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Artificial intelligence (Al) is rapidly transforming the field of materials science, offering a new paradigm to accelerate the
discovery and design of sustainable materials. This article explores how Al-driven innovations are enabling breakthroughs
across the material spectrum, from recyclable polymers, coolants, to low-carbon cement and crystalline materials for energy
applications - advancing goals across material circularity, clean energy transition, and climate resilience. Additionally,
it examines current key bottlenecks in Al for materials design, including computational limitations and data gaps. Finally, the article
highlights emerging opportunities to close the loop between theory and practice through agentic Al systems and automation,
emphasizing the importance of sustained investment and thoughtful deployment to catalyze a more sustainable future.

Introduction

Human history is decorated with periods of rapid innovation
which manifest in large productivity and efficiency gains
across all economic sectors. Since the 1800s, advancements
in chemistry, biology, and materials science and engineering
have been seamlessly integrated into modern conveniences.
Take the simple task of grocery shopping as an example.
The groceries we buy depend on a global food production
ecosystem that relies heavily on ammonia-based fertilizers
produced through the Haber-Bosch process, which is a
chemical process that converts nitrogen and hydrogen gas
into ammonia using a catalyst.! Without the invention of
food-grade plastics, packaging and shipping these groceries
without spoilage would be nearly impossible at an affordable
price. The modern grocery store, itself, is an engineered
union of structural materials such as steel and concrete.
Behind the scenes, complex supply chains are navigated to
distribute fruits and vegetables efficiently across the world
to the local supermarket at peak ripeness; all of which would
be impossible without computers and countless underlying
science and engineering innovations to orchestrate their
distribution and transport.

Figure 1: Global CO, emissions by sector, 2022
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With modern conveniences come modern challenges,
however, as there is no such thing as a free lunch. One of
the single most energy-intensive chemical reactions, the
Haber-Bosch process is estimated to consume a staggering
1% of global energy demand per year to support modern
agriculture Plastic production is estimated to produce over
5% of GHG emissions* and current plastic waste is projected
to be over 350 Mt, of which less than 10% is recycled.®

The production of steel and cement, a critical component

in concrete, is estimated to contribute to ~14% of total GHG
emissions.® Additionally, there is growing concern about
the human and environmental impacts of electronic waste’
as well as the high energy intensity of semiconductor
production.® Materials and their production, while
foundational to global development, are major contributors
to climate change with adverse environmental impacts.

The world urgently needs to design novel materials and
manufacturing processes that can reduce GHG emissions
and improve environmental sustainability goals. Innovations
in materials science can reduce environmental impacts

in two key ways: first, by developing more sustainable
alternatives to existing materials — such a green steel or
cement - and second, by developing materials with new
capabilities, like advanced batteries for long-duration energy
storage or CO, capture sorbents for direct air capture.®

With artificial intelligence (Al) disrupting whole fields of
research from computer science to computational biology,
Al presents a transformative opportunity to accelerate
materials discovery and optimization to decarbonize the
built environment. While Al comes with significant resource
and energy costs, it also has real potential for addressing
the very sustainability challenges discussed above." Here,
we discuss the most promising roles Al plays in materials
science from materials discovery to educating future
sustainability champions whilst addressing current pitfalls
and shortcomings of Al in this space.



Searching, Designing, and Testing
New Materials with Al

Material scientists have long desired to design and synthesize
novel materials with predicted properties tailored to specific
applications. Referred to as inverse materials design, the core
concept utilizes computational methods to enable predictions
of a theoretical material and its properties prior to performing
physical experiments, which promises to reduce the time and
cost required for extensive synthesis and characterization
to achieve the desired material.

Traditionally, inverse materials design

relied on property predictors trained on

small experimental datasets. With the

widespread adoption of physics-based

computational methods, such as density

functional theory (DFT) or molecular

dynamics (MD), it became possible to

predict properties from first principles

calculations.  These  physics-based

calculations can be slow and expensive

to run for every possible combination

of atoms and hence, machine learned

(ML) surrogate models trained with

synthetic datasets covering the entire

periodic table are being developed. As

an example, this approach coupled with

cloud computing has enabled rapid

screening of millions of potential battery

materials on Azure Quantum Elements

and has led to discovery of a new solid-
state lithium-ion electrolyte

Al-driven inverse design introduces a new paradigm shift
for materials design by replacing the traditional screening
workflows aimed at specific materials with advanced ML
algorithms capable of traversing across complex chemical
space from the atomic- to micro- scale. This new paradigm
for materials science could enable exploration of all possible
materials —an impossible feat with conventional methods - and
discover materials critical to reaching 2050 sustainability goals.
Below are three examples of how Al is already making tangible
impacts in material science.

Microsoft Research in
collaboration with the
University of Washington
demonstrated how Al
can be used to guide
development of a new

bio-based concrete formula

that replaces cement with
microalgae, leading to a
potential 20% reduction
in embodied carbon over

conventional concrete. of
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Case Study: Discovering Low-Carbon Concrete

Concrete, a mixture of cement and aggregates, is a ubiquitous
building material that has been optimized for its structural
properties over centuries. Reducing or replacing the carbon
intensive cement in concrete while maintaining its structural
properties could significantly reduce global GHG emissions.
Al can help accelerate the discovery of new concrete mixtures.
Using a conditional variational autoencoder (CVAE) conditioned
on compressive strength and environmental impacts, Meta
optimized a new concrete formulation that could potentially
reduce embodied carbon of concrete by up to 40% while
maintaining its structural properties™ Recently, Microsoft
Research in collaboration with the University of Washington
demonstrated how Al can be used to guide development of a
new bio-based concrete formula that replaces cement with
microalgae, leading to a potential 20% reduction in embodied
carbon over conventional concrete.

Case Study: Designing New Recyclable Plastics

Plastics are a family of carbon-based, amorphous materials
primarily derived from petrochemicals ™" They are comprised
of repeating monomer units that are linked together to form
polymer chains which can be generally processed as linear or
cross-linked plastics depending on the specific polymer chemistry.
Cross-linked plastics have unique properties that favor their use in
advanced composites such as printed circuit boards and structural
components like wind turbines. Unlike their linear counterparts,
cross-linked plastics are historically non-recyclable. Recently, a
new class of polymers called vitrimers has been proposed that
maintain the technical performance of cross-linked polymers
while retaining the ability to recycle. Microsoft Research and the
University of Washington demonstrated that vitrimers could be
used to make recyclable composites in electronics,® enabling
recovery and reuse of integrated circuits and copper from
printed circuit boards. The team further demonstrated that hese
polymers could be optimized to improve their

thermal stability without compromising
other properties such as recyclability with

generative AL

Case Study: Generating New
Crystalline Materials

Inorganic crystalline materials are found
in a wide variety of applications such as
semiconductors, batteries, photovoltaics,
and turbines. Some notable examples
are silicon, indium tin oxide, cadmium
tellueride, and neodymium magnets. The
structure or arrangement of atoms in a
crystal lattice structure along with the
elements in the composition determines
many properties of the crystal. Predicting
the exact composition and structure
inorganic crystals with desired
properties could enable development of
cheaper, more efficient energy materials.
For example, Google Deepmind’s GNoME
model employed graph neural networks (GNNs) to screen a large
library of crystal structures in an active learning loop to predict
over 300,000 computationally stable materials.?® In another
approach, Microsoft Research Al for Science trained a generative
model for inorganic crystals, MatterGen,”" which can be fine-
tuned to predict stable, novel materials with targeted properties
across the periodic table. In combination with MatterSim, a
machine learned surrogate model for prediction of energy and
forces of atoms, the team predicted new crystalline materials
with high magnetic density containing no rare earth elements
as a first step toward a new family of magnets.



Challenges in Al for Sustainable
Materials Design

Mind the Computational Gap

Computational predictions - whether of organic molecules,
polymers, or inorganic crystals — are only the first step in
materials discovery. A structure must be synthesized to become
a realized material, and its properties must be experimentally
verified to be considered functional. Successfully creating a new
material depends on two main factors: its stability — determined
by thermodynamics — and how readily it forms - determined
by kinetics. Yet, because kinetics modeling is computationally
challenging and costly, Al property predictors are typically
trained to predict only thermodynamic properties because
these synthetic datasets can be more easily generated from
computational workflows such as DFT or MD. This limits their
ability to predict experimentally viable outcomes and hinders
modeling of rate-dependent processes such as catalysis.

Furthermore, the accuracy of Al models used to predict material
properties depend heavily on the accuracy of the physics-based
computationalworkflows used to generatetheirtrainingdata. For
instance, DFT methods estimate electron-electron interactions
in a material while MD simulates the movement and interaction
of atoms. Both methods involve approximations which can
introduce and compound errors in Al models. However, recent
advances in deep learning algorithms offer promising solutions.
By learning a more accurate mathematical representation for
electron interactions in DFT?*2 and improving the accuracy of
atomic interaction models in MD,* % errors in synthetic datasets
can be reduced and enable more accurate Al property predictors.

The Need for Data and Diversity

Efficiencies in high performance computing have reduced the cost
and increased the speed of generating large synthetic datasets for
training Al models in material science. This has spurred creation
of initiatives such as the Materials Project?® and Meta’s Open
Catalyst Project” where computational workflows, ML models,
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and datasets are openly available to the public under findable,
accessible, interoperable, and reusable (FAIR) principles. In the
age of large foundation models, data has been recognized as
independently valuable and open-sourcing expensive-to-generate
datasets is often disincentivized. Open-sourcing workflows and
datasets, however, remains critical for scientific reproducibility
and interoperability,”® and the community needs to ensure a good
balance is struck to ensure continued innovation in this field.

In addition to sparse workflows and data availability, most
large Al training datasets in materials science focus on atomic
properties based on structure and composition of the material.
While certain properties such as electronic bandgaps, ionization
potentials, and bulk modulus can be calculated using quantum
chemistry workflows, many relevant real-world properties are
determined at different length scales. For structural materials,
the microstructure of the material determines important
properties such as ductility, strength, and corrosion resistance.
Computational workflows and synthetic and experimental data
in these length regimes are sparse but needed to predict real
materials and processes.?

Materials do not Exist in a Vacuum

Sustainability is an inherently interdisciplinary field, spanning
frombasicscienceto policy,andrequiresthinkingaboutinteracting
systems at scale. No single algorithm or material will be the silver
bullet that unlocks the gateway to a more sustainable future.
Materials discovery, selection, and engineering must be evaluated
in relation to the larger industrial ecosystems in which they reside
to accelerate adoption of more sustainable technologies.*® Using
Al to accelerate materials research at all length scales is key, and
emphasis on developing Al systems to accelerate the process
and engineering of materials and to evaluate new materials at
the device scale should be encouraged to bridge technology
readiness gaps. Al could be a key driver in developing an informed
workforce capable of amalgamating opportunities, tradeoffs,
and externalities of new material innovations and promote their
integration into technologies, whilst navigating complex logistics,
economic and regulatory landscapes "

Looking Forward to Closing the Loop with Automation
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Research agents

Materials discovery is an arduous, complex process guided by the
scientific method - an iterative feedback loop of observations,
questions, hypotheses, experiments, analysis, and conclusions.
It is becoming possible to develop agentic Al systems that can
assist researchers at each stage of the scientific method. A typical
first-generation co-scientist has a natural language interface with
which users can prompt and interact with the system, access
to domain-specific tools, modules, and agents, can execute
asynchronous, continuous,
and configurable downstream
tasks, and has contextual
memory from which it can be
used to improve subsequent
tasks.® Early examples of co-
scientist experiments have
been reported by Google*
and Microsoft Discovery®
Notably, Microsoft Discovery
demonstrated the use of their
agentic platform to discover
alternative coolants to polyfluoroalkyl

substances (PFAS) for next generation datacenter cooling
applications. Usage of PFAS is under threat of global bans and
development of new coolants could help datacenter operations
reduce GHG emissions by 20%.%¢ As Al models become increasingly
more capable, Al co-scientists have the potential to significantly
reduce the timeline to new materials discovery, especially if
coupled with rapid experimental capabilities.

Autonomous Laboratories

Experimental validation is critical to determining the functionality
of predicted materials, and integrating Al-enabled materials
design with autonomous experimental synthesis represents a
major leap forward to bridging computational and experimental
approaches for materials discovery® The main advantage of
automationistheabilitytoacquire high-throughput experimental
data which then can act as ground truth for computational
predictions.*® An Al-enabled autonomous laboratory, however,
can go beyond acquiring experimental data. Notable examples in
this burgeoning space are the University of Berkeley’s A-Lab* for
inorganic materials, University of Liverpool’s autonomous
platform for chemistry*® and Argonne National Laboratory’s
PolyBot* for development of polymeric thin films. By incorporating
a large corpus of literature data and ML models coupled with
robotics, Al-enabled autonomous platforms have been shown to
predict materials, create synthesis plans, execute the synthesis,
perform characterization, and reason through the entire
experimental run. As autonomous capabilities advance, the rate
of materials discovery is expected to increase.

As Al models become increasingly more
capable, Al co-scientists have the potential

to significantly reduce the timeline to new
materials discovery, especially if coupled
with rapid experimental capabilities.
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Conclusion

Materials are the cornerstone of our built environment, and their
design, use, production, and disposal are deeply entrenched
within our global environmental footprint. The convergence
of Al and materials science offers a unique opportunity to
accelerate the deployment of sustainable material innovations,
where functional materials can be designed and optimized
for technical and environmental benefits. Despite challenges
such as limited data diversity and
computational gaps, Al has
shown early promise in rapidly
narrowing down the search
space of potential candidates
from biodegradable polymers
to low-carbon concrete and
crystalline  materials ~ for
energy storage, reducing
the time for new material
discovery.  Yet,  discovery
is just the first step. Real-
world impact in sustainability
requires  rigorous experimental validation, thoughtful
integration into global ecosystems, and most importantly -
time. Harnessing the full potential of Al for sustainability will not
happen overnight. It takes time to synthesize, characterize, and
deploy new materials. It takes time to build trust, infrastructure,
and policy frameworks that support adoption, and it takes time
to cultivate the human expertise needed to guide Al responsibly
and effectively. Only through continuous investment in Al and
a commitment to closing the loop between theory and practice
can we catalyze a more sustainable future.

Crystalline materials
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