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Abstract 
 
In the evolving landscape of scientific research, the complexity of global challenges demands 
innovative approaches to experimental planning and execution. Self-Driving Laboratories (SDLs) 
represent a significant advancement in automating not only experimental tasks in chemical and 
materials sciences but also the design and selection of experiments. SDLs combine digital tools 
and automated hardware to optimize research processes, reduce material usage, and accelerate 
materials and molecular discovery. This perspective article explores two paradigms for 
democratizing access to SDLs: centralized facilities and distributed networks. We discuss the 
technical and collaborative challenges in realizing SDLs' potential to enhance human–machine and 
human–human collaboration and address grand challenges in science, ultimately fostering a more 
inclusive research community. 
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Introduction 
In the never-ending arms race between the complexity of world problems and research, the 
execution and planning of experiments have become increasingly more rigorous and automated. 
Experimental planning has gradually evolved from random to statistically driven design of 
experiments; meanwhile experimental tools have advanced from simple facilitators of manual 
actions to highly automated platforms. As the complexity, intersectionality, and scope of challenges 
in energy1, medicine2,3, ecological harm reduction, and nonrenewable-resource management 
increase, laboratory research must again leap forward: from individualized research to massively 
collaborative efforts to incorporate diverse expertise and techniques. In order to bring 
experimentation into the hands of a broad and diverse community of scientists, however, a certain 
level of automation, throughput, and accessible design must be achieved. 

Autonomous, or self-driving, laboratories (SDLs), are the result of technological efforts to 
automate the execution of experimental tasks to meet the demands of industry and academia, the 
design and selection of experiments to minimize the material and temporal costs of research, the 
refinement and generation of hypotheses to discover new relationships and knowledge, and the 
collaboration of multiple research groups to accelerate research4. An SDL typically comprises a 
suite of digital tools to make predictions, propose experiments, and update beliefs between 
experimental campaigns and a suite of automated hardware to carry out experiments in the physical 
world; these two components then work jointly towards some objective (e.g., process or material 
property optimization, compounds or property-set discovery, self-improvement, and combinations 
thereof). The primary differences between established high-throughput/cloud and autonomous 
laboratories lie in the judicious selection of experiments5, the adaptation of experimental methods6, 
and the development of workflows that can integrate the operation of multiple tools. This 
automation of experimental design provides the leverage for expert and literature knowledge to 
efficiently tackle the increasingly incomprehensible, multivariate design spaces required by 
modern problems7. Adaptability allows for SDLs to develop new techniques to handle new 
applications, expand the feasible experimental design space, and modify workflows on-the-fly to 
address and preclude safety and sustainability concerns8. Furthermore, the integration of tools, 
learning modules, and data enables SDLs to accumulate knowledge and continually improve. 

As a tool for research, SDLs, by acting as highly capable collaborators in the research 
process, can serve as nexuses for collaboration and inclusion in the sciences by helping coordinate 
and optimize grand and intersectional research efforts and by reducing the physical and technical 
obstacles of performing research manually. When combined with collaborators who bring broad 
domain expertise, this potential new paradigm for research (SDL-assisted research) could allow 
for the scientific community to adequately address open Grand Challenges9 which were previously 
intractable (such as developing economically viable solar power technologies and industrial 
processes, making breakthroughs in personalized health and safety, and the creation of new 
analytical devices and methods).  

The democratization of SDLs is a necessity to fully realize their promise10,11. A team-
science research paradigm involves more actors to conduct research and incorporates more diverse 
ideas into the formulation and execution of research problems. Toward the democratization of 
research through SDLs, there is an open question as to how SDL technologies will be balanced 
between open-access, centralized facilities (a Centralized approach)—similar to the European 
Organization for Nuclear Research (CERN) research facilities and the BioPacific MIP12—and 
networks of distributed facilities (a Distributed approach)—similar to the Galaxy Zoo13 and 
Foldit14 projects and the Harvard Clean Energy Project15. SDLs stand poised to address research 
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challenges whose scale and complexity are beyond the limits of comprehension for teams of 
humans—from molecule and process discovery and optimization to property characterization for 
specialty applications to kinetic and mechanistic studies. Both the access to scientific research that 
SDLs provide and the communities that SDLs necessitate and foster position this research 
paradigm particularly well for enhancing human–machine collaboration, multi-disciplinary and 
data-driven research, public outreach, and science education16. Furthermore, by accelerating 
research, SDLs involve industry partnerships, whose economic interest in efficient research and 
development can provide the support to build and improve SDL technologies. These external 
actors will require the personnel to build and maintain SDLs—which in turn involves more people 
to engage with the technology and can bring in more industry scientists. 

Recent efforts on prototype SDL platforms and their associated technologies demonstrate 
the first steps of democratizing SDL-assisted research. Numerous systems have been released with 
open-source tools such as Chemspyd17, PyLabRobot18, PerQueue19, and Jubilee20 among others21–
28. Access to such tools facilitates others in developing their own research platforms. Others have 
demonstrated collaborations between research groups29,30, across academic levels31,32, and with 
industry partners33 as well as tools which increase accessibility to non-computer scientists34–36. 
Moreover, additional studies have begun characterizing and benchmarking the performance of 
current SDLs31,37–39 to facilitate communal comparison and improvement. While these efforts and 
other SDL technology demonstrations40–44 inspire hope for the future of SDLs as a democratizing 
agent in scientific research, there are critical challenges which need to be addressed. 

In this perspective, we first discuss two paradigms by which SDLs can be made accessible 
to the research community: a centralized approach and a distributed approach. In light of these two 
potential futures, we discuss the current roadblocks towards achieving such a democratized future 
of SDL-assisted research before addressing how we might overcome these obstacles. 

Balancing a Centralized and Distributed Future 
While the creation of automated experimental apparatus may be feasible for a general laboratory, 
the effort required to develop and maintain an SDL is unarguably large. To concentrate efforts and 
personnel into key locations, collaborations have created centralized facilities that allow (virtual) 
access by application45–51 (Figure 1, left). In an alternative approach, to leverage specialization 
and modularization towards creating a network of facilities for peer-to-peer collaborations, open-
source projects52,53 have sought to provide general access to autonomous research tools (Figure 1, 
right). As a hybrid approach, simplified, low-cost versions (“frugal twins”54) of powerful 
automation systems can be accessed by individual laboratories for the purpose of development, 
testing, and troubleshooting before submitting the final workflow to a central facility. Moreover, 
to tailor capabilities to the needs of specific research groups, individual laboratories could develop 
a singular instrument in accordance with guidelines from a central facility such that the unit could 
be temporarily installed in a centralized facility55. 

Centralized, distributed, and hybrid approaches seek to keep SDLs open to researchers 
regardless of background or financial means and ensure that an enclave of privileged facilities do 
not have sole access to SDL—a configuration that would not only worsen disparity between 
laboratories for funding and publication but would also squander the potential of the SDL-led 
research paradigm. Despite these varied approaches, the challenge remains of how to ideally 
balance priorities between advanced, communal automation technologies and networks of 
specialized platforms. The optimal strategy for SDL deployment must consider how the initial 
investments (the barriers to entry) are overcome, how logistics and legal concerns are managed, 
and how the workforce is prepared to engage with SDLs in industry and academia. 



 4 

 
Figure 1. Schematic illustrating both centralized (top left) and distributed (top right) SDLs. 
Laboratories are represented with Greek letters, their requested jobs with numbers, and 
capabilities with icons in gray circles. In the centralized approach, multiple laboratories submit 
their requests, and time on various center facilities are equitably distributed between modules 
throughout the day. In the distributed approach, various (temporary) groups form around 
complementary capabilities and the groups can distribute tasks amongst themselves, share 
information, and transmit instructions and materials as appropriate. 

In terms of financing and staffing, centralized facilities may be more attractive to industry 
investors and national funding agencies, as funding a single meta-project helps guard against 
splintering and wasted/redundant effort, helps maintain long-term collaboration, and provides 
more stability (less risk) than an individual research group56. As the costs of commercial 
automation units and software decline, distributed SDLs become more feasible. Smaller, designer 
SDLs are in turn likely to attract local businesses and universities. The proximity and flexibility of 
distributed SDLs can facilitate rapid collaboration on novel and cutting-edge research for a given 
scientific or industrial niche—provided the rest of the SDL technologies are already in place (or 
the collaborator can tolerate the investment). Conversely, a centralized facility may have too much 
inertia to rapidly address changing needs or may struggle to justify providing highly specialized 
equipment that only a handful of users ever use. 

The maintenance and sustainability of the SDL ecosystem is also dependent on good 
management. Team-science management, regardless of approach, requires the coordination of data 
and experiments in a manner that is both robust and equitable57,58. The distributed approach, with 
its more liquid boundaries, would require significantly more coordination, making maintaining the 
digital aspect (digital twins and datasets) more difficult59. The centralized approach raises ethical 
questions of how projects are selected, time and resources allocated, and experiments managed. 
Both approaches, in different ways, also raise ethical questions about the proper attribution of 
credit, the costs of material, and the sharing of materials between projects when research is 
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conducted outside its parent laboratory. Beyond these issues of self-regulation, there are also 
external regulations which must be considered. 

In democratized science, data must be generated safely, ethically, and legally and the 
quality of the data must be made trustworthy60. With respect to local and national regulations for 
hazardous materials, dangerous processes, and sensitive data, it is not clear which approach, 
centralized or distributed, is a better fit for the near future of SDLs. A centralized facility may have 
an easier time being regulation certified, but also must acquire more or higher-grade certifications; 
whereas a smaller SDL in a distributed network can only apply for the certifications it needs but 
may struggle to acquire all the engineering controls required to meet the certification. Concerning 
data quality, any SDL would require routine testing and quality control in order to maintain public 
trust in addition to study-specific benchmarking and control experiments to ensure the validity of 
results for new or novel materials and processes. In the centralized approach, a consortium of key 
facilities could develop these protocols and use them as the standard; whereas in the distributed 
approach, significantly more effort would be required to create robust future- and site-proof 
standards for interoperability, shareability, and reproducibility with periodic checkups to remain a 
trusted member of the network of collaborators. While overall maintenance and standardization 
may be easier for centralized facilities, it is worth noting that it is likely that the research groups 
using these facilities may find the established protocols and standards limiting in what research 
can be conducted. 

SDLs must engage with and support their collaborators: people.29 Any proposed education 
strategy implemented should reinforce itself to ensure the sustainability of the SDL ecosystem. By 
participating in an autocatalytic cycle of training future users who can improve SDL systems and 
better communicate with others, these future experts are more able to train the next generation of 
scientists and industrial users who can in turn further improve SDLs. In the centralized paradigm, 
key facilities create centers of learning where experts can gather and share wisdoms. These 
facilities can then act as educational institutions that can provide intense and fulfilling education 
for participants. Conversely, in the distributed paradigm, having more diffuse facilities can more 
effectively provide access to a geographically diverse cohort of future SDL researchers and may 
have a larger overall capacity—increasing the number and diversity of future-researchers 
benefited. Furthermore, low-cost and do-it-yourself SDL technologies can serve as educational 
tools for burgeoning researchers (e.g., “frugal twin” platforms54, Educational ARES61,62, and 
Legolas63). Ultimately, the democratization and use of SDLs is in service of people, and how users 
are trained in and engage with these powerful research tools must be thoughtfully considered. 

In both paradigms, the goals to increase throughput or reduce cost must be balanced against 
the quality of the data (Figure 2). Experimental fidelity can greatly impact the number of 
experiments required to arrive at a solution39,64, and further work is required to determine the 
optimal tradeoffs between these design goals. Any low-cost system would need rigorous 
reproducibility analysis to be of value to SDL-aided research. The relationship between setup and 
operating costs and data fidelity will evolve with the advancement of automated laboratory 
technologies and in turn modify the optimal balance between centralized and distributed SDL 
research. The democratization of SDLs is a continuous process and will necessitate and support 
both an increase of team-science and the advancement of accessible, automated laboratory 
technologies. 
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Figure 2. Illustration of the tradeoff between initial investments improving experimental fidelity 
and the number of experiments (thus operating costs) required to achieve a goal on an SDL. 

Roadblocks on the Path to Future SDLs 
SDLs have the potential to expand (or restrict, if improperly managed) who is afforded the 
opportunity to do research. There are significant hurdles which hold back SDL technologies and 
forestall their democratization (Figure 3). Individual SDLs are large projects, and current 
demonstrations of SDLs are limited by hardware and software capabilities or are deployed 
conservatively to reduce risk. As a result, there are few exemplar systems that are industrially 
relevant enough to attract widespread funding, and funding is required for high-impact 
demonstrations. Support from outside this cycle is needed to kickstart SDL proliferation, and 
efforts made to democratize both physical and digital aspects of SDLs are necessary. 

In this section, we review the major roadblocks to SDL proliferation and to the subsequent 
democratization of automated research technologies. The discussion will focus initially on the 
digital aspects and physical aspects of SDLs, then the generality of SDLs platforms and matters of 
user trust and workforce development, then finally on the challenges of attracting non-academic 
support for the technology. 

Machine Learning and Autonomy 
The integration and automation of advanced data-science strategies for the analysis of results and 
the proposition of new experiments is a key feature which separates SDLs from prior work in high-
throughput experimentation. Currently, machine learning (ML) for materials and molecular 
discovery is primarily used as a virtual screen for candidate samples (simulating experiments, i.e., 
sample to property) and as an experimental planner (simulating rational design, i.e., property to 
sample). Virtual screens can be applied iteratively, with increasing fidelity (and computational 
cost) at each iteration to efficiently move from a large candidate space to a manageable set of 
promising candidates for experimental validation. Synthesizability is often one of the last virtual 
screens to be performed, despite its necessity and restrictiveness, due to its computational cost—a 
challenge which has motivated incorporating synthesizability into experimental planning 
models65–68. 
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Figure 3. The cycle of challenges forestalling the advancement of SDL technologies. Incomplete 
integration of AI, hardware, and software prevents the creation of agile experimental systems and 
the complexity of these systems renders SDLs into black-box systems which can struggle to balance 
all the requests and questions given to them. Questions and requests to different aspects of SDLs 
receive unclear answers and this incomplete information results in difficulties collaborating with 
other scientists and industry partners, which in turn impacts funding and support. A lack of 
cohesive support challenges the advancement of human–AI–robotic collaboration and the 
improvement of SDL technologies, starting the cycle anew. 

The development of multi-objective ML algorithms for automated experiment suggestion 
is typically not as trivial as running multiple single-objective algorithms simultaneously. Single- 
and dual-objective workflows have demonstrated great potential69, and have enabled both closed-
loop (no human intervention—often excluding restocking or maintenance)3,70,71 and hybrid 
workflows (e.g., electron and scanning probe microscopy23,26, synchrotron scattering72, etc.). 
These successful demonstrations have required two important prerequisites for the ML component: 
well-defined cost/feasibility constraints and a robust reward structure. Constraints can often be 
specified using prior knowledge about the experimental system or be learned during 
experimentation. The reward structure, however, presents compounding challenges for multi-
objective and future-looking ML algorithms.  

One concern for multi-objective rewards is that in physical systems, the property–structure 
spaces are rarely smooth (sc., a core assumption of many ML models).73 While algorithms to 
handle non-smooth property-structure spaces are in development74–76, their translation to 
experimental systems remains a work in progress. Another concern for multi-objective rewards is 
that physical and chemical properties are often correlated, and so a naive composition of rewards 
from individual models may overfocus on a subset of properties77. Material or molecular synthesis 
and purification can take hours to complete, yet some characterizations can take seconds (e.g., 
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spectra) to years (e.g., ambient stability). As a result, model components must either become 
desynced or propose multiple rounds of experiments before receiving feedback70. Finally, there 
are some objectives which are difficult to express mathematically or provide immediate feedback 
to the model. For example, future-seeking objectives such as “optimize for sustainability” or 
“discover a greener pathway to a chemical product” need to be translated into short-term 
measurables (e.g., toxicity scores, material use, stability, waste generation, supply chain carbon 
footprint, monetary cost, etc.). Each short-term measurable comes with its own set of questions 
(e.g., metric/assay choice, comparison techniques, economic contexts, etc.). New ways of 
combining and translating objectives78–80 are required to address complex or unclear connections 
between objectives (low- and high-level, immediate and far-off). 

To address the latency concern, the use of digital twins81 or proxy measurements82 has been 
proposed. A digital twin is a rigorous model of the experimental system which can be used to 
provide simulated results until the true results are obtained (as well as help with screening proposed 
experiments). This approach can address disparate timelines for feedback but will slowly fall out 
of touch with reality. Proxy measurement is the estimation of a difficult or slow to measure 
property of interest by using correlations to a property that is quick or easy to measure—
necessarily requiring finding such a pair (or set) of properties and developing the correlations83. 
Proxy measurements can struggle in material discovery (extrapolative) campaigns and so require 
continually maintaining the correlations with new data. While these approaches address latency, 
they bring uncertainties as to how to connect these models/proxy measurements back to long-term 
goals as they replace real measurements with model predictions or correlations. 

A final, foundational ML challenge for SDLs is understanding and quantifying 
uncertainties. The uncertainty of the experimental proposition model and the property prediction 
models (as well as the value of specific results relative to the total objective) are crucial for 
determining which experiments are proposed. These uncertainties provide a crucial touchstone for 
human collaborators as a rough estimate of how confident84 the ML algorithms are. These 
uncertainties can be estimated using ensembles of models85 and can be augmented by experimental 
uncertainties of the SDL86. Current SDL hardware can make capturing some experimental meta-
data challenging; and despite manufacturer testing, experimental uncertainties must be measured 
for the particular chemical or material system being investigated. Armed with this information, 
however, an SDL may be able to improve its own workflows for material discovery and process 
optimization—learning about both the experimental topic and laboratory praxis. Less 
speculatively, uncertainty, calibration, and benchmark studies are required for human researchers 
and collaborating SDLs to determine their trust in SDL-generated results. Despite how crucial such 
studies are, the current suite of tests and the integration of these controls into SDL workflows is 
lacking. Without these tests, SDLs are not able to fully participate in science. 

Laboratory Automation Technologies 
Laboratory automation is a powerful tool and bridges the digital and physical worlds of SDLs, 
enabling active learning. Over the past few years, there has been a rapid growth of laboratory 
automation in research groups, ranging from (partially) automated facilities such as Emerald Cloud 
Labs45 to academic research systems48. To date, proof-of-concept automated setups have been 
demonstrated for many steps in the traditional materials science research workflow, including 
precursor formulation87, solid-state synthesis88, materials processing (such as printing31 and thin-
film deposition89), isolation3,90,91, and characterization92. Moreover, robotics solutions for sample 
transport have improved the accessibility and capabilities of both flow- and batch-based systems. 
The integration of disparate components into a single, usable platform (even in a modular fashion) 
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requires establishing engineering controls, networking systems, defining a data-collection and 
management structure, and providing human access points for troubleshooting and collaboration. 

Developing automation tools and integrating them into SDLs relies heavily on access to 
application programming interfaces (APIs) and the documentation of both these APIs and the tools’ 
capabilities82. Few APIs are readily provided by manufacturers and many are poorly documented 
or come with restrictive licensing agreements. Combined with limited vendor technical support, 
the burden of developing APIs often falls on researchers—reduplicating efforts between groups 
and producing solutions which are not universal. The success of platforms like Opentrons20,93–97, 
which despite its relatively simple capabilities and intended use as a biologics platform, 
underscores the importance of open-access systems and accessible APIs in fostering innovation 
and adoption in SDLs. The rise of open-access, low-cost systems, such as the Chemputer98, 
Molecule Maker51, Jubilee99, and others100,101, further highlights that the openness and 
reconfigurability of automation platforms are significant factors in their adoption. 

As an emerging field, off-the-shelf hardware has often focused on general-purpose use and 
high-throughputs—the latter of which is necessary to make SDLs effective research tools. 
Chemical and materials science, however, imposes heavy demands on system robustness, and the 
dynamic, specialized needs of cutting-edge research require flexibility not currently available in 
commercial units. Despite the falling cost of many individual laboratory hardware and software 
solutions, the escalating complexity and breadth of SDLs has prevented their proliferation—
particularly in academic and start-up environments where financial allocations can fail to keep 
pace with inflation and the time-to-deliverables is constrained. Research laboratories and 
commercial manufacturers must engage in a market- and science-driven dialogue about SDL 
technologies: should a manufacturer wish to capitalize on being part of the SDL ecosystem, it must 
provide and support programmatic access to its products. A commercial manufacturer is likely, 
however, to include this integration as an a-la-carte service—adding another cost. While it is 
possible to forgo putting APIs behind a paywall, as the prior Opentrons example exemplifies, the 
commercial supplier would be betting that increased hardware sales would make up for the lack 
of API sales. 

Due to the size of the research market, vendors may not foresee sufficient economic returns 
in recapitalizing their product lines, especially when contrasted with closed ecosystem approaches 
that are potentially more profitable. Moreover, vendors may be averse to open-source systems that 
are interchangeable between vendors for similar potential-profit–based arguments. These financial 
motivations inhibit integrations between vendors and, in turn, the rapid adoption and advancement 
of SDL solutions. Consequently, individual research groups are developing their own systems for 
their own specialized needs; meanwhile, most groups, especially in industry, would rather purchase 
a working off-the-shelf SDL. 

Further compounding the economic barriers to SDL development, research funds are 
mostly allocated towards scientific results, rather than the infrastructure and development needed 
for SDLs. The current research funding ecosystem results in bootstrapping and leveraging of funds 
to build SDLs. In addition, the singular focus on the scientific results of interest can result in 
hardware and software which are tailored to (or even pigeonholed in) a specific application—
reducing the generalizability of SDLs. Furthermore, student theses are harder to award for tool 
development than for scientific advances, relegating SDL development to the leadup to the 
published work. Therefore, it will be important that investments be made in SDL infrastructure, 
with the understanding and expectation that these new tools will lead to new and impactful 
scientific advances. 
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Looking ahead, we anticipate exciting breakthroughs that will expand the capabilities and 
diversity of lab automation technologies. A growing number of case studies102 demonstrate that 
collaborative workflows, where human and robotic systems work together, can achieve synergistic 
benefits. Incorporating humans into complex experimental workflows is not necessarily a 
transitional step toward full automation; it can be a tailored approach that maximizes system 
flexibility and efficiency. Moreover, while current state-of-the-art laboratory automation 
technologies aim to replace human-centric experimental workflows with robotic maneuvers, the 
next generation of laboratory robots is expected to possess the capability to create new workflows. 
These will leverage the geometry, precision, and complexity of mechanical hardware and make 
timely decisions using ML, rather than merely replicating how humans perform scientific tasks. 

Automatability and Agility 
Despite open-access efforts to facilitate the sharing of SDL technologies, their transferability in 
practice can be limited. Control and data systems need improvement to address the dilemma 
between the desire for generality (being applicable to any hardware system) and specificity (taking 
full advantage of the nuances and capabilities of a given instrument)103. 

While the accessibility and power of APIs has been discussed in the previous section, 
vendor-provided APIs may transmit data in proprietary or otherwise opaque data formats—
complicating the data analysis required for self-driving operation. Academic18, commercial104, and 
governmental105 research efforts into providing open-source and simplified APIs and SDL 
development tools show promise in making SDLs more accessible and interoperable. These open-
source and more homogeneous interfaces (cf. bespoke interfaces) have an additional potential 
synergy with automatic hardware integration and exchange tools enabled by LLMs (vidē īnfrā). 

Many members of the SDL research community (and some journals106) have actively 
embraced the public release of data and code as part of the publication process. This open-source 
strategy benefits even groups which must develop their own “home-built” solutions (for legal, 
competitiveness, or technological novelty reasons) as the open-source libraries can be referenced 
and components can be reused—provided sufficiently modular design. This push for the open-
sourcing of published software must be only a starting point. Successful open-source packages 
require long-term software engineering and maintenance, which are incompatible with typical 
academic research funding mechanisms107. The popular open-source libraries for ML development 
are largely maintained by the technology industry. For SDL software, however, releasing a package 
as open-source then hoping that “the community” will take care of it is overly optimistic. 
Complicating cyber infrastructure needs, the threat of open-source tools being used to hack SDL 
systems poses real-world physical safety and intellectual property (IP) concerns. As demonstrated 
by the recent XZ Utils incident, open-source software is not impervious to malicious actors108. 
Security will become a major concern as SDLs amass more data and centralized facilities become 
prime targets for data-theft and denial-of-service attacks. 

Data-management and modeling must be flexible, interoperable, and provide 
representations of experiments and results.109 Whereas the motivations and challenges of FAIR 
scientific data have been discussed elsewhere110, attempts have been made to organize 
experimental information in general purpose relational schema111 and in semantic knowledge 
graphs27,112 as well as efforts to provide provenance tracking113—a feature which, once mature, 
will be indispensable for combating dubious data and for general data-management in a distributed 
paradigm. 

ML modules, as well as virtual experiments, also require automation. There has been a 
growth in the development of software packages that automate the creation, training, fine-tuning, 
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and deployment of ML algorithms for a variety of contexts (e.g., ChemProp114 automates the 
creation and deployment of ML models for molecular property prediction). Considering the 
ubiquity of optimization as a problem, numerous software packages have emerged for single and 
multi-objective optimizations in general (e.g., Ax115, Dragonfly116, gpCam117, scikit-learn118, etc.) 
and in chemical and materials applications (e.g., Olympus119). Despite their utility and 
demonstrated power, the incorporation of appropriate domain knowledge (i.e., constraints and 
compositional-/permutational- invariances of the search space)120 is still encoded manually by 
expert users. 

A complete workflow must combine instrument control, data-management, and experiment 
planning together, performing an iterative cycle until the specified goals or other stopping 
conditions have been reached. These types of workflow management software tools are well-
developed for computational research, but comparatively nascent for SDLs. Examples of SDL 
workflow managers include ARES OS 2.0121, Atinary122,123, ChemOS 2.0124, NIMS OS125, and 
BlueSky104, in which the general process (experiment types to be performed, types of optimizations 
to be conducted, stopping goals, etc.) are programmatically defined. Distributing experimental 
workflows across multiple geospatially separated sites is a long-standing interest in this field, and 
methods adapted from computational workflow management have been applied to this 
problem.70,126 

A long-term goal of SDLs is for them to have the ability to freely generate workflows 
toward high-level goals. Several groups have recently demonstrated higher-level artificial 
intelligence (AI) agents using pre-trained LLMs to elicit a goal from the user in natural language 
and then iteratively taking actions by calling external “tool” programs (which perform physical 
operations, measurements, simulations, and literature searches, etc.).35,127–129 Existing LLMs are 
best understood as approximate search and retrieval engines that mimic the planning present in 
training examples, and their unpredictability requires special attention be put into engineering 
operational safeguards130. In addition, the current best ML models for laboratory automation are 
commercial products and lack public information about their training data, reproducibility or 
consistency metrics, hallucination rates, and precise methods—traits which render them 
undesirable for scholarly purposes. For the near term, achieving genuine planning with LLMs 
requires considerable supplementation with more traditional, logic-based verification 
workflows131. 

LLMs present an opportunity to automate the translation and integration (interoperability 
and efficient communication) between different robotic systems. Presently, a considerable amount 
of time and resources is spent on manually developing "glue" software to facilitate interaction 
among disparate systems. While powerful middleware, protocol, and orchestration tools such as 
ROS132, SiLA 2133, and BlueSky104 that aim to address these interoperability issues have been 
developed, their adoption is limited to groups developing the most complex SDLs, pointing to a 
broader issue of fragmented technology ecosystems within laboratories. These middleware suites 
have learning curves that can challenge less experienced groups and are sufficiently abstract (due 
to their universal design) that they can be difficult to quickly deploy for a specific application. 
Conversely, for the larger projects of more experienced groups, version management and overhead 
can become a concern when using these frameworks134 and may motivate a group to create its own 
middleware suite. Consequently, the progress by less experienced groups is limited by their lack 
of awareness or expertise in the technology and progress by more experienced groups is not easily 
transferable to other groups. 
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Transparency and Trust 
As a consequence of experimental planning, execution, and analysis being automated (especially 
when done so in an ad hoc manner), there have been concerns about whether the data generated 
by an SDL can be trusted. While ad hoc solutions are indispensable during the early stages of a 
technology’s development, they often result in increased setup times and suboptimal outcomes as 
many laboratories "reinvent the wheel"18,135,136 or implement methods developed by non-experts. 
This makeshift approach not only delays the operational readiness of SDLs but also introduces the 
potential for unreliable experiments. Ultimately, the need for trustworthy data is two-fold: 
accurate, precise, and reproducible results are foundational to the scientific method and any 
democratic use of SDL technologies is susceptible to being poisoned by bad data39,64. A 
democratized SDL future will involve immense data sharing and the quality of this data is 
paramount to ensuring efficient experimentation, practically useful results, and safe operation. 
When deployed properly, SDLs could be used to automate the verification of claims made in the 
literature137. 

Cross-validation establishes and quantifies trust. It is important, then, for existing platforms 
to participate in validation studies in order to resolve irreproducibility issues, help industry 
quantify the risks of investing in SDL technologies, and supply training data for endeavors in 
mapping operations between different hardware architectures—ultimately accelerating 
collaboration by improving the transferability and interoperability of SDL technologies and 
experimental results. Many extant SDLs, however, are beholden to their externally-funded 
project’s goals (particularly in academia) and either do not have the bandwidth to repeat others’ 
studies or conceal crucial aspects of their workflows to protect their sponsors’ IP (curtailing the 
cross-validation of their results by other SDLs). 

At present, most laboratories can only report calibration, benchmarking, and self-validation 
data to garner support—with only a fraction of SDLs actually incorporating repeated validation 
experiments to mitigate systematic errors or reporting repeatability metrics for benchmark 
experiments. There are, however, no standards for performing or enforcing such studies and 
incentives are non-existent. Different fields and applications have different ideas of what is 
considered standard for experimental verification; and for multidisciplinary and multi-application 
SDLs, these discrepancies make defining a singular standard difficult. For example, SDLs must 
often justify the abridgement3 of otherwise ubiquitous characterizations of nuclear magnetic 
resonance and mass spectroscopy or x-ray diffraction due to the mismatch in throughputs 
(particularly with the workup for the characterizations). 

For distributed SDLs, the completeness and thoroughness of platform and results 
characterization (meta-characterization) must be studied such that collaborators can properly 
assess literature data. Centralized SDLs may be able to create de facto meta-characterization 
standards through their internal policies and the requests of users. As hardware advances, however, 
it becomes necessary to standardize how mechanical components of SDLs are specified138 and to 
train personnel in their proper maintenance. Generally, duplication of research and development 
efforts for SDL equipment should be reduced to only what is necessary for cross-validation. 
Similarly, as data formats and software evolve, best practices and standards change, and the 
preferred programming languages for scientist-programmers shift in popularity, the code- and 
data-bases of an SDL must be properly maintained and tested in order to avoid bit-rot139. The 
protocols for communicating with centralized facilities or between distributed SDLs are probably 
the most susceptible to changes and frequent maintenance as they are directly tied to larger internet 
infrastructure, cybersecurity, and evolving research objectives. Until either a critical mass of SDLs 
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is online or the self-reporting of platform metrics is sufficient to assuage investment risks, the lack 
of trust to justify SDL-investment will remain and the growth of SDL technologies will be stymied. 

Simultaneously, the adoption of comprehensive data collection and analysis remains 
inconsistent. For SDL technologies to thrive, data must encompass not only experimental results 
(inputs and outputs) but state and environmental information as well (e.g., temperature, relative 
humidity, and any metadata required to reproduce the results of the ML models—measurables 
often overlooked by commercial units)60,140,141. Within a domain (e.g., organic chemistry, materials 
science, biochemistry, etc.), there can be multiple representations for the same material; for SDLs 
at the intersection of multiple domains (and modalities, i.e., experimentation vs. simulation), this 
challenge of representation is only exacerbated. For SDLs to be effective, it is not enough that data 
be accessible over the internet, data must be readily usable (machine-readable), transferable across 
domains, and have associated confidence levels to let researchers (and SDLs) make informed 
decisions about using them. While epistemological and ontological frameworks are in 
development27,142 and can facilitate collaboration across linguistic, domanial, and cultural barriers, 
they represent yet another complex system which must be integrated into an SDL. The 
development and maturation of a standard formalization of data collection and sharing for SDLs 
will take time; yet there is an opportunity for a near-term solution in using LLMs to aid in 
translating between different research groups’ and commercial units’ data-management formats. 

Workforce Development 
The transition from conventional to autonomous research in the materials and chemical space will 
require developing a specialized workforce that is multi-faceted and fluent in a number of 
disciplines. The status quo of research favors collaborations between others in a similar field (such 
as chemical engineering and materials science, or robotics and computer science) or between 
members of the same research campus. Unfortunately, the applications where SDLs are most 
promising also require the greatest mass of knowledge. The interpretation of results is further 
complicated by the throughput and potential depth of data which an SDL can generate143,144. 

The needed workforce is not, however, a monolithic body: the skills needed to realize, use, 
and maintain the autonomous research enterprise are not the same. To respect this granularity, we 
propose to consider the workforce development challenges and opportunities in terms of three 
classes of participants (Figure 4). In particular, we consider developers that combine hardware, 
software, processing, and materials innovations to realize new autonomous systems; technicians 
who are responsible for maintaining and tuning such systems; and users who primarily interact 
with autonomous research systems through the digital world by selecting hypotheses, guiding 
learning, and analyzing data. While these may be distinct roles, it is important to acknowledge that 
individuals may move between these roles throughout the course of their career and as their 
research needs evolve. Moreover, these roles will require differing levels of expertise within and 
between fields as well as collaboration skills. As complex engineered systems that lie at the 
intersection of multiple domains, SDLs will need a healthy distribution of actors to be successful. 
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Figure 4. Schematic of the three primary roles of SDL personnel: developers, technicians, and 
users. 

The developers of autonomous experimentation systems must combine the dual expertises 
associated with their experimental domain and automation. They must know the subtleties and pit-
falls of various laboratory and research techniques in their discipline and be skilled in robotics and 
software control to provide programmatic control which aligns with their nuanced scientific 
understanding of the process. In contrast, traditional academic departments are fairly siloed with 
robotics being separate from chemistry or materials science; and learning to be a developer 
generally requires dedicated training and learning to fill the educational gaps as well as practice. 
The need for practice systems can be ameliorated with low-cost systems that have been specifically 
designed as pedagogical tools.63,101,145,146 The development and dissemination of such systems is 
an important part of efficiently training SDL developers. 

The challenges associated with maintaining SDLs mirror the challenges in developing 
them. A technician may be required to monitor processing signals to ensure smooth operation, 
intervene to repair or recalibrate the system when needed, and restock supplies. Technicians are 
not required to have the depth of expertise in the underlying science or robotics optimization as 
would be required for developers. As such, individuals with some experience with physical 
experiments, whether vocational or through undergraduate training, and instrument-specific 
training will be able to perform this role. Here, micro-certifications and online training (offered by 
an academic institution or manufacturer) are appropriate for delivering the specific knowledge 
needed to operate the relevant systems. Both the academy and industry should be involved in the 
development of these resources. 

A fascinating opportunity enabled by SDLs is the opportunity for researchers to interact 
with them in a purely digital sense. Whether decentralized or centralized, future SDLs may connect 
to users from distal institutions. The user’s two main responsibilities are to (1) formulate good 
scientific hypotheses for the SDLs to explore and (2) oversee the learning process to make 
adjustments as needed. While the former can be thought of as a goal of doctoral education 
(implying most first-generation users will be domain experts), in contrast to a developer, this 
domain expertise could be purely computational. For proficiency in the latter task, users will have 
to practice overseeing the SDL. Facile tools that allow for this experience and pedagogical 
resources that define the types of situations that can be experienced (and how to resolve them) are 
needed147. 

While the collaboration between industry and academia is necessary for the advancement 
of SDL technologies, there is a conflicting argument between what each group seeks to gain from 
the advancement. A user seeking to apply the SDL to solve a scientific problem or perform a rote 
action may desire a more vertically integrated SDL technology, which packages hardware control, 
data-management, and experimental planning together (such as Atinary122 or a lab-as-a-service 
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provider such as Emerald Cloud Lab45, Frontage Lab148, Certified Laboratories149, etc.). A 
developer seeking to advance laboratory capabilities may desire the ability to combine, adapt, and 
create new modules—favoring horizontal integration. A party more interested in workforce 
development, education, or mitigating job displacement150,151 may desire to have components 
developed and implemented in-house as a form of training. These cases must be balanced so as to 
provide the equitable advancement of the technology (theoretical and demonstrated) and the 
workforce. 

Successful efforts in a collaborative SDL will require team science152 to communicate with 
diverse researchers and people who may not have shared research experience, vocabulary, or 
knowledge base—a cultural exchange applying to both new students and seasoned experts alike. 
Large, disparate teams are more vulnerable to failure because of the lack of shared knowledge, and 
shared goals. These teams will need people skilled in team science who can facilitate development 
and success of the team—a role currently not prepared by academia. There are some programs 
such as the “Growing convergence research” program at the National Science Foundation (NSF)153 
that are pushing this area. A consequence of this lack of a teaching culture is that teamwork is most 
often learned “on the job”. While it is not possible to master team science wholly within a degree 
program and this skill is a lifelong learning objective; it has yet to be determined how this skill set 
should best be integrated into educational programs. 

Finally, there is the open question over how training should be distributed between 
academic and industrial settings as well as the design of curricula and programs—items which 
depend on the nature of how the centralized and distributed paradigms are balanced in the future. 

SDL Partnership Efforts 
Industrial adoption and implementation of SDL technologies are currently limited to a few specific 
areas, such as biotech, biopharma, and specialty chemicals/materials where companies have 
applied SDLs in their discovery pipeline154–157. While examples have recently emerged in related 
fields, further de-risking of the technology is needed for a broad market penetration. 

Industry-led partnerships bring more than financial resources, they offer access to experts, 
real-world applications, and commercialization channels. For instance, the IBM–Pfizer 
collaboration on AI for drug discovery demonstrates how industry support can advance SDL 
capabilities by combining computational power with pharmaceutical expertise158. Unlike purely 
governmentally funded projects, which are often delimited by specific research outcomes and 
timelines, industry partnerships can be more flexible. Partnering with academic institutions can 
provide valuable assets such as innovative research, specialized domain knowledge, and access to 
state-of-the-art SDL facilities. A compelling offer to industry partners could include tailored 
research projects that leverage academic insights to solve industry-specific problems, as seen in 
the partnership between Google DeepMind and various UK universities, where AI research is 
applied to challenges in healthcare, energy efficiency, and other areas159. While traditional funding 
bodies are typically limited in terms of budget and scope of SDL projects research initiatives 
(making it difficult to fund ambitious, large-scale projects needed for breakthrough 
demonstrations), industry participation, can be instrumental in the development of large-scale SDL 
initiatives—such as the Materials Innovation Factory160 among others161–163. 

Thorough cost-benefit and other techno-economic analyses are typically required to 
illustrate the potential savings in time and resources that SDLs offer over traditional research and 
development processes (e.g., such as high-throughput screening and experimentation) and will 
help collaborators make the best choice of tool for the challenge at hand. Mature approaches are 
often viewed as safer investments for addressing new, complex problems, and as SDL technologies 
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advance the question of whether to (or the temptation to) use brute force, high-throughput 
experimentation will remain as advances in one often apply to the other. While transparent analyses 
of SDLs may help partners overcome their own barriers of viability, security, IP, and 
competitiveness, external factors such as legislation over whether compounds or processes 
discovered by SDLs are patentable hover over industry support. 

The fourth industrial revolution (Industry 4.0) encapsulates the profound transformation in 
industry catalyzed by automation and autonomy164. Across various regions globally, particularly 
in Europe and Asia, many countries are actively embracing and gearing up their economies for this 
revolution165–168. While we remain in the nascent stages of this revolution, the utilization of ML 
and generative AI in industrial contexts is rapidly gaining traction169. The advantages of employing 
autonomous workflows in industry are readily apparent: enhanced productivity, heightened 
efficiency in production and discovery, and improved reproducibility and quality control. 
However, realizing these benefits necessitates overcoming numerous challenges to prepare 
industries for such a transformative shift. 

To support burgeoning industries, it is imperative to fathom the intricacies of developing 
ecosystems tailored to handle autonomous workflows. The escalating connectivity of data via 
cloud resources and the Internet of Things necessitates data ecosystems capable of autonomously 
processing, storing, and harnessing the exponentially increasing deluge of data in a flexible, secure, 
and sustainable manner. Such data ecosystems have garnered interest from industry, as evidenced 
by the initiatives mentioned above, as well as from government researchers, exemplified by the 
recent US Department of Energy blueprinting activity for an Integrated Research Infrastructure170 
and NSF’s National Artificial Intelligence Research Resource Pilot171. At the Interconnected 
Science Ecosystem at Oak Ridge National Laboratory, for instance, “architects” are crafting a 
systems-of-systems architecture and microservices to comprehend the deployment of autonomous 
workflows across a myriad of scientific domains, including those concentrated on industrial 
settings like scalable autonomous material development, electric grid emulation/optimization, 
additive manufacturing, radioisotope production facilities, and agricultural facilities172. 

Collaboration with national laboratories provides a unique opportunity to explore how 
different lab and academic efforts can be coordinated on a larger scale and provides a testbed for 
how various centralized and distributed technologies can be implemented. The intermediate scales 
and technology readiness levels of national laboratory projects, may be optimal for the 
development of autonomous systems to manage both academically and industrially relevant data 
provenance and metadata—a challenge that transcends fields and informs how disparate industrial 
sectors must adapt to embrace autonomous workflows. Whereas a centralized facility can achieve 
high throughputs through advanced scheduling optimizations and by scaling up, a network of 
SDLs can achieve high throughputs by numbering up (distributing, and thus parallelizing the 
workload). If a workflow requires specialized equipment, it is dependent on a central or member 
facility possessing such equipment. A potential solution is one being explored by BlueSky104 and 
Argonne National Labs’s173 SDL facilities whereby the host facility shares its integration standards 
such that research groups can submit and “plug in” their own devices to handle niche cases. While 
this requires financial and logistic support for transporting, troubleshooting, and integrating 
bespoke equipment, it does address the throughput concerns of a single, small facility and the 
specialization concerns of a centralized facility. 

Calls to Action 
In our collective advancement toward a more democratized future of SDL-aided research, we must 
focus our efforts. Depending on the application, different aspects of SDL workflows are identified 
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as the limiting step: for some, SDLs are limited by throughput (synthesis, workup, isolation, 
purification, characterization, or model-retraining), for others, SDLs are limited by 
underperforming models, and for others still, SDLs are limited by data collection and management 
(Figure 5). At the core of these issues is the idea that for many SDLs the material and data 
throughputs between unit operations are mismatched given extant technologies. While 
advancements to improve individual components must be made, this conflict hints that additional 
work is needed in the prediction and management of scopes and throughputs when an SDL is being 
designed174. In this spirit, some effort should be made into automating the act of automation by 
creating SDL “installation wizards” which can help in selecting equipment and developing 
variations of traditional workflows to make the most of the resources available. Such analysis can 
also help identify which bottlenecks are the result of funds and which are the result of some 
fundamental limitation of the technology or technique. The latter invites innovation and can better 
illuminate the cross-SDL benefit of addressing these limitations—catalyzing the development of 
new SDLs. 

 
Figure 5. The challenges facing SDLs are multifaceted. Each contributor carries their biases and 
perspectives and may identify differing critical steps—such as deficiencies in AI, synthesis or 
characterization bottlenecks, a lack of APIs or standards, etc. If these shortcomings (shadows) can 
be taken holistically, the true core issues with SDL technologies (imaginary shape in the center) 
can be determined. Discerning the truth will require multiple perspectives and invites the potential 
for bringing AI analysts into the conversation. The community can then focus efforts and address 
what is truly critical. 

Concerning commercial equipment, preferential purchasing of equipment and software 
which provides native programmatic control is a good start. In purchasing agreements and vendor 
selection, the quality of their APIs, documentation, technical support, and data FAIR-ness can be 
emphasized to show that these resources are marketable. Furthermore, researchers should seek to 
engage with research and development departments to co-develop prototype automation tools. 
Even if these collaborative efforts cannot be promptly released, by having a seat at the table, 
gradual improvement to SDL integration can be achieved. 

The SDL community must consider the technologies which it, itself, produces. How 
systems are made accessible to the broader research community can take multiple forms from low-
cost/cost-shared solutions to open-access resources, to transparency and low technical knowledge 
interfaces. Groups currently developing SDLs should make an effort to reuse (or consult) as much 
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code and data from prior studies as possible, even if it must be modified. While it is often beyond 
the scope of a single laboratory to develop robust, transferable code or experimental techniques, 
taking the time to analyze code and data reporting decisions can act as an additional form of 
dialogue between SDL developers. This encourages community involvement, reduces redundant 
effort, brings people into dialogue, and can help work out the bugs in our standardization efforts.  

In improving the reporting of SDLs, the community will need better metrics than those 
currently used. While there is pressure to present research in the most flattering light while still 
being fair and honest, supplemental information needs to better characterize the reality of 
platforms in operations39 (e.g., its performance in well-defined tasks, devices, capabilities, and 
interfaces). The definition of (partial) success must be considered and discussed when reporting 
any metrics about SDL performance with respect to its objectives—e.g., for a discovery campaign 
is there success in gaining any insights or only when a new compound is created and how do the 
properties of interest affect the degree of success? SDL reports should include calibrations, 
standards, and comparative or benchmarking studies performed so that others can better build off 
of the reported results. In addition, metrics such as overall operational performance, the degree of 
human involvement with the workflow, resources used and wastes generated, as well as an open 
discussion of areas where the platform could be reasonably improved should be reported (cf. 
ref. 175, ref. 176, and supplemental materials of ref. 3). Finally, economic or industry-aware 
analyses and discussions should be included whenever possible. Furthermore, each domain of 
science contributing to an SDL may come with its own idea of performance metrics—metrics that 
may require adjustment or reinterpretation in an SDL context. In robotics, metrics concerning the 
success of operations are muddied by a disconnect between high-level and low-level objectives; 
for example, when does the failure of a chemistry count as a failure of the automation? Reports of 
SDL advancements must make it clear exactly how success is defined, measured, and interpreted 
by both the researchers and the SDL’s governing models. Ultimately, we want to help others learn 
from and interface with established SDLs, reduce redundant efforts between laboratories, and help 
collaborating research groups diagnose and troubleshoot irreproducibility problems.  

While this list of reporting demands represents additional work in the present, it is 
important to establish rich descriptions of SDLs as the precedent for future work. This rigor will 
help to build and reinforce trust within and, perhaps more crucially, beyond the SDL community. 
Similarly, by having code and data available (when legal to do so), the communal development of 
SDLs can be accelerated and consensus can be achieved for best practices and a shared 
understanding of SDL language developed to propel SDLs into a democratized future. 
Additionally, rigorous reporting on SDLs, especially their shortcomings, establishes norms that 
not every published SDL needs to be flawless (an admission that helps the groups behind less 
“spectacular” SDLs to enter the conversation) and facilitates the identification of opportunities for 
improvement (inviting collaboration for perpetual improvement). 

The user experience must also be considered. While potentially difficult to justify the 
expense of developing user interfaces (especially for research groups), a good user experience 
greatly improves the adoptability of the technology (especially for industry), lowers the barrier of 
entry for non-experts, and eases the friction caused by high generational turnover in academic 
groups. User interface design may require external support: an opportunity to collaborate with 
software developers outside of the SDL sphere, opening opportunities for undergraduate research 
and masters’ theses and familiarizing more researchers with SDL technologies. 

Proposals should be tailored to drive the diversification of collaborators. Diverse expertise 
supplies SDLs with the necessary breadth of knowledge required to be built and helps to foster 
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and maintain collaborative relationships within the scientific and industrial communities so that 
future SDLs can thrive in a democratic and collaborative ecosystem. These cross-disciplinary 
collaborations will also facilitate the training of individuals in scientific communication and team 
science. Even when projects are simple, the inclusion of non-experts in SDL-related discussions 
helps prevent the gradual increase of the SDL skill-floor which often occurs when only experts are 
allowed to participate in discussions—outside (even naive) opinions help to challenge assumptions 
and bring in new ideas. 

An institute for automated laboratory infrastructure could better focus the SDL 
community’s efforts and provide partners with a meta-project with which to engage and interface. 
The NSF-funded, multi-university consortium, the Molecular Software Sciences Institute177, 
which serves to enhance software-development efforts in the field of computational molecular 
science can act as a model. A consortium for SDLs would more readily sustain long-term funding 
to develop and maintain SDL software infrastructure (as opposed to specific hypothesis-driven 
research projects) as well as provide pre-competitive, non-proprietary support for academic and 
industrial researchers. Such a consortium could, as an external entity, attract long-term staffing 
who could cultivate a set of best-practices and engage in developing educational materials (online 
tutorials, in-person workshops) to train users. By focusing on core SDL issues, the tools developed 
in part of the consortium would serve both centralized and distributed SDL paradigms. 
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