcome the rigidity of conventional SDLs, future directions point toward modular and 

reconfigurable “plug-and-play” architectures35–37,63. In this framework, hardware and software 

are developed as interoperable modules with standardized interfaces, allowing seamless 

integration and rapid reconfiguration. For example, a modular chemistry lab could enable 

researchers to interchange reactor types (e.g., flow, batch, or photoreactors) and analytical 

instruments (e.g., GC–MS, X-ray, HPLC) depending on the experimental need59. This 

flexibility dramatically reduces the barrier to adopting new protocols and broadens the range 

of accessible applications. Realizing this vision requires progress on several fronts: the 

development of universal communication standards such as SiLA55 and OPCUA215, modular 

robotics (e.g., versatile robotic arms and liquid handlers53,65), and open-source orchestration 

software capable of coordinating diverse devices through high-level commands rather than 

low-level coding. Such orchestration tools35,36,39 should also simplify hardware control into 

intuitive workflows that can be configured by non-experts. Current initiatives including 

research consortia and open-hardware projects are beginning to establish these foundations, 

moving SDLs closer to “scientific LEGO systems”: extensible, interoperable, and adaptable to 

evolving research needs.

Adopting modular design and standardization will help democratize automated 

experimentation. By reducing reliance on custom engineering, modular SDLs lower the entry 

barrier for smaller research groups: instead of building bespoke systems, scientists could 

assemble SDLs from ready-made modules much like customizing a computer. Standardization 

further promotes reproducibility and knowledge sharing, as protocols and hardware setups 

developed in one lab could be reproduced elsewhere simply by reusing the same module 
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configurations.  For chemists or material scientists, a single modular SDL can flexibly switch 

between synthesizing pharmaceuticals, catalysts, or polymers, thereby accelerating progress 

across subfields. Ultimately, modular strategies make SDLs more generalizable and accessible. 

As costs decrease and open-source designs spread, even resource-constrained labs will gain the 

ability to participate in high-throughput, AI-driven research, expanding the global impact of 

SDLs.
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5.4 Orchestrated: Scheduling Algorithms for Modular and Scalable 

Platforms

As SDLs become more modular and multi-user, the need for intelligent scheduling grows 

increasingly important. Future systems should incorporate centralized scheduling architectures 

that operate much like an operating system (OS), dynamically allocating tasks across robotic 

modules with awareness of device status and availability. Instead of relying on static timelines 

or hard-coded queues, advanced schedulers can integrate task-priority rules, Boolean-based 

masking tables to monitor resource usage, and predictive analytics to anticipate conflicts before 

they occur36. For example, by cross-checking a task’s device requirements against real-time 

usage, the scheduler can prevent collisions and idle periods. Workflows represented as directed 

graphs35 can be analyzed by constraint solvers and optimization algorithms (e.g., makespan 

minimization) to enable efficient parallelization, while reinforcement learning or graph neural 

networks could further adapt scheduling to live experimental feedback184. Crucially, schedulers 

must remain scalable and interoperable as labs evolve—recognizing new hardware, balancing 

workloads, and orchestrating workflows across diverse domains such as synthesis, analysis, 

measurement. In this way, this scheduler functions as the brain of the SDL, translating high-

level experimental goals into coordinated, low-level robotic actions in the most efficient order 

possible.

The benefits of advanced scheduling extend beyond efficiency. A robust, OS-like scheduler 

enables SDLs to operate as flexible, continuously running platforms, improving throughput, 

reducing bottlenecks, and enhancing reproducibility by ensuring that experiments follow 

standardized, precisely timed sequences. For shared labs and core facilities, intelligent 

scheduling makes multi-user environments more practical, balancing tasks fairly across 
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different projects and embedding safety features that prevent hazardous overlaps and enforce 

cool-down intervals. On a larger scale, such infrastructure supports cloud-based SDLs, where 

researchers can submit experiments remotely and rely on the scheduler to allocate time and 

resources. This democratizes access to automation: experimentation becomes as seamless as 

submitting a computing job to a server, lowering barriers, increasing equity, and transforming 

SDLs into globally accessible engines for discovery.
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5.5 Safe: Multi-Modal Safety Protocols Based on Detection-Recovery 

Processes

Ensuring safe, fully autonomous operation requires SDLs to adopt a two-step safety framework: 

intelligent hazard detection followed by autonomous recovery. Safety detection135 must extend 

beyond traditional vision system and static sensors toward AI-driven situational awareness, 

integrating multimodal sensing such as computer vision, gas analysis, acoustic and thermal 

profiling, and real-time signal interpretation. These systems would learn baseline normal 

behavior and continuously compare it to live data, enabling early detection of abnormal trends 

such as subtle discoloration before a spill, or vibrations indicating imminent pump failure. Once 

a hazard is identified, the system should initiate an active recovery protocol rather than simply 

halting all activity. For example, a robotic arm could clean a spill, a failed reaction might be 

quenched with a built-in reservoir, or a secondary robotic unit could isolate and reconfigure 

specific modules. Predictive diagnostics will also play a critical role, flagging equipment issues 

in advance (e.g., declining pump flow rates, rising motor resistance) to support preemptive 

maintenance. Importantly, the task scheduler itself should embed safety logic, refusing to 

execute or even queue unsafe experimental sequences. Existing frameworks such as 

OCTOPUS36 and CLAIRify140, which employ formal program verification, highlight how only 

validated and safe experiment paths can be authorized. In the long term, SDLs will evolve 

toward a degree of “safety self-awareness”, monitoring themselves like vigilant lab technicians, 

responding to hazards within seconds, and maintaining unaffected tasks in parallel. Such 

systems will not only remove human exposure to risk but also increase uptime and operational 

robustness64, 65, 68, 135, 216, laying the foundation for lights-out, globally distributed laboratories.

Robust autonomous safety mechanisms promise to reshape experimental practice. First, they 
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enable continuous operation across nights, weekends, and time zones, substantially increasing 

throughput. A single SDL could sustain multi-week optimization campaigns with minimal 

human intervention. Second, intelligent safety improves scientific rigor and reproducibility: 

when experiments are executed under consistent, well-monitored conditions, free from human 

timing errors, data reliability improves. Automatic logging of sensor states, interventions, and 

recovery actions provides a transparent digital record, supporting post hoc analysis and 

reproducibility checks. These safety pipelines also protect equipment and the surrounding 

environment by immediately addressing hazards such as leaks, overheating, or emissions. This 

result is reduced waste, improved sustainability, and longer instrument lifetimes. Finally, the 

widespread adoption of such safety protocols will help shape new laboratory safety standards. 

Institutions and regulators will be more willing to adopt fully automated labs once autonomous 

safety is demonstrably more robust than traditional methods. Embedding safety into the core 

design of SDLs ensures that autonomy scales responsibly, making advanced science faster, 

safer, and more equitable.
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5.6 Creative: Generative AI Assistants for Advanced Platforms

To realize the creative potential of generative AI within SDLs, future efforts must prioritize 

integration, accessibility, and scientific rigor. Domain-aware models are essential—systems 

that not only learn from structural or compositional datasets but also encode principles of 

chemistry and materials science, including safety, feasibility, and physical constraints. Such 

models could incorporate prior knowledge via rule-based constraints or physics-informed 

learning. Within a closed-loop setting, generative AI can leverage real-time feedback from 

experimental outcomes to iteratively refine hypotheses and guide subsequent experimental 

decisions in a data-driven manner.

Seamless interfacing between generative models and lab automation software is also critical. 

Instead of requiring human translation, models68, 216 should generate machine-readable 

protocols that autonomous platforms can execute directly. Shared standards—whether protocol 

languages or APIs—will be central to bridging ideation and execution. At the same time, 

accessible interfaces are necessary to broaden adoption: intuitive web platforms, drag-and-drop 

GUIs, or natural language interaction via LLMs68 would enable any researcher to harness 

generative AI without specialized expertise. Lightweight solutions based on transfer learning 

or model distillation could further democratize, lowering computational barriers for smaller 

institutions. Community-driven development will also be key: shared, open generative models 

trained on disturbed experimental datasets can evolve into collective scientific resources, 

improving as new results are contributed globally. In this vision, generative AI becomes a 

partner in discovery rather than a solitary tool. A materials scientist could request a compound 

with a targeted conductivity, and the SDL would autonomously propose candidates, test them, 

and refine its suggestions, while the scientist provides strategic guidance, interprets results, 
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setting priorities. This synergy between human creativity and AI-driven hypothesis generation 

represents the next stage of SDL development.

Generative AI also expand the creative scope of experimentation. Beyond accelerating 

established workflows, it enables exploration of new molecular and materials spaces, discovery 

of novel materials. By navigating vast combinatorial design spaces with targeted precision, 

generative AI helps avoid combinatorial confusion while unlocking innovative possibilities. 

When these models are shared and accessible, they become engines of collective progress: each 

experiment contributes knowledge that improves the next generation of ideas, creating a self-

reinforcing cycle of discovery across institutions and continents. Such democratization ensures 

that creativity is no longer limited by local resources. A student in a resource-constrained lab 

could discuss or collaborate with a global model trained on millions of reactions, using it to 

design and execute experiments through cloud-connected SDLs. This not only amplifies 

inclusivity but also accelerates global progress. Generative and agentic AIs also hold 

educational value: early-career researchers can interact with it to test hypotheses, explore 

mechanisms, or critique model proposals, turning it into both a teaching tool and a discovery 

engine. In the long term, integration of generative AI into autonomous experimentation will 

define a new scientific paradigm: one that is not only faster but also more creative, collaborative, 

and inclusive. SDLs will evolve from executing predefined instructions to co-writing them, 

catalyzing scientific innovation at scales and speeds that traditional approaches cannot match.
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6. Conclusion

Across these six dimensions—interoperability, collaboration, modularity, orchestration, safety, 

and creativity through generative AI—a coherent vision for the next generation of SDLs comes 

into focus. Future SDLs will not be narrow, task-specific tools, but generalizable platforms 

capable of adapting to diverse experimental challenges. They will be democratized 

infrastructures, accessible to a broad range of researchers regardless of institutional resources, 

and globally interconnected engines of discovery, where knowledge and results flow 

seamlessly across borders. Realizing this vision will require parallel advances in technology, 

shared standards, and community practices. Technical progress must be matched by efforts to 

build trust, ensure inclusivity, and foster open knowledge exchange. The payoff, however, is 

profound: SDLs can accelerate discovery cycles, close the gap between hypothesis and 

experiment, and bringing more voices into the process of scientific innovation. Crucially, next-

generation SDLs will not remain confined to a handful of high-tech laboratories. Instead, they 

will evolve into a distributed, cooperative ecosystem that enables scientists everywhere to 

pursue research more creatively, efficiently, and safely. By following this roadmap, the 

chemistry and materials science communities can ensure that SDLs mature in line with core 

values of openness, reproducibility, and shared benefit. In this light, the emergence of SDLs is 

not only a technical trajectory but also a collective mission to democratize and accelerate 

discovery. By linking human creativity with autonomous experimentation on a global scale, 

we have the opportunity to transform not just the pace of science, but also its accessibility and 

inclusiveness. The journey is already underway, and with coordinated global collaboration 

SDLs are poised to redefine how scientific knowledge is created and shared in the decades to 

come.
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