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Abstract

The development of novel materials with tailored properties is a com-
plex, multi-objective optimization problem that has long been a chal-
lenge in materials research. The integration of artificial intelligence (AI)
and machine learning (ML) techniques has shown great promise in ac-
celerating materials discovery, design, and development by uncovering
hidden correlations between processing, structure, and properties. Au-
tonomous experimentation (AE) platforms, also known as self-driving
laboratories (SDLs), have emerged as a powerful tool in this endeavor,
enabling the rapid and efficient acquisition of critical data through a
closed-loop feedback process. In this review, we explore the applications
of AI/ML techniques to materials research and development through
the lens of SDLs, and examine the challenges and opportunities as-
sociated with the development and deployment of SDLs. We provide
a detailed analysis of the components of an SDL, including Al-driven
decision-making, experimental data generation, and knowledge repre-
sentation, and discuss the current barriers to industrial adoption.
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1. Overview

Materials research seeks to develop the “best” material for a specific application. In general,
multiple properties cannot all be optimal simultaneously, but instead the designer must en-
dure various trade-offs around cost, performance, manufacturability, and any number of
specific physical properties (e.g., strength, hardness, thermal conductivity, color, bandgap,
and countless others). Thus, materials research and development (R&D) can be character-
ized as an enormously complex optimization problem, as the researcher seeks to design a
fit-for-purpose material with a host of desired properties.

The rise of AI/ML approaches as a method to address this complex, multi-objective
optimization problem is perhaps unsurprising, as it allows a researcher to uncover and take
advantage of unrecognized correlations between processing, structure, and properties. Al
can also be used to significantly accelerate property evaluation and suggest which exper-
iment or simulation to perform next to maximize knowledge generation. There are many
areas of materials research where AI methods can be brought to bear, including rapid
characterization of microstructures, elucidation of trends in systems with large numbers
of process variables, the development of fast surrogate models, and, of course, accelerated
synthesis of new materials. In this review, we will explore a wide range of applications of
AT techniques to materials R&D, describe the progress that has been made to date, and
detail the roadblocks that must be overcome to realize the full promise of these methods.

Automation(1, 2), which has many benefits in its own right (including low down time,
high repeatability, high metadata capture), is a natural pairing with Al-driven materials
research methods, allowing for agile collection and digitization of consistent experimen-
tal data that can be fed back into a scientific Al agent to improve predictions and other
inferences(3). The term “autonomous” is used to describe such a system with hardware
(or physical simulation tools) controlled by an AI agent, and is therefore capable of making
decisions without direct human intervention. In the scientific domain, autonomous exper-
imentation (AE) platforms can be used to rapidly and efficiently acquire the most critical
data to accelerate materials discovery, design, and development. These platforms, colloqui-
ally referred to as self-driving laboratories (SDLs), are typically composed of several tasks
in a closed feedback loop, as laid out conceptually in Fig. 1(4).

This feedback loop begins with a human scientist defining an objective, specifying con-
straints, and providing prior knowledge to the SDL. The main AI portion of the SDL then
generates a surrogate model to predict materials properties over some range of input pa-
rameter space. The Al then imparts an acquisition function on these predictions to decide
what new data will help the platform achieve its objective most efficiently. This acquisition
function may be tuned for some combination of exploration or optimization, depending on
how the scientist configures it. The SDLs hardware will then execute a series of actions
to collect this data through automated materials processing and characterization. Theory-
based simulations may also be employed to generate data. This execution is often complex
and requires orchestration to coordinate the various tasks. The data generated by the hard-
ware are then analyzed and stored, which includes reducing, analyzing, and archiving the
data and metadata. One may also look for errors in the data from a variety of experimental
issues. These data are then fed back into the AI model to improve its predictions, and
the process begins again. After a sufficient number of iterations of this loop, the human
scientist can use the data and surrogate model to glean deeper insight, as well as share this
information. Ideally, newly discovered materials can be applied to improve or enable new
technologies.

Warren et al.
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Figure 1

A conceptual view of tasks in a self-driving laboratory. Adapted from (4).

In this paradigm, the components of an SDL act as a microcosm of materials research,
mimicking many of the actions a human researcher takes. These actions include both
scientific/engineering thinking and experimental data generation. Both an SDL and a
human need to be able to use physical principles, existing data, and new data to create a
hypothesis that can be tested (and improved on) by additional experimental data, and then
identify the most impactful experiment(s) to carry out. Similarly, an SDL and a human
researcher must be able to process and characterize materials (or perhaps simulate them) to
generate new data which can be used, in context, to improve understanding of materials and
their properties. SDLs are a particularly well-suited testbed for various Al-based scientific
algorithms, as the lack of human intervention means that each constituent algorithm must
be highly trustworthy and accurate. Overall, the exercise of detailing the elements of an
SDL research system is exceptionally useful, as it forces one to break down the research
process systematically.

While much progress has been made towards the development of a wide range of Al
algorithms for a range of materials science problems, there still exist a variety of challenges
in achieving the full promise of scientific ML. In this article, we will explore these challenges
and paths to overcome them through the lens of a SDL paradigm. While these challenges are
particularly relevant in the context of an SDL, they can also frustrate research performed
using standard approaches. In addition to these Al challenges, we will also discuss some
of the challenges and paths forward for improving SDLs. We begin our discussion with a
quick overview of the components of an SDL, and then in subsequent sections we do a deep
dive into all of the components. We conclude with a discussion of the current barriers to
industrial adoption, followed by a summary of the main points detailed herein.
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Figure 2

A potential modularization of an autonomous ecosystem with each node being a component and
each arrow representing a necessary interchange standard (Red: programmatic interface; Green:
physical interface; Blue: user interface). Each component can be arbitrarily complex with
additional features as long as it carries out the task required of it in some way, and it may have
additional connections as needed (though necessarily not fewer connections). This figure shows 3
instruments and one computation experiment, though more or fewer may be included in a
particular instantiation.
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2. Overview of Self-Driving Laboratories

As discussed above, an SDL must carry out all of the functions of a traditional human
researcher. Fig. 2 illustrates one potential way these tasks can be discretized into modules
that can be composed to create an SDL, following Joress et al. (5). While these are shown
as discrete modules here, in some (perhaps even many) cases, these tasks may be combined
or expanded to make use of more advanced approaches. We present a high-level overview
of each of these modules within the larger context of SDLs and then focus on each of them,
in turn, in the sections 3 and 4.

The SDL can be divided into two parts: the science layer and the data generating layer.
The former is responsible for the scientific/engineering thinking of the platform: applying
knowledge and data to generate a hypothesis (often in the form of property predictions)
then creating a plan to test and improve that hypothesis. The data generating layer is re-
sponsible for carrying out the experimental plan (through both physical and computational
experiments), to create the informative data needed by the science layer to improve its
hypothesis.

2.1. Science layer

The science layer consists of 4 main parts. First, a human scientist interacts with the
system, through a human user interface, to provide constraints and objectives for an ex-
perimental campaign, along with prior knowledge, typically in the form of pre-existing
databases, physicochemical laws, or other known relations. These data, along with any
relevant data generated by the platform (and often snapshots of model predictions) are
stored in the data management system. Next, the prediction module takes the data and
knowledge and generates predictions of materials properties across the composition and
processing domain of interest. This is typically done with an Al-based surrogate model
that can be retrained and make predictions roughly on the timescale of data generation
or faster. Those predictions are then given to the decision making agent, which uses the
predictions and their uncertainties to select a set of priority experiments to fill in knowledge
gaps. This may include optimization of one or more properties, improved knowledge of a
property landscape, or testing of some scientific hypothesis.

2.2. Data Generating Layer

The data generating layer consists of a number of instruments, along with an orchestration
agent and a sample handler and storage. A local agent acts as an interface between the
physical instrument and the rest of the SDL

The orchestration agent’s task is to take the list of priority experiments and coordi-
nate the various instruments to generate those data. This includes managing instrument
scheduling to maximize uptime and throughput, managing sample and data exchange be-
tween instruments, and monitoring instrument resource levels, error resolution, and other
maintenance needs. The instruments then carry out their specific tasks as delegated by the
orchestration agent.

An autonomous platform may have one or more instruments to carry out the necessary
experimental actions. The instruments are typically designed to synthesize (e.g., chemical
synthesis platform, vapor deposition tool for thin films, additive manufacturing platform
for alloys) or otherwise process materials (e.g., mixing, various types of furnaces, device
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fabrication, or mechanical processing) or to characterize them (e.g., microscopy, diffrac-
tion, mechanical testing, electrical testing). Many instruments might intrinsically carry
out multiple tasks (e.g., a chemical synthesis platform might weigh out the final product
to determine reaction yield, a vapor deposition system might have an electron diffraction
tool as part of it, a microscope may have in situ annealing capabilities). Instruments often
have a local agent between them and the orchestration agent. The fundamental purpose of
this agent is to act as an interpreter between these two components — communicating the
experimental directions to the instrument in the language it is expecting and outputting
the data to the orchestration layer in the form it is expecting. For the former, this may
involve some amount of process optimization (e.g., selecting deposition parameters that are
best for a given target material, tuning a microscope to optimize between resolution and
field of view). Often in materials science, data are not simply a scalar but some higher
dimensional representation. This representation may be difficult for the prediction module
to directly use, often it is best to reduce these data to some set of representative scalars,
through data analysis and reduction.

The instruments themselves are similar to many found in conventional materials science
laboratories with the caveat that, to the extent the platform is to be operated in an auto-
mated fashion, they must operate without human intervention. This includes the ability to
load and unload samples (in holders) and to receive operational commands programmati-
cally. One important consideration is the required form factor of a material for a particular
operation. For instance, while x-ray diffraction (XRD) on a bulk material requires limited
sample preparation, a tensile test on that material would typically require a “dogbone”
shaped specimen that needs to be prepared. If the sample synthesis does not natively gen-
erate such a form factor then specialized hardware may be required modify the sample (e.g.,
Zhang et al. (6)).

In addition to the individual instruments, there must be hardware to handle transporta-
tion of samples between instruments and storage of samples that are not actively being used.
This hardware may include motion stages, robotic arms (mounted on mobile platforms in
some cases(7)), and conveyor belts.

In addition to generating data through physical experiments, data can also be generated
though computational efforts. The prediction module carries out materials computations,
typically done using models that can retrain and predict rapidly. Some computational
approaches, like Density Functional Theory (DFT) and classical molecular dynamics, can
produce highly useful materials predictions but are too slow to be included natively in the
prediction module. Instead, they are be considered computational experiments, acting like
instruments to generate data, just without the need to generate physical samples.

2.3. A review of existing SDLs

In the last decade there has been a large and growing effort to devise SDLs for a variety
of materials applications. Early examples, such as the NIST scanning droplet cell (9) and
the Air Force Research Lab’s ARES system for testing carbon nanotube catalysts (10) were
systems cleverly designed to couple synthesis and characterization with minimal sample
manipulation. A great number of chemistry and liquid-phase centered SDLs were also
developed, many using platforms and other standards developed for the pharmaceutical and
chemical industry(8, 11, 12). Platforms that make thin films and devices from these liquid
chemistries have also been developed (13, 14). In the inorganic space, the complexities of
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Photograph and schematic for the advanced formulations laboratory (AFL)(8). A pipetting
gantry robot is used to prepare mixtures that are then pumped, via syringe pump, into a sample
cell on a beamline (x-ray or neutron).

materials processing has made the development of SDLs much slower. Despite the expense of
thin-film processing equipment, sputtered thin-films have proven to be a tractable approach
(15, 16). SDLs build around powder processing have also been demonstrated including the
A-lab (17) and a mobile robot based platform (18). For bulk metallurgy, the HT-READ
platform has demonstrated a high level of automation for sample synthesis through additive
manufacturing along with a suite of automated processing and characterization tools (19).

3. Science Layer
3.1. Data Management System

Having detailed the elements of an SDL system, we now dive into an in-depth examination
of those elements. As shown in Figure 2, the data management system is connected to many
other elements in the science layer. Of these connections, the most important are provid-
ing the data that the prediction module needs to make predictions, storing the data from
the data generating layer, and providing data to the human user interface. Additionally,
the data management system may need to handle heterogeneous data with different forms
such as single values, vectors, matrices, images and from different sources including various
instruments and computational experiments. Several different types of data storage frame-
works have been used ranging from common python packages such as Pandas (20, 21) and
Xarray (22) to MongoDB and Structured Query Language (SQL). Although there are an
increasing number of software developed packages for SDL data management, (23, 24, 25),
spinning up a data management system is still a challenge. In the future, common practices
may eventually be adopted.

Choosing a particular data storage framework is not sufficient. Careful thought is also
needed to determine what metadata needs to be stored, how the metadata is represented,
how to handle both raw and processed data, and, in many cases, how and which data
will be made public. In general, chemistries should be represented by common formats
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such as Simplified Molecular Input Line Entry System (SMILES) (26) or, in the case of
polymers, BigSMILES (27). To guide this process, it is helpful to consider all aspects
that are required in order to make data Findable, Accessible, Interoperable and Reusable
(FAIR). In particular, Box 2 of Wilkinson et al. is a useful guide. (28). Developing schemas,
ontologies and data models is still difficult because community consensus and standards are
required along with flexible frameworks (29) that can handle data from new measurement
techniques and a diversity of uses.

3.2. Pre-existing Data

Data generated by the platform can be supplemented with relevant pre-existing data. Such
datasets may be of properties that are related to properties of interest, known as “proxy”
properties. Another possibility (17) is to leverage large computational datasets, such as
the Materials Project (30) A third possibility is that a dataset exists for the property of
interest, but with measurements carried out using different settings or different processing
histories or on different but related materials. For example, this approach was used by
Wu et al. (31) to accelerate the autonomous synthesis of electrochromic polymers with new
color values via the PolyBot platform.

Using pre-existing data does create challenges as well. The first challenge is locating
useful datasets. To assist readers, we direct them to a curated list of useful datasets (32). In
many cases, data extraction is required. Historically, this has been mainly a manual pursuit.
However, automated materials data extraction continues to improve and is likely to continue
to do so as large-language models (LLMs) continue to advance. (33, 34) Even if LLMs are
not able to complete every step in the data extraction process, such as finding specific values,
AT including LLMs, and in particular Retrieval-Augmented Generation (RAG) LLMs that
make use of external data or resources, can help identify promising sources and relevant
sections for manual curation. Even in the best case, extracting datasets still requires the
hard work of determining the appropriate schema which covers all the necessary metadata.

It should be noted that an inherent problem with LLMs is “hallucinations”, which is a
subject of study unto itself (35). Such hallucinations can be the result of both the statistical
model of word prediction and erroneous training data. Indeed, all AI/ML models have
inherent uncertainty. The uncertainty can be reduced by having the LLM report references
that can be verified, rerunning the query a number of times, or using several models and
voting for the most common suggestion. A surefire way to reduce the incidence of specific
types of hallucination is by adding deterministic layers/filters to the model, but at the cost
of reducing the creativity of the model. In some cases this will be desirable (for instance,
adding checks to ensure that citations generated by an LLM are to real manuscripts), but
in others the benefits of a statistical approach will outweigh the risks, such as guessing
the intent, through a chatbot, of a researcher seeking the best methods to conduct an
experimental campaign. Researchers who incorporate LLMs into their workflows need to
be cognizant of these risks so they can decide which tasks are best suited to this technology.
Often the risk /reward proposition to using an LLM will boil down to the costs of uncertainty,
which can range a small amount of from wasted time, to reputational damage, to deleterious
impacts on human health and safety.

After data extraction via LLM or otherwise, the data need to undergo “cleaning.” There
are several key questions that must be answered during the data cleaning stage. Is all the
essential metadata present? Is the methodology appropriately defined? Is uncertainty
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provided? Is the source (or subsource in the case of federated datasets) reliable? How
are missing information or values handled? Is preprocessing required to remove outliers?
Should data be summarized if multiple values are present, e.g., by taking the mean or
median? The answers to all of these questions matter and should always be considered in
light of the signal-to-noise ratio for a given application. For additional information we refer
the reader to a best practices guide for materials and AL (36)

After the data have been appropriately wrangled, the final step is to make it usable
by SDLs. This could involve Application Programming Interfaces (APIs) or setting up a
local database. Alternatively, data sets can be used to train surrogate Al models, which
natively handle missing data points. In some cases, additional steps are required to ensure
the data are beneficial for the prediction module. If the data are from simulations, it may be
systematically biased, e.g. Refs. 37, 38. In both this case, and that of proxy properties, (39)
transfer learning (40) can be incorporated into the prediction module. Even if the data are
for the same property and are experimental, one can assign different datasets categorical
values to emphasize they are not from the same source and thus likely have some different
unknown metadata (41).

3.3. Prediction Module

At the top of our example SDL workflow is the prediction module. This is the AI module
responsible for answering the scientific question at hand. What questions are of inter-
est informs which AI models will be useful. And, the scope of these questions has been
steadily increasing. AI for materials science applications is still in its infancy and existing
techniques are able to answer questions like: “Given this ternary composition what is the
optimum of some property?” (42, 43, 44) or “What is the magnetic ordering behavior of this
material?” (45). Baked into these implementations are caveats of particular measurement
techniques, or particular material classes to consider. One step in sophistication of these
techniques using multiple sources of information (sometimes at different locations of the
search space) to answer the question. The approach referred to by the acronym SAGE
(44) takes advantage of the well-known existence of structure-property relationships to dis-
cover phase and property maps or find optimal materials. For example, if a step change in
the structure should result in a discontinuity in the properties, and the reverse is also true.
Many of the generative Al techniques are also at this first step of sophistication—searching
across their internal representation space describing materials to optimize some property
or set of properties. These generative Al models take as input some random (or pseudo-
random) number as well as a query, and are biased by their training procedure to output a
hopefully useful material, such as in Takahara et al. (46).

A prerequisite for all of these Al-powered workflows—especially in the sciences—is being
able to trust and interpret the AI algorithms. One way to accomplish this is to design the
AT models that have some native intuitive meaning, either by having designs that are
inspired by or directly represent the processes being studied. Examples of this include
directly modeling the atoms, bonds, and bond angles with the graph structure of a GNN
(47), using physical models (48), enforcing physical constraints (49), or incorporating
physics-based loss functions. The more black-box Al algorithms at the other end of the
interpretability spectrum need to be inspected with various tools in order to understand
their behavior. A increasingly common approach is to use Shapely Additive ExPlanations
(SHAP), which uses a game-theoretic approach to identify the contribution of each feature
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to the outcome (50). This approach works best for regression tasks with a small number
of predictions. For computer vision tasks there are tools, like Class Activation Maps, that
allow for the visualization of what features were important at which layers of a convolutional
neural net.

But for other tasks, new tools are needed to understand the behavior of the models. For
instance, in some cases it is not obvious to what extent a model is extrapolating (51). This
is partially due to the fact that what is considered in distribution or outside the distribution
of the training data partially depends on the internal representation of the data within the
model, which may only happen after training. In a study predicting formation energies
of materials, Li et al. (52) showed that leaving any materials from a whole space group,
or leaving out any materials that contain any elements from entire rows or columns from
the periodic table does not mean the model is extrapolating to make predictions on those
left out materials. This is perhaps a somewhat surprising and counterintuitive result, that
their model could, for example, accurately predict the formation energy of an Al-containing
material without training on any Al-containing materials or even without training on any
materials that contain elements from Group 13 of the periodic table. Yet, despite this,
they also showed that there is something about Materials Project 2021 that extrapolates
away from Materials Project 2018 (51). The field needs new tools that can show a priori
when a new test data point is sufficiently outside the model’s own internal representation
distribution that it should be considered extrapolative rather than interpolative. Recent
studies investigating the extrapolative performance of ML models consider not only metrics
of similarity of the test point to the training set, but also the variance, and uncertainty or
confidence levels of the model predictions. (53, 54)

3.4. Decision Making Agent

Once you have a model that is making predictions, the next step in the autonomous workflow
is to decide what new data, if any, to acquire next. This decision is strongly influenced by
the goals of the autonomous campaign. At perhaps the most basic level, the goal could be to
learn the function across the whole domain or to optimize some property or set of properties
within that domain. For mapping a function across the domain, one could consider which
points in the domain have the most uncertain predictions and measure at those locations.
Forecasting methods, like Knowledge Gradient(55, 56) and Risk Minimization(57), pose the
question as: “If our predictions are correct (we observe what the model predicts we would
observe), which measurement would lower the overall uncertainty?” Thus, these methods
try to find the point to measure that would minimize the global uncertainty by forecasting
a prediction of that measurement and estimating the effect of that forecasted measurement
on the uncertainty landscape.

If the goal is to instead find an optimum (e.g., the material composition, or process-
ing condition that optimizes some property), then other decision making algorithms are
useful. These will typically use the optimum as predicted from the model, but also have
some mechanism for incorporating uncertainty about that prediction. Upper Confidence
Bound, for example, doesn’t choose the point of the predicted optimum, but rather choose
the point where the, say, 95 % confidence interval is maximized. Thompson Sampling con-
structs a statistical process of the predictions across the domain, samples from that process,
and chooses the point that where that sample is optimized. Expected improvement also
constructs a statistical process across the domain, then truncates this process below the
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current observed optimum, evaluates the expected values of those truncated distributions,
and picks the point where that is optimized. Often there is more than one parameter to
optimize. In some cases, multiple types of parameters are fed into a figure of merit, or
some other heuristic, in which case the multi-objective optimization problem collapses to a
single objective problem and the aforementioned methods apply. However, in many cases
the multiple parameters represent truly separate objectives, in which case the goal is to
find the Pareto front - the set of observations that define the optimal tradeoff between
the parameters, where at every point improving one parameter sacrifices the others. Some
techniques for discovering the Pareto front include randomly weighting the objectives at
each iteration,(58) or simply reverting to pure exploration and calculating the Pareto front
a posteriori.(59) Other techniques consider the currently Pareto front of the currently ob-
served data and seek to maximize the density of points,(60) the hyper volume,(61), or the
information gain,(62) of the Pareto front.

At some higher level, the goal of an autonomous campaign might be to discover some
operant mechanism or behavior. If you have several models, be they pure physics models or
AT models, you could try to find the points that most distinguish between the models (the
points where the predictions of each model most disagree) using an informational entropy
approach.(63) That approach drives the system toward the experiment that would give
you the most information about which model is best. Other statistical tools like Bayes
Information Criterion (BIC) and Akaike Information Criterion (AIC) lets you compare
which models are better supported by the data. Alternatively, considering the parameter-
wise informational entropy can be useful in comparing models with drastically different
analytical forms, or driving the experiment to improve the understanding of particular
parameters of interest (64).

Perhaps one step up in sophistication would be choosing what type of experiment to per-
form. If one has a well known analytical formula that one can use to interpret each type of
measurement, one might be able to directly model the information gain in choosing between
those measurements (64). But what if the problem is more open-ended? When character-
izing an unknown powder, should you use XRD, Raman spectroscopy, or Fourier-transform
infrared spectroscopy (FTIR)? XRD provides information about the spacing between planes
of atoms, Raman spectroscopy provides information about phonon modes in the material,
and FTIR provides information about the local chemical environment of each atom. Given
the information currently available, what’s most useful measurement to perform? Such
open-ended questions are the subject of ongoing research.

One of the main challenges in selecting a decision making technique is in evaluating
its performance. In the absence of a well defined traditional workflow for measurement
acquisition, random sampling is often a fair benchmark for autonomous decision making
algorithms. Such a benchmark can provide information about the relative performance of
autonomous workflows on specific problems. Perhaps more important for the widespread
adoption of autonomous workflows is to understand some sense of which set of algorithms
are appropriate or well suited for particular materials science and engineering research
interests. The community needs a set of well defined problems, a virtual gym (a la the
OpenAl Gym for reinforcement learning (65)), for testing different algorithmic designs. In
the materials characterization applications, this could include: trying to correctly identify
the phases present in a increasingly difficult set of XRD analysis problems, or trying to
construct the phase maps or property maps across a compositional space.

In a future where we have autonomous systems aimed at solving grand engineering chal-
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lenges or discovering new physics, how will we be able to evaluate their performance? One
way might be to borrow challenges from historical discoveries. Given the resistivity behav-
ior of a some conventional superconductors, along with a few other metals, insulators, and
superconductors, how quickly can a set of algorithms discover the cuprate superconductors?
How well would autonomous systems be able to replicate the historical discoveries that were
at least partially aided by serendipity? Could such systems recognize an unexpected result
that would change the underlying assumptions of the field? Given the atomic arrangement
descriptions of a set of crystalline and amorphous materials, how well can the algorithms
handle quasicrystals, which break the historical assumption that long range order required
translational symmetry?

3.5. Human User Interface

Widespread adoption of autonomous systems will require integrating these systems into
facility-wide, human-lead processes. Human users will need to be able to interact with these
systems, including monitoring system activities, extracting knowledge from the governing
Al, and potentially imparting their own knowledge to the AI. This will require a human
interface. An effective interface provides easily interpretable information regarding system
operations and status as well as Al-based analysis, prediction, and decision making. The
interface must also provide a clear means for the user to impart their knowledge and modify
operations when needed. Such an interface may facilitate user trust in the system as well
as greater use and adoption.

Currently, two modes of interfacing with self-driving labs have been explored in the
literature: reinforcement learning (66) and human-Al teaming. In both cases, these inter-
faces are bespoke to their systems. This is due to differences in equipment and driving-Al
from SDL to SDL. These SDL-to-SDL differences poses a challenge to developing more
generally applicable user interfaces. Additionally, while graphical user interfaces facilitate
users of a wider background, interaction with the majority of SDLs is performed through
either scripting or programming, requiring advanced knowledge of interaction protocols of
the controlled equipment and the AI. This poses a significant challenge for SDL adoption
in common manufacturing pipelines.

Interfaces dependent on reinforcement learning such as that of Ref (67) seek to identify
an optimal action policy, i.e., mapping relevant situations to desired SDL actions. The
interface imparts knowledge of the current action policy, and the user indicates approval
or disapproval. Such methods typically require large amounts of training data to achieve
adequate performance — a situation not common in research settings.

An alternative mode of human-SDL interaction is that of human-AI teaming. In such
situations, it is assumed that the user and the AI are able to impart similar types of
information. In Adams et al. (68) the SDL seeks to discover the composition-phase map of
a new material system with the minimum number of structure analysis experiments (e.g., x-
ray diffraction). At every stage of analysis, the human can impart knowledge similar to that
of the Al, e.g., phase identification, potential phase boundary, or materials of interest. Such
a human-Al teaming requires interpretable, interactive visualizations of the AI’s analysis,
predictions, and decision making at every iteration. In Adams et al., (68) the user interacts
with a phase map through simply drawing lines and regions to indicate potential phase
boundaries or regions.
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4. Data Generating Layer
4.1. Orchestration Agent

As mentioned above, the orchestration module is the point of interaction between the
decision-making module and the physical hardware and computational tools that will gen-
erate the data. This orchestration module schedules the system operation, executes the
operation, and then collects generated data. The orchestration module must also be able to
navigate the diverse communication protocols across physical and computational systems.
In many cases it may be designed to interact with users, to manage maintenance, sample
removal, and consumable replenishment. Additionally, the orchestration module of one SDL
may be designed to interact with the orchestration module of another SDL. For instance, if
the SDLs are co-designed, they can be set up to communicate through a common internet
of things protocol (69).

Perhaps the biggest challenge in orchestration is scheduling. In some simple systems, the
process flow is linear, with a single sample being generated between iterations of the active
learning loop. Many AE platforms are more advanced carrying out several experiments
simultaneously, sometimes in batch processes. These experiments may have several steps
with complex inter-dependencies and a range of constraints. The task of orchestration
agent with respect to scheduling, is then ensuring that these tasks can occur in their proper
sequence, without interfering with each other, in the most efficient way possible. This may
involve ordering experiments and their sub-tasks to balance the scientific value, assigned
by the decision making agent, against the temporal and resource cost of the experiments.
In complex cases this may require interaction with the decision making agent. Further
complications including the need to dynamically add experiments to the queue as new data
is ingested into the science layer and various processes having times that may be varying
dynamically. The latter may results from feedback loops within tasks that determine the
completion of that task.

4.2. Local Agent

In order for synthesis, processing, or measurement systems to carry out the tasks required
of them by the science layer through the orchestration layer, the local agent must be able to
modify system parameters and execute the desired operation. For instance, in a scanning
droplet cell system for electrochemical measurements,(9, 70), settings of the potentiostat
and the composition and flow rate of the electrolyte, need to be correctly set in order to
generate the correct data. Additionally, as is often the case including for combinatorial
libraries(71), samples may be spatially complex; the local agent must be able to translate
sample coordinates to motor positions in order to locate the probe at the relevant part of
the sample.

An optimal communication protocol allows the module to interact in its native scripting
environment. For example, if the ATl is python based, a python application programming
interface (API) (72) to target systems would reduce potential communication complexities.
Less optimal communication interfaces include having the orchestration module build an
external script that dictates the desired operation of the target system, and then having the
module execute the script from the command line. However, often many systems require
interaction through a graphical user interface. The orchestration module must then interact
graphically with this interface. As interfaces can move or change, this can result in the need
for significant human guidance. The most frictional communication protocol requires the
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orchestration agent to interact with a physical interface. Here the module must activate
motors to push buttons and turn knobs on the physical interface to set system parameters
and execute operation.

While relaying these parameters into the platforms hardware a fundamental purpose of
the local agent, there are several tasks more complex agents may need to carry out. Some
complex instruments, such as a chemical synthesis platform (13), may require internal
orchestration to function efficiently. Additionally there may be internal hyperparameter
optimization and data analysis tasks, specific to the instrument, that need to be carried
out. These specialized functions are described in detail in the following sections.

4.3. Local Agent: Process Hyperparameter Optimization

Most materials research processes are complex, having a variety of parameters that must
be decided on and set for a given operation. An example in materials processing might
be adjusting the laser power during additive manufacturing of an alloy. We can think of
these as “hyperparmeters,” similar to hyperparameters in Al and other models, which are
not themselves primary targets of the experimental campaign but may critically affect the
outcome. While in some cases these hyperparameters may remain fixed, in others they
are must be tuned to achieve reasonable results — from the example above if one switches
from a Mg alloy to a refractory alloy, the laser power must be changed or there will be a
high degree of porosity in the printed alloy. Optimizing these hyperparameters may greatly
increase the quality of the results of the process and the speed at which new materials
can be discovered and developed. Optimizing these hyperparameters requires some type of
outcome to feedback on (in many cases a precursor to the main optimization goal). If that
feedback loop is large then most likely these hyperparameters will need to be included in
the broader search space. However, if feedback can be generated more locally, then what
is effectively a nested autonomous loop can be created. This is often relevant for materials
characterization, since the feedback mechanism is inherent in the data being generated.

Most materials characterization techniques are quite complex, involving trade-offs across
multiple axis, generally including resolution, signal-to-noise ratio (SNR), collection scope,
and collection time. For instance in XRD using an area detector, there is a tradeoff when
changing the sample-to-detector distance between the resolution, the range of the data
collected in reciprocal space, and the solid angle (and thus SNR level). SNR can separately
be tuned by lengthening the measurement time, at the expense of time resolution and
measurement throughput. Traditionally, expert users of characterization instruments have
the experience to tune these hyperparameters, and while less expert users use ” pre-defined”
value that may not be optimal. Algorithms can be developed to tune these hyperparameters
based on the data being generated. In a simple case these hyperparameters can be tuned
to optimize the generated raw data to meet some set of heuristics, but more advanced
algorithms can take into account the details of the scientific questions being asked of the
data, along with some model of time for data reduction, to optimize the data collection
(and thereby the generated data) to produce the lowest uncertainties on the scientifically
relevant values extracted from the raw data.

In particular, when access to a measurement resource is limited, such as at x-ray and neu-
tron scattering user facilities, improving measurement speed is critical to increase through-
put of these unique tools. This has led to active development of self-driving measurement
techniques at these facilities. In this case, the goal of the autonomous experiment is to
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efficiently collect a set of data that contains requested information. Examples include se-
lecting regions of an image for spectroscopic analysis (73), determining the location of an
order parameter (45), and favoring high-intensity regions in reciprocal space (74).

In each of these cases, the measurement instrument is configured to collect data; the
prediction module then interprets these data in the context of a model, often using Bayesian
inference; and a decision making agent uses this model to suggest measurements at new
instrument configurations. Gaussian processes are frequently employed as the model; these
are advantageous because they can be quite general, when knowledge of the data landscape
is limited, and they can incorporate problem-specific knowledge (75).

In the special case where instrumental data are understood in terms of specific mathe-
matical models, additional performance improvements are possible. Of the model param-
eters, some are typically of scientific interest, while others are incidental to the specific
conditions or instrument used and warrant less attention. An example is the AutoRefl mea-
surement agent developed for neutron reflectometry (NR) (64), which allows for selecting
measurement conditions that specifically optimize the parameters of interest. This is a
specific case where incorporating physical information into a model enables performance
improvements of 50 % or more, even on a limited one-dimensional search space. AutoRefl
also features forecasting, i.e. looking ahead by multiple measurement steps, to support
implementation of asynchronous measurement and analysis queues.

4.4. Local Agent: Data Reduction and Analysis

Materials data are often complex, high dimensional, and highly multi-modal: images, spec-
tra, reciprocal space data, discretized curves. Many of the recent Al applications attempt
to use these data in as close to its raw form as possible. This is in part because quantitative
analysis and interpretation is often a slow manual process that requires significant exper-
tise. This analysis is also subject to a high degree of human bias through the selection of
the physical models, approximations, and estimation strategies used to turn raw data into
measurements.

Bridging the gap between systems that fully rely on black box predictions and systems
that rely on mechanistic interpretation is an important growth opportunity in applications
of Al to science. For example, Al driven modeling of XRD data often focuses on the task of
structural phase identification; however this data contains much more fine-grained informa-
tion about the material structure, including volume fractions, approximate crystallite sizes,
and other statistical microstructure features. Providing this type of quantitative charac-
terization to broader AI models for material processing and properties may increase the
sample efficiency for optimization, and opens up new opportunities for interpretable and
mechanistic Al

Realizing these kinds of systems is a significant challenge. Two kinds of computational
problems must be solved simultaneously: model search and model estimation. This could
build on existing work applying symbolic regression (for example the work of Ouyang et al.
(76)) and genetic programming (for example Hernandez et al. (77)) for model discovery.

4.5. Instruments and Sample Management

Together, the instruments and the sample management system comprise the hardware of
an SDL. The purpose of this hardware is to carry a set of experiments that generates data
which can then be put into context by Al or human scientists to generate new or improved
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knowledge. In order to generate these data, these instruments require clear communication
of what experiments should be carried out along with the necessary resources (e.g., precur-
sors, consumables) to achieve that result. The equipment then generates data, typically in
raw form, along with samples. This may include scalar data (e.g., hardness values, con-
ductivity), data vectors (e.g., XRD data, Raman and FTIR spectra, mechanical loading
curves), 2D data (e.g, non-integrated diffraction patterns, microscopy images) and higher
order data (e.g., time resolved image stacks, spatially resolved spectroscopy data).

The ultimate goal of SDL hardware is to make it nearly effortless for humans to rapidly
collect this critical materials data. Achieving this requires existing SDLs to have many types
of instruments tied together into a single platform. Beyond this, the ability to easily add
capabilities to SDLs is critical for their longevity. Currently, the main barrier to achieving
this is the large amount of bespoke engineering typically required to create a full-scale
automated laboratory, particularly in the materials science domain. Most materials research
infrastructure is human-centric, designed for samples to be manipulated by humans and
operated through graphical user interfaces or other physical controls. To the extent these
instruments have some amount of automation enabled, they are typically through bespoke,
and often proprietary, interfaces — both at the hardware level for sample interchange and
software level for controls. Thus, constructing a platform typically requires a large amount
of engineering specific to the instruments being agglomerated. Identifying vendors with the
necessary technical breadth to work with a wide range of instrument types is challenging
and procuring custom platforms is costly(78). In-house engineering of SDLs can be time
consuming and similarly costly. Ultimately, as research goals and topics shift, these custom
systems are too “brittle” to enable adding of new capabilities.

There are three main opportunities for achieving increased flexibility in automation of
instruments. Perhaps the most actionable approach presently is the development of robotic
arms and other humanoid like robotics for the materials science lab(18, 2). These types of
robots can be trained to work within existing materials science labs, using equipment with
minimal amount of modification. The robotics necessary for this type of interaction have
become much cheaper, safer, and easier to program within the last decade(2). This type
of approach has been demonstrated for a variety of materials science lab tasks including
chemical synthesis, measuring powders, and performing XRD(18, 7). AI for image recogni-
tion can greatly decrease the amount of programming required many robotics tasks(79, 80).
Perhaps the biggest risk to using these types of robots is the risk to humans working in
or around them. These approaches often require more complex automation than more
automated-instrument centric approaches (e.g., using a robotic arm to transfer liquids as
compared to a pump).

A second ongoing effort is the development of new instruments designed with automa-
tion in mind. There are many cases where instruments designed to be operated without
humans can be designed differently. While there are many commercial vendors working
to create such instruments, there is also a large push, particularly in academia and the
government research sectors to create open-source hardware. This type of hardware lever-
ages the availability of technologies such as additive manufacturing, modular construction
toys, single board computers, and other types of programmable logic controllers to create
experimental hardware cheaply. The plans for these hardware, including CAD files, parts
lists, and control software are often published online. These types of instruments are often
built with automation in mind, but if not they are typically readily modifiable as they are
being constructed.
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The third and perhaps biggest opportunity for easing the construction of SDLs is per-
haps the creation of interchange standards between various hardware (as well as software)
components of the platform. Interchange standards would abstract one instrument or other
module from the rest of the platform, meaning any compatible instrument could be added
with minimal amount of engineering. For instruments, these interchange standards would
include physical descriptions of the sample holder to allow samples to be moved from one
instrument, through the sample handling system, to another instrument. Interchange stan-
dards would also require standards for controlling instruments as well as data formats. More
details can be found in Ref. Joress et al. (81, 5).

4.6. Computational Experiments

Computational experiments play a central role in modern materials design by enabling the
exploration and prediction of materials behavior across multiple length and time scales.
These simulations ranging from quantum-level calculations to mesoscale and continuum
models provide valuable insights that complement and, in some cases, guide experimental
investigations.

With the growing availability of data and compute resources, artificial intelligence (AI)
and machine learning (ML) are being increasingly integrated into computational workflows
to enhance efficiency, accuracy, and scale. However, fully realizing their potential requires
overcoming several technical and infrastructural roadblocks.

Multi-scale modeling serves as a key approach for linking atomistic simulations to macro-
scopic properties. When augmented with AI/ML, this modeling framework has the potential
to accelerate materials discovery and optimization substantially. Yet, significant roadblocks
such as concerns about accuracy, transferability, and computational cost, continue to limit
the widespread adoption of AI in computational materials science (82).

Traditional methods such as Density Functional Theory (DFT) and other electronic
structure methods provide fundamental insights but are computationally expensive. Al-
driven surrogate models have been developed to accelerate these calculations, yet their
reliability across diverse materials systems is still under scrutiny. Some of these surrogate
models include 1) fingerprint models (such as MatMiner and classical force-field inspired de-
scriptors, CFID)(83, 84), 2) graph neural networks (such as ALIGNN (47)), and 3) language
based models (such as AtomGPT) (85, 86).

While the above models can be used for property predction/classifications tasks, atom-
istic simulations, including Molecular Dynamics (MD) and Monte Carlo methods, often
rely on force fields. Machine-learned potentials, especially based on graph neural network
force-fields (such as ALIGNN-FF (87) and MatterSim (88)) have improved efficiency but
still face challenges related to generalization beyond training datasets.

In addition to the above forward materials design, Al-based methods have been used for
inverse design tasks including XRD patterns and scanning transmission electron microscopy
(STEM) image data to atomic structure (89, 90). This is specially potentially useful as there
is no direct physics based models for such tasks.

At a larger scale, continuum and phase-field models aim to capture mesoscale and
macroscale behaviors, benefiting from MI-enhanced numerical solvers that predict phase
transitions, microstructural evolution, and defect dynamics with improved efficiency.

One of the major challenges in integrating above computational techniques with experi-
mental approaches is the lack of standardized datasets. Similar to the needs for benchmark-
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ing described below, computational and experimental data often differ in format, quality
and uncertainty (91), limiting the ability of ML models to generalize effectively. Moreover,
parameterization remains an issue, as ML-driven models tend to struggle with extrapolation
when faced with novel materials compositions and structures.

Open-source benchmarking platforms such as JARVIS-Leaderboard (92) and MatBench
(93) provide a strong foundation for standardizing AI/ML tasks and fostering community
collaboration to solve challenging problems. However, widespread community adoption of
such infrastructures remains challenging, as they often require additional effort.

5. Benchmarking, Validation and Uncertainty Quantification

As with any new scientific methodology, a critical question for novel applications of Al
is “How do we know that they work?” Although there is a great deal of discussion in
the current literature on measuring and benchmarking the robustness and generalization
performance of Al in general Alampara et al. (94), there is relatively little specific discussion
on how to effectively benchmark many of the tasks surrounding the automation aspects of
SDLs. Evaluating SDLs’ performance can be subjective because it is a multi-objective
problem. Thus, there is a strong need for the community to identify SDL’s desirable future
capabilities and design quantitative benchmarks to provide guidance towards measurable
research progress. As always in Al-related research, it is important to avoid the pitfall of
overfitting to test set / benchmark tasks.

In addition to modeling and data quality benchmarks, there is a need for granular
benchmarks for components of SDLs, and systems integrations for full SDL systems. There
is currently a strong emphasis on benchmarking active learning convergence rates and pre-
dictive accuracy of the underlying models, but relatively little quantitative effort has been
focused on reproducibility, robustness, and the quality and calibration of the uncertainty
estimates of the models underlying AI planners.

The reproducibility and robustness of SDLs encompass both software and hardware (92).
While there is a growing focus on quantifying the reproducibility of modeling pipelines, as-
sessing the reproducibility of physical synthesis and measurement systems is a significant
growth opportunity. As standardized modular hardware interfaces and protocols are devel-
oped, there is a need for systematically assessing the conformity of individual components
to the standardized interfaces and functionalities. This could take the form of a suite of
functional tests on reference samples to ensure that automated experimental systems yield
expected results. Similarly, accurate tracking of instrumental drift from initial calibration
can strongly impact the ability of SDL platforms to effectively implement the control in-
puts requested by automation programs. Development of automated routines to identify
and correct calibration drift would benefit from standardized testing protocols designed to
ensure performance within tangible calibration metrics which need to be developed.

In addition to tests for individual components, rapid development and improvement
of SDL platforms will benefit from systems integration style benchmarks that assess the
ability of multiple subsystems to work together to consistently implement the requested
experiments. This could be achieved through a suite of baseline problems, such as checking
that an SDL platform is capable of experimentally reproducing a simple known result.

Finally, since uncertainty is central to most of the acquisition policies used to select
experiments in an SDL, there is a need for stronger benchmarks on model uncertainty cal-
ibration, assessment of experimental uncertainties, and propagating uncertainty estimates
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through multiple layers of measurement systems, ML models, and planning systems.

6. Industrial relevance - Barriers to Adoption

SDLs are being developed in a number of universities and governmental research labs with
very encouraging results(95). However, transitioning from research institutions to industrial
R&D is not necessarily straightforward. While SDLs promise to significantly accelerate
the discovery and optimization of new materials, they are still not sufficiently reliable,
reproducible, or cost-effective for investment by the bulk of industrial stakeholders. Indeed,
some highly capitalized companies can (and have) made investments in this space, and
there are a small number of start-ups dipping their toes into the water, but the risk-reward
proposition for most companies remains daunting. In this section we will cover some of the
reservations that industry currently has and pathways to address them.

In a meeting dominated by industrial R&D and instrument vendors, the XRD commu-
nity (78) declared interest in implementing increased automation for sample preparation
and measurement, currently a task performed largely by people. This was motivated by the
desire to reduce the level of human involvement in sample manipulation, as it is repetitive,
time-consuming and can involve significant safety hazards. The participants also indicated
that capabilities to automatically perform error detection would be of substantial bene-
fit. Similar interests and concerns were also the core findings in a different workshop, the
’Accelerated Materials Experimentation Powered by the Autonomous Materials Innovation
Infrastructure (AMII)’ workshop.(96)

Several challenges that are limiting or delaying the addition of such automated or, pos-
sibly autonomous capabilities, were also described. Among the most important are the
lack of standardization for automation interfaces, lack of connectivity protocols among in-
struments, lack of data format standards for output data, and inability to autonomously
evaluate the quality of the data produced (especially in terms of the sample preparation).
Funding issues were mentioned as well, where academia and national labs have the funds
to build customized laboratory equipment (partly aided by less stringent time requirements
and a lower cost workforce) while small companies typically do not. Unfortunately, cur-
rently much of the knowhow generated from academic SDLs does not directly transfer to
industrial cases, mostly because of a difference in goals. Academic SDLs are focused on
scientific discovery - new materials, new processing-structure relationships, etc. Contrast-
ingly, the industrial production might be more interested in maintaining process control and
surfacing early failure warnings. For example, the aforementioned interest of XRD vendors
to detect poor sample preparation might not be directly transferable to the SDLs designed
for scientific discovery.

Another factor affecting the adoption of SDLs by industry is the decentralized devel-
opment of academic software, which is often poorly written, documented, and maintained.
Moreover, it relies heavily on open-source tools, and industry (including instrument ven-
dors) is reticent to incorporate open-source products into their own software because they
would need to assume the responsibility of maintaining and supporting it. Assembling spe-
cific working groups, or consortia, could substantially increase the effectiveness of academic
software for industrial purposes, as they could address long term maintenance issues as
well as build trust in SDL software tools through the development of tests to score the
performance of new algorithms.(81)

Users of the equipment pointed out that programmatic access to the instruments, both

www. annualreviews.org » AI/ML for Materials Advancement

21



22

for control-purposes and to access measurements data and diagnostic information, is a
needed step toward building SDLs. Vendors, however, were not ready to implement such
changes in their equipment mostly because: 1) demand is not currently sufficiently high to
justify such a possibly large investment. 2) the custom aspect of such modifications, as very
different interfaces may be involved in each case. 3) uneasiness about allowing access to
their machines to software not developed in-house, as it may interact negatively with other
parts of the equipment or have maintenance issues in the future. Building a user facility
model for autonomous systems was suggested as a possible solution, as it would provide the
opportunity to develop new standards for laboratory equipment, as well as share the cost
of getting started in the autonomous arena.

Another discussed key issue was the need to develop models for proprietary data while
protecting those data from unauthorized disclosure. In general, intellectual property issues
are extremely important to industrial customers. They may be a major issue when setting
up collaborations with academic institutions because academia’s mission is to generate
public knowledge (publishing in scholarly journals, for instance) while industry is interested
in developing an advantage over their competitors. Creating consortia including academia
and industry was the most suggested approach to overcome this challenge.

A last issue brought up in these reports was the lack of qualified personnel to run
such SDLs. As only a limited number of professionals currently have expertise in materials
science, AI/ML, and automation technologies, there is a need for more across-discipline
training. Grants to universities to start such multidisciplinary courses were the most sup-
ported approach to address this important issue.

7. Summary

Herein we have explored the challenges associated with the application of AI to materials
R&D through the lens of Self Driving Laboratories. While we used SDLs as an example, the
paradigm for how an SDL functions is really just a recapitulation of how R&D is performed,
whether by humans or machines, with Al algorithms and robots substituting for researchers
where feasible. Thus many, if not most, of the challenges identified are not unique to SDLs.

More generally, the successful application of Al to materials R&D is, unsurprisingly,
dependent on the quality of available data and the lack of uncertainty quantification in much
of the published data. Some of this can be mitigated by building up a data infrastructure.
Yet, this remains challenging even though a number of platforms have arisen to address
this, but their use is far from common. At the bench-level each researcher must determine
what data should be stored, and what discarded, and how it should be represented, both
for internal use and for publication. Ultimately, representation is a standards question,
but whether these standards arise from technical discussions or more organically will be
discipline dependent for the foreseeable future. We would suggest that the most promising
approach is through the creation of user-friendly software platforms where Al-research can
be performed, and data curation is a necessary condition for deposition onto these platforms,
which can then be used by subsequent researchers after some embargo period.

There are several deep mathematical issues that will continue to present challenges for
the materials researcher. First, the lion’s share of existing AT approaches lack interpretabil-
ity and are opaque to the causal links between relevant variables. Thus, there is a pressing
need for interpretable AT algorithms. Second, there is an inherent lack of invertiblity, that is,
the so-called ”inverse problem” where the properties and performance are specified and the
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processing-structure are inferred. This has been a long-standing challenge, and systematic
approaches to addressing it will continue to be in demand.

We also explored the challenges in AI-Human teaming, which are deeply linked to
interpretability as the human requires interpretable visualizations of the AI’s analysis, pre-
dictions, and decision making at every iteration. The user must understand the AI’s current
beliefs before being able to impart their own knowledge to the system.

The adoption of AI by the community will progress in the usual way new technologies
infiltrate any system, first as piecemeal insertions of Al algorithms, but ultimately a more
comprehensive approach will transform the materials R&D landscape. What we have right
now are a bunch of Al-based solutions to various pain points but having a well-developed
ecosystem of Al-based tools allows for a reimagining of how the research is done, as is
exemplified in autonomous systems.

The lack of well-characterized challenge problems for materials science applications is
another obstacle hindering not only Al-model development and decision-making, but hin-
dering the deployment of autonomous systems. If the community had a “virtual gym,”
Al-models and decision-making algorithms could be developed against tests with practical
meaning, which also would serve to help demonstrate the efficacy of autonomous systems
to any organizations looking to invest in autonomous research systems. Similarly, the avail-
ability of benchmarking data allows algorithm developers to test their models, and develop
confidence in their methods. Simultaneously, it allows users of algorithms to identify the
best algorithms, which is more efficient.

Somewhat particular to SDLs, we explored industrial adoption, which, while these ap-
proaches are enormously promising, adoption is impeded due to a number of issues, in-
cluding lack of interoperability standards, and the usual hesitancy to be a “first mover” in
a dynamically evolving field. To de-risk these issues there was enthusiasm for some form
of user facility, which would allow practitioners to debug interoperability problems and
evolve standards. Additionally, for industry to succeed in employing these approaches, a
well-trained workforce will be required, and is tacit in the above discussion.

While this article has delved into the many challenges associated with applying Al to
materials R&D, we are certain that the transformation of research that these approaches
allow, will have profound implications for the entire enterprise of materials research. We are
now entering an age of massively accelerated materials discovery, design and deployment
through the application of Al, especially through the means of Self-Driving Laboratories.

8. Disclaimers

Certain equipment, instruments, software, or materials are identified in this
paper in order to specify the experimental procedure adequately. Such identifi-
cation is not intended to imply recommendation or endorsement of any product
or service by NIST, nor is it intended to imply that the materials or equipment
identified are necessarily the best available for the purpose.

These opinions, recommendations, findings, and conclusions do not neces-
sarily reflect the views or policies of NIST or the United States Government.
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