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What are researchers’ motivations and challenges related to automation and autonomy in materials science
laboratories? Our survey on this topic received 102 responses from researchers across a variety of
institutions and in a variety of roles. Accelerated discovery was a clear theme in the responses, and

another theme was concern about the role of human researchers. Survey respondents shared a variety
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preferred over full self-driving laboratories. Building on the observed patterns of researcher priorities and
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1 Introduction

In recent years, automation and robotics have become
increasingly accessible for materials science labs, with
researchers in this area motivated by the promise of experi-
mental innovation and accelerated materials discovery.
Researchers are working to implement both automation of
experimental processes, and also autonomy in labs. (Lab
autonomy refers to the automation and integration of experi-
mental processes and analyses, as well as interpretation,
decision-making, and planning.) To reach this point, the
implementation of laboratory automation and autonomy is
often a research project with significant upfront costs in terms
of time and money. However, we are now entering a stage where
these new capabilities are applied in experimental labs where
primary research targets extend beyond optimization to scien-
tific knowledge or materials discovery for emergent applica-
tions. As a result, different use cases and needs are emerging,
which may differ from patterns seen when designing self-
driving labs.'

At Toyota Research Institute, we work with a variety of
academic and national labs, as well as other industry
researchers, and we recognize the diverse set of opportunities
and challenges that laboratory automation and autonomy
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presents to our collaborators.* To extend our understanding
beyond our consortium to the wider materials discovery
community, we decided to synthesize the thoughts of
researchers working in labs with varying levels of autonomy and
different research priorities: their motivations, sentiments, and
perceived challenges around lab automation and autonomy.
Our survey in spring 2023 was advertised by email and social
media to the general public. It garnered 102 responses from
researchers representing a cross-section of the materials
discovery community (Fig. 1). We note that this survey has
provided us with wider insights than previously available, but
should be considered limited scope, with results potentially
biased due to the methods of participant recruitment. Details of
survey design, the full list of survey questions, and anonymized
responses are available in the ESL

In this article, we share the outcomes of the survey as they
relate to two main themes: accelerating materials discovery
(Section 2) and the role of human researchers in the lab
(Section 3). In each section, we provide additional context
drawn from interviews with materials science, automation,
and autonomy experts, which were conducted to guide the
design of the survey. In Section 4, we organize researchers’
stated priorities into a framework for levels of laboratory
autonomy, ranging from LO to L5. This framework, which
provides finer distinctions between the extremes of not-
automated and fully autonomous labs, provides a shorthand
for lab capabilities that can frame future discussions of lab
autonomy in the context of materials discovery. Finally, in
Section 5, we recommend community-wide efforts that we
believe will have a multiplicative impact on accelerating
materials discovery.
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Fig. 1 Demographics of 102 survey respondents, according to their (a) institution type, (b) category of research activities, and (c) role.

2 Accelerating discovery

Within our group and across the community, accelerated
discovery or accelerated research is often cited as a primary
motivation for lab automation and autonomy. In the survey, we
examined this premise by asking respondents to rank their
motivations to automate. Our survey provided options of effi-
ciency, creation of new capabilities, dataset generation, repro-
ducibility, researcher happiness, and researcher safety. The
overwhelming top-ranked motivation was efficiency (Fig. 2),
which is most directly linked to research acceleration. On the
other hand, researcher happiness and safety were the least
important motivators to automate, and also have the least direct
connection with research acceleration. We note that respon-
dents were given the option to list motivations beyond those
provided above, but very few did. In addition, the ranking of
motivation remained fairly consistent across levels of experi-
ence, with the exception being that those most experienced in
working with automation and autonomy were more interested
in the creation of new capabilities over efficiency.

Separate survey questions addressed acceleration by asking
experimental researchers about their in-lab rate-limiting steps
(RLS) for their research, and whether they would like them
automated. The diversity of responses (Fig. 3) shows how the

Efficiency New capabilities Datasets

automation needed to accelerate research depends on each
lab's unique workflows. Our survey respondents were interested
in accelerating activities such as battery cell fabrication, poly-
mer synthesis, thin film measurements, instrument setup, and
more. A majority of researchers wanted to automate the RLS in
their current lab workflow (64%). Those that did not want to
automate their RLS cited reasons around domain expertise and
human factors (the focus of the following section) or significant
research bottlenecks outside of the lab. A third category of
reasons to not automate the RLS centered around the challenge
of automation. For instance, tasks straightforward for humans,
like material preparation, could be challenging for robots.
These survey responses, our interviews with lab automation
experts, and interactions with our research partners have
surfaced the following common concerns of project leaders
planning to automate their labs to accelerate discovery.

Efficacy vs. cost

To implement the right type of automation to accelerate
discovery, project leaders must consider the technical challenge
and maintenance costs of automation. Sometimes convenient
but non-critical steps may be automated, but this may not
provide the desired research acceleration. For example,

Reproducibility Happiness Safety

o
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I Expert Some experience I Minimal experience
Fig. 2 Experimentalists’ motivations to automate (65 total responses). Histograms show the number of respondents who chose each rank for
each motivation, with 1 being the most important and 6 being the least. Colors indicate the respondents’ self-reported level of experience with

lab automation.
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Fig. 3 Number of respondents reporting rate-limiting steps (RLS) in
each category, and whether they want their RLS automated (55 total
responses). RLS categories include “Sample prep” for processing of
materials for experiment, "Expt. setup” for instrument setup, material
transfers, and preparing stock reagents, “Synthesis” for synthesis of
a variety of materials, "Cell assembly” for assembly and trouble-
shooting of devices, "Data” for data analysis, interpretation, and
management, “Measurement” for characterization and property
measurements, and “Integration” for the development of software and
hardware frameworks and interfaces.

materials from high-throughput synthesis might be bot-
tlenecked by low-throughput characterization steps before
a discovery is confirmed or an optimization plan can be created.
On the other hand, automating and accelerating the RLS of
workflows may require instrumentation development with
careful calibration against existing equipment standards and
compatibility with materials and workflows in the lab, some-
times becoming an insurmountable time sink.

Flexibility vs. robustness

From expert interviews, we learned that individual laboratory
operations, such as heating and mixing, are often not compli-
cated. However, linking separate automated steps together is
challenging. Commercial workstations, such as those from
Chemspeed Technologies, provide integrated automation plat-
forms to bridge the gaps between multiple experimental steps.>®
While standardization and robustness are enhanced by highly
integrated systems, they may restrict agility necessary for scien-
tific workflows. Therefore, flexible and modular automation has
gained popularity in labs developing customized workflows.
These setups often involve a robotic arm with a set of loosely
integrated formulation and characterization units that can be
removed or added depending on project needs, as exemplified by
the Universal cobots and Opentrons modules. The choice of
automation platform is influenced by the roles that researchers
envision robots play in accelerating their workflows.

Throughput vs. knowledge generation

It is crucial to differentiate between data collection and
knowledge generation. To maximize knowledge generation,
research workflows must balance the throughput of data
collection with the frequency of decision-making. This is
particularly the case with “iterative learning” workflows,”*°

© 2024 The Author(s). Published by the Royal Society of Chemistry
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where batches of experiments alternate with the analyses that
guide subsequent experiments. When the time and monetary
cost of each experiment justifies a premium on experiment
design and candidate selection, single or small batches of
experiments alternating with frequent feedback would be ideal.
When large amounts of data are needed to provide meaningful
feedback, high throughput via parallelization would be benefi-
cial. “One-shot” machine learning™™® similarly often can
benefit from high-throughput experiments, as all experiments
are completed before advanced data evaluation. It is important
to recognize that each learning mode has its own advantages
and limitations relating to the cost and accuracy of decisions in
the workflow, and whether these decisions are made by humans
or by artificial intelligence.

3 Role of humans

In the survey, we investigated the role of human researchers in
the lab by asking which tasks respondents would not want to
automate. Although 26% were comfortable with automation of
their full scientific workflow, the remaining respondents
believed that certain tasks, such as idea generation (hypothesis
generation and defining objectives), data interpretation,
experimental design, and on-the-fly interactions with complex
experiments require flexibility, creativity, and domain knowl-
edge and therefore should not be automated (Fig. 4, top).
Similar concerns were reflected in responses to a question
about negativity around automation (Fig. 4, bottom).

In certain areas, self-reported experts in laboratory automa-
tion had different perspectives from non-experts on how human
researchers should interact with automation. Experts did not
have concerns around trusting automation, in contrast to non-
experts, who also found it important to have alternate non-
automated avenues of validating automated workflows. In
addition, some non-experts described their preference for
keeping humans involved in experiment execution—whether
this was to incorporate human decisions and insights during
on-the-fly interactions in specific experiments, or to maintain
their own enjoyment of performing automatable tasks.

The survey responses and interviews revealed that, in the age
of Al and robotics, how scientists spend their time for labora-
tory research will be revised, but we are still at an early stage of
this paradigm shift. The primary concerns of researchers in
working with autonomous labs include:

Encoding human expertise and intuition

While autonomous systems can excel in optimization tasks,
optimization alone does not always lead to new scientific
discoveries. Breakthroughs often arise from
approaches, intuition, observation and action on unexpected
phenomena, or thinking outside the box, all which are built on
human expertise and experience, and are difficult to automate.
There's a growing emphasis on algorithms that enable a trans-
fer of human knowledge to robots, prompting many scientists
to learn computer science and build systems with high auto-
mation levels."* We expect combining human and artificial

creative
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Fig. 4 Categories of research tasks that experimentalists do not want
to automate (top, 54 total responses), and the reasons why researchers
may feel negativity around automation (bottom, 91 total responses,
multiple responses could be chosen), partitioned by whether the
respondent works primarily in computation or theory (‘computa-
tional”), and for experimentalists, their self-reported experience with
lab automation.

intelligence to enable robotics to execute and test new scientific
hypotheses to be a central focus moving forward.

Lack of trust in full autonomy

Our survey responses indicated a preference for retaining the
human element in ideation, hypothesis generation, as well as
some on-the-fly experiment observations, decision-making, and
adjustments. At present, scientists remain responsible for
scientific conclusions, even when experiments are performed by
robots. There are concerns about Al drawing inaccurate scien-
tific conclusions or failing to identify and act on novel
phenomena, a concern that is addressed in designs with
humans “on-the-loop”, with humans acting as supervisors
overseeing the automated workflow.

Alleviating dull, dirty, and dangerous tasks

In conversations with industry researchers, automation has
been seen as an avenue to improve safety in workflows. To our
surprise, our survey revealed the wider materials science com-
munity's preference for not automating tasks that are perceived
as unsafe. One key concern expressed was that in most labo-
ratory settings, humans and robots share the same workspace.
In the case of hazard exposure, a robot may not have been
trained to recognize or mitigate the issue, posing a risk to
humans nearby. Creating a safe work environment that
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accounts for the intricacies of the workflows becomes a crucial
design consideration for automated and autonomous labs. In
addition, although the goal of automation is to eliminate
tedious or boring tasks traditionally carried out by humans
(often talented graduate students), many students may also
perceive the monitoring and maintenance robots to be as dull,
or even more so, compared to bench chemistry tasks.

4 Levels of laboratory autonomy

The above survey responses highlight that researchers' desired
level of laboratory autonomy is not all-or-nothing. Depending
on the research task, as well as the researcher performing the
task, the desired level of autonomy will lie along a spectrum. We
partition automatable activities into five broad categories: (1)
process execution, (2) data analysis, (3) data interpretation, (4)
decision making, and (5) communication in workflows, as
defined below.

Process execution is the physical performance of experi-
ments in a lab, including synthesis processes, characterization
processes, and sample transfers. Automation here can be
provided by custom design and manufacturing, instrument
vendors, or implemented using external equipment such as
robot arms.

Data analysis, data interpretation, and decision-making all
occur in software. For our purposes, we consider data analysis
to be the execution of context-agnostic algorithms. This
contrasts with data interpretation, which incorporates domain-
specific or context-specific insights which may not be well-
defined a priori. Tasks such as denoising, background
subtraction, extraction of figures of merit, and visualization
may be categorized as either data analysis or interpretation
depending on the specific research project. Decision-making
draws on the information from data analysis and interpreta-
tion, so that a recommendation or decision about the next step
in an experiment can be provided.

Finally, to integrate the workflow, information must be
communicated at each step, tying together the hardware and
software, and physical and digital infrastructure.>**#
Communication in workflows can be automated with fixed or
hard-coded linkages, or with application programming inter-
faces (APIs) that allow better modularity. With a sufficiently
expressive and unified level of communication, multiple
autonomous workflows could be orchestrated and interleaved
ad hoc.

These categories are used in our framework for levels of
laboratory autonomy in Fig. 5. This framework takes inspiration
from the Society of Automotive Engineers (SAE) vehicle
autonomy levels, which describes six levels of driving autonomy
ranging from no driving automation (Level 0) to full driving
automation (Level 5).** The table entries show the minimal
amount of automation needed in each category to achieve
a given level of laboratory autonomy. These levels of autonomy
span the range in desired automation expressed by survey
respondents. Automation plays an assistive role in LO to L2
(Levels 0 to 2), and autonomy has a central role in driving
scientific research in L3 to L5.

© 2024 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4dd00059e

Open Access Article. Published on 31 May 2024. Downloaded on 12/4/2025 2:33:22 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

View Article Online

Opinion Digital Discovery
Process Data Data Decision Communication
execution analysis interpretation making in workflows
LO Minimal Minimal None None None
L1 Partial Partial None None None
convenient processes
L2 - Partial _Partlal Panlal_ Partial
critical processes convenient data streams machine-assisted
L3 Partial Partial Partial Full
" machine-driven / .
most processes critical data streams single workflow
humans as needed
Al Full Full Full
except occasional . human on-the-loop .
simple models y multiple workflows
sample transfers as supervisor
Eull Full Full Full
trusted by experts human out-of-the-loop orchestrated workflows

Fig. 5 Levels of autonomy for laboratory research. The table defines the minimum automation needed in each category to achieve a given

overall level of autonomy.

This framework intentionally projects diverse aspects of
automation in both software and hardware onto the single axis
of laboratory autonomy. We note that levels of laboratory
(hardware) automation could also be defined by referring only
to the process execution column. However, a six-level frame-
work did not seem to provide additional clarity when describing
software automation (ie., data analysis, data interpretation,
decision making, or communications).

We would also like to emphasize that this framework does
not assume or define the scope of the research being catego-
rized. The framework can be equally applied to describe the
level of autonomy for comprehensive discovery workflows or for
smaller processes that feed into a larger materials discovery
research pipeline. The following examples illustrate some
research areas where the framework may be applied.

We have observed that labs with a primary focus on accel-
erating discovery currently exist mostly between LO to L2, with
a few labs entering L3 autonomy. For example, we would
consider the experimental work to synthesize and characterize
an Al-predicted novel ternary oxide to be L1;** high-throughput
automation is leveraged on the computational side, automation
of experiment is minimal apart from a specific instrument with
automated varying-temperature XRD measurements. An
example of L2 research is reflected in research optimizing
battery cycling protocols.”* While process execution is mostly
automated, and data analysis, interpretation, and decision
making are fully automated—all aligning with L3—the
communication between steps are not, keeping the laboratory
research at L2. Humans must place cells into the cycler, initiate
and terminate cycling processes, and decide the experiment is
complete. An example of L3 research is the automated test
stand.”” Here humans need to replenish electrolytes in the test
stand, but an entire single workflow is automated.

© 2024 The Author(s). Published by the Royal Society of Chemistry

From L0-L2 autonomy, automation increases the efficiency of
experimental workflows and may augment the reproducibility of
results by eliminating dull and repetitive tasks. In general, parts
of process execution are automated and data analysis stream-
lined, but humans are ultimately responsible for data interpre-
tation and decision making—tasks that require scientific
intuition and iterative thinking. From L3-L6, these higher level
scientific tasks (data interpretation and decision making)
become automated and machine-driven. At these levels, human
researchers only step in as necessary. Finally, labs that achieve L4
and especially L5 autonomy must include researchers and engi-
neers with a strong interest in laboratory autonomy, and/or have
applications where automated data interpretation and decision
making is sufficiently mature and trusted.

5 Outlook

The content of this survey centered around laboratory automa-
tion and autonomy from the viewpoint of a single researcher or
a specific lab; the community's response has provided visibility
into the diverse perspectives that materials researchers hold on
these topics. However, to further accelerate the impact of auto-
mated labs, the community needs to align its activities through
shared visions and strategies. We recommend two community
initiatives that could alleviate pain points and concerns reported
in the survey, and amplify the impact of lab automation.

Open source or widely-accessible software and hardware

One research bottleneck cited by multiple survey respondents is
the development of software and hardware that unifies auto-
mated or autonomous workflows (“Integration” in Fig. 3).
Respondents listed bottlenecks from their own research,
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including “hardware-software integration”, “integrating new
instrumentation”, “compatibility between different instru-
ments”, and “defining error-free, robust, and reliable proto-
cols”. The need to design, prototype, troubleshoot, and refine
these tools can be a significant barrier to entry. Therefore, the
availability of open source or widely-accessible software and
hardware becomes essential for the rapid bootstrapping of new
labs at all levels of autonomy, and also addresses the “Technical
challenges” concern shown in Fig. 4. Open source software
development is already a cornerstone of automated materials
science research. Community norms around reproducibility (as
well as publication and funding requirements) have prompted
the growth of an increasing catalog of open source tools, and
efforts such as MaRDA? take input from across the community.
Open source hardware and more accessible frugal twins aim to
similarly “democratize” physical experiments.>® We note that
while open source is the gold standard and should remain
a priority to the community—especially for academic and pro-
totyping research—we expect that well-documented and well-
supported proprietary tools will become a practical alternative
in many labs.

Close integration of theory and experiment

The biggest concerns that researchers have about fully autono-
mous research lie in the ability of autonomous labs to properly
interpret data, produce hypotheses, and set objectives (Fig. 4).
Some specific survey feedback around why respondents would
avoid automation includes, “sometimes by processing data step
by step you can notice trends/irregularities that do not appear in
the fully processed dataset”, “this needs domain knowledge and I
do not think robots can do this”, “we need to learn insights”, and
“that’'s a trust/QX issue.” An important pathway toward allevi-
ating these concerns would be by integrating large-scale theory
predictions along with experimental testing and validation, likely
in a lab equipped with L3 or more automation. Iterating using
such workflows improves confidence in experimental data
interpretation, and also aids the development of more accurate
theory predictions (hypotheses). This type of tighter integration is
already being demonstrated in predictive synthesis.>>*" There is
still a critical gap between simulation and experiment, largely
due to differences in materials representation,® but automated
labs that integrate theory and experiment enable the creation of
new multimodal datasets and models that can aid in the
construction of a large experimental knowledge graph® and
ultimately improve our fundamental understanding of materials.
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