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The Materials Project was launched formally in 2011 to drive materials
discovery forwards through high-throughput computation and open data.
More than a decade later, the Materials Project has become anindispensable
tool used by more than 600,000 materials researchers around the world.
This Perspective describes how the Materials Project, as a data platform and
asoftware ecosystem, has helped to shape research in data-driven materials
science. We cover how sustainable software and computational methods
have accelerated materials design while becoming more open source and
collaborative in nature. Next, we present cases where the Materials Project
was used to understand and discover functional materials. We then describe
our efforts to meet the needs of an expanding user base, through technical
infrastructure updates ranging from data architecture and cloud resources
tointeractive web applications. Finally, we discuss opportunities to better
aid the research community, with the vision that more accessible and
easy-to-understand materials data will result in democratized materials
knowledge and anincreasingly collaborative community.

In 2011, the Materials Project (MP) was launched to accelerate materi-
als discovery by leveraging openscience principles, such asopen data,
source code and collaboration, aided by advances in computational
power and first-principles methodology. The vision culminated in
the MP website and application programming interface (API) that
offer freely accessible, easy-to-understand property data for indi-
vidual materials and bulk downloads for large datasets, empowering
scientists to make better informed decisions and advance materi-
als science research. A decade later, the MP has evolved into a com-
prehensive repository of materials data, encompassing a diverse

array of properties calculated for various materials chemistries and
structures. This has led to animpressive growth, eclipsing 600,000
registered users and growing exponentially (see top of Fig. 1). The
MP is now a widely recognized and routinely used platform in vari-
ous materials science domains, alongside other databases such as
NOMAD!, OQMD?*?, AFLOW**, JARVIS® and Materials Cloud’, where
each offers a diverse range of structures, properties and software
tools®. This shift signifies a broader transition towards data-driven
science, where computation and machine learning (ML) provide
opportunities for further acceleration.

A full list of affiliations appears at the end of the paper.
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Inthis Perspective, we discuss the mainadvancesinthe MP over the
past decade, contextualized within the materials science community,
and we outline the remaining challenges and the philosophy with which
the MP hopes to face them.

The MP database

The primary output of the MPis its database of inorganic crystal struc-
tures and their associated properties. Inaddition, it hosts databases of
molecules’™, synthesis recipes extracted from the literature ™, the
properties of battery materials”® and metal-organic frameworks",
and catalysis datasets” that are developed in collaboration with the
MP or that have been developed externally.

The main MP database can be conceptualized along two axes:
breadth and depth (see bottom of Fig.1). Breadth reflects the number
of distinct materials, whereas depthindicates the range of properties
and metadata known for each material. Each axis presents unique
challenges and benefits. Over the past decade, the depth of the MP
database has increased substantially through the implementation
of automated workflows. Every workflow and the data produced
undergoes rigorous benchmarking and validation against available
experimental data, and is typically documented in a peer-reviewed
publication. These workflows enable the MP to autonomously and
continuously calculate specific properties across various structures
and chemistries.

TablelandFig.1summarize the properties that have been calcu-
lated via the MP in high throughput since its inception. These include
bothadditional properties and enhancements to existing capabilities
as methods mature. State-of-the-art first-principles methodology
is constantly evolving and necessitates that properties are recalcu-
lated and updated as more accurate methods that are compatible with
high-throughput workflows emerge. For example, improvements in
the predicted thermodynamic stability, particularly the formation
enthalpy, were achieved through empirical correction schemes and
the adoption of the r’SCAN density functional® . This continued
assessment and evaluation against experimental gold standardsis vital
for ensuring data integrity, user trust and remaining at the forefront
of materials informatics.

The breadth of the MP refers to its range of unique crystal struc-
tures, termed ‘materials’ within the MP, while acknowledging that the
scope of real materials within materials science is broader. Today, it
covers a total of 178,627 materials across 51,298 chemical systems
and 228 space groups throughout the majority of the elemental space
(Fig. 1). The MP’s structure and compound coverage has drawn from
established experimental databases such as the Inorganic Crystal
Structure Database (ICSD)*, the Pauling File” and the Crystallography
Open Database”. As a result, the MP has been able to compute the
majority of unique stoichiometric inorganic materials found in the
ICSD. Furthermore, owing to the vastness of the literature, text mining
using natural language processing has helped to identify compositions
notrecordedinthe ICSD”.

By seeking breadth, the MP does not specialize in specific catego-
ries of materials, instead emphasizing properties and characteristics
across diverse chemical systems and structures. Specialized materi-
als databases, such as those for perovskites®, organic crystals® or
the subsets of the Computational Materials Repository*°, may better
serve specific applications. Yet, not all possible materials have been
synthesized, rendering incomplete any database that relies solely on
synthesized materials. Databases that include a large proportion of
hypothetical materials, such as AFLOW* and Alexandria®, can aid in
mapping the energy landscape of polymorphs.

Thus, innovative strategies are needed to broaden the database
into unexplored chemical spaces. To this end, the MP has applied
structure-prediction techniques® using data-mined statistical analy-
sis to provide likely ionic substitutions for existing materials proto-
types. Similar efforts from AFLOW include the release of materials

prototypes containing stoichiometry and geometries™. Since then, ML
has transformed structure searching through techniques such as graph
neural networks and active learning®. These methods, often trained
on accurate and diverse materials data from the MP, underscore the
importance of curated and accessible data for rapid learning.

The second aspect of expanding breadth is increasing the cover-
age of disordered and non-stoichiometric compounds motivated by
enhancing the representations of real materials that are often dis-
ordered and imperfect. As the underlying density functional theory
(DFT) methods used by the MP require fully ordered unit cells, many
experimentally known disordered compounds require the construc-
tion of ordered approximations before they can be added to the MP.
This process has been used continuously for many disordered mate-
rials, but selecting an ordered approximation is not unique and may
overlook crucial details such as solid solubility. Structures predicted
by ML methods are often approximated into ordered forms™; this may
not match experimental observations of a material synthesized at high
temperatures where multiple disordered chemical arrangements may
coexist. Thus, the MPis establishing methods to classify these ordered
approximations®, for better database construction and enhanced
simulationaccuracy through cluster expansion techniques”. Effective
stochastic methods that can simulate disorder in large-scale systems
and correlate them to the as-synthesized disordered materials will
greatly advance the gap between approximated theoretical models and
experiments. With these limitationsin mind, ordered approximations
are still useful for explaining average behaviour, short-range orders
and associated energetics.

Another critical aspect for translating materials informatics across
simulation codes is simulation metadata®®. From the start, the MP has
made substantial infrastructure efforts to preserve structured simula-
tion metadata wherever possible. For example, calculation metadata
areavailable both onthe MP website and via programmatic download.
Retaining these metadata—for example, the charge densities, structure
provenance and relaxation trajectories—has enabled continuous data
validation against the latest methods and current development of
universal ML potentials®*°,

Despite the increase in throughput enabled by workflow tools,
data production faces ahumanrate limit asautomated workflows still
require considerable intervention. Recognizingits limited personnel
resources, the MP emphasizes expanding coverage in both breadth and
depth through active engagement with the community.

The MP platform

Besides curating a materials database, the MP also serves asaplatform
for sharing and analysing data with open-source software. Today, the
MP is powered by a large collection of software libraries that encom-
passes acomplete data pipeline: from high-throughput workflow man-
agement to data extraction, transformation and loading, data analysis
and visualization, and its website and API (Fig. 2)*"**. These software
packages transform raw outputs from first-principles electronic struc-
ture codes into interpretable and query-able data, further enabling
informative andinteractive figures. Created within the MP, these codes
have thrived through the combined endeavours of many contributors
who applied their scientific domain knowledge with modern software
engineering. This combined effortin sustained open-source software
development and opendatainfrastructure has scaled up computational
materials science and has helped drive the field towards open science
thatis shareable and reproducible.

The production workflows in the MP use the commercial Vienna
ab initio simulation package (VASP)**¢ due to its robustness, speed
and general acceptance within the broader community. However, our
most recent production workflow software, atomate2 (refs. 43,44),
enables users to run comparable workflows with other codes. Box 1
discusses both verification and validation of the MP’s electronic struc-
ture workflows.
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Fig.1| Growth of the MP in materials properties and users since its inception.
Top: growth of the MP in materials properties (left) and users (right). Registered
users are those who provide email addresses, and do not include anonymous
users. Depicted are the growth of both the legacy and new next-generation
(‘nextgen’) websites, and the de-duplicated total number of the two combined.
Theinset shows the growth by quarter since 2015. Bottom: illustration of

the depth (left) and breadth (right) axes for expansion of the MP database.
Depthincreases through the number of properties available for each material
(compare Table 1). Breadthincreases through the number of materials predicted

50

100 150
International space group number

Number of structures containing this element ... 82?93 .
T U 1 1
| | N |

200

10

Il Am Cm Bk Cf Es Fm Md No Lr
to be thermodynamically stable, their diversity in space group, elemental
complexity and chemical composition. DoS, density of states; EXAFS, extended
X-ray absorption fine structure; GGA, generalized gradient approximation;
SCAN, strongly constrained and appropriately normed (functional); r’SCAN,
regularized-restored SCAN (functional); U, Hubbard correction; XANES, X-ray
absorption near-edge spectroscopy; XAS, X-ray absorption spectroscopy; XRD,
X-ray diffraction. The periodic table was prepared using the open-source Python
package pymatviz, whichis co-developed by J.R.

In addition to software development, the MP has spearheaded
algorithmic advances in many distinct areas, such as crystal struc-
ture analysis (for example, CrystaNN*, ChemEnv*® and robocrystal-
lographer®’), inorganic synthesizability analysis (reaction network
analysis®*' and text-mined recipes®) and cathode discovery (charge
density analysis®>** and migration analysis workflows****). These tools
are continuously being developed and improved by the MP collabora-
tion as part of the MP’s software ecosystem. Its success is owed to the

efforts of numerous contributors, most of whom are not funded by
the MP, enabling the MP to surpass the achievements that are possible
forasingleresearch group and showcasing the power of open-source
principlesinscience.

Today, thousands of people visit our website, and millions of data
records are downloaded each day. To supportincreasingly heavy use,
the MP hasbeen modernizingits services over the past few years. Spe-
cifically, this includes overhauling how data are searched and viewed
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Table 1| Properties available in the MP, including recent advances and roadmaps for future capabilities

Property (year) Capability Number of entries
Thermodynamic stability (2011-2020) Formation energies based on mixing schemes”'*° of GGA, GGA+U and r’SCAN data 341,314
Piezoelectricity (2015) Piezoelectric tensors calculated using density functional perturbation theory"® 3,292
Elastic constants (2015) Elastic constants, compliance tensors and stiffness tensor™ 12,128
Surfaces (2016) Surface energies and work functions' 134
Dielectric tensors (2017) Dielectric tensor calculated via density functional perturbation theory, including the ionic 7277
component and static component'®
Phonon dispersion (2018) Phonon band structures. Roadmap: add finite temperature phonons and expand to 1,521
metallic materials
X-ray absorption spectra (2018) K- and L-edge calculations including XANES, EXAFS, XAFS™ 500,000
Equations of state (2018) Energy-volume relationship across eight thermodynamic equations of state 233
Aqueous stability (2019) Pourbaix diagrams by combining calculations with experimental aqueous ion references™ 52,082
Grain boundaries (2020) Grain boundary energies and work of separation’” 327
Electronic structure (2020) Band structures calculated using DFT. Roadmap: improved levels of theory for bandgaps, 70,451

providing effective masses and Fermi surfaces

Ferroelectrics (2020) Screening and workflow for identifying candidate ferroelectric materials, with the external dataset 413
released on MPContribs

Magnetism (2020) Magnetic orderings within the framework of collinear spin-polarized DFT+U (ref. 81) 27,000

Optical absorption (2023) Optical absorption spectra calculated at independent-particle approximation 940

Amorphous materials (2023) Ab initio molecular dynamics of amorphous structures® 5120

Chemical environment (2023) Coordination environments with tolerance to small structural distortions 154,302

Details of each property are available via the public documentation for the MP at https://docs.materialsproject.org. A dataset of defect calculations generated using new workflows (based

around the pyCDT and pymatgen-analysis-defects python packages) is in progress.

inthe explorer and analysis apps, displaying contributed data from the
community and developing an easy-to-use Python client for querying
data programmatically—all key enablers for data-driven studies.

Since 2015, the MP has put major efforts into making its data on
inorganic materials citable and discoverable. Today, the MP has minted
over 145,000 digital object identifiers (or DOIs) through a partnership
with the US Department of Energy (DOE) Office of Scientificand Tech-
nical Information. The DOl metadata contain materials descriptions
generated with robocrystallographer, which has made MP materials
discoverable in search engines such as Google Dataset Search and
DOE Data Explorer.

The MP’s mission demands an IT infrastructure that is capa-
ble of scaling with evolving requirements while maintaining peak
performance, security and efficiency. The MP transitioned to a
microservices-based network architecture in ‘the cloud’ and uses
containerized environments to ensure uninterrupted service. A
cloud-native observability platform unifies end-to-end visibility across
the MP’s elastic cloud resources. As our dataset grows in scale and
complexity, the MPis transitioning the entire data pipeline to the cloud,
while taking advantage of resources provided by industry partners such
as the Open Data Sponsorship Program of Amazon Web Services. In
doing so, the lean development team brings the infrastructure of the
MP toindustry standards of scalability and maintainability, providing
researchers with asmoother experience.

Recognizing the need for a data-sharing platform, another key
shift of the MP is enabling the publishing and sharing of user data.
MPContribs, the data contribution platform of the MP, allows mate-
rials data of the experimental and computational community to be
stored, accessed and searched*”. The dissemination of these data
to the MP’s more than half a million users and the option to cite this
electronic version of their datasets is an opportunity for scientists
to expose their research to a global audience. Data on MPContribs®
(see https://mpcontribs.org for further documentation) are organ-
ized as annotations and expansions to existing MP materials, and are
exposed to the MP’s user base via the materials detail pages, while

leaving full ownership and control over the data with the contribu-
tors. The user-submitted entriesin MPContribs are organized in strict
components to permit fast querying but are otherwise agnostic to
whether the data are experimental or simulated. This model places
more emphasis on the analysis and curation of materials data over the
submission of unstructured raw simulation files, in line with modern
datamanagement plans.

Besides data, the MP is building infrastructure that enables col-
laborators to contribute interactive ‘apps’. This infrastructureincreases
data visibility and usage, and enables community-uploaded data to
be discoverable and explorable. The MP also engages in consulting
that is scientist-facing, to serve as a user-data facility and compound
itsimpact.

The MP for materials discovery

Whereas the MP is routinely used in data-driven materials design, a
key metric of success lies in bringing materials to market and ena-
bling emerging technologies. Despite the typically sluggish pace of
materials development and commercialization, the outputs of the
MP have directly contributed to synthesizing and characterizing
purposefully designed materials and identifying existing ones for
novel applications. These achievements are partially credited to
the enhanced understanding of materials gained from extensive
and precise property data. Consequently, the MP, along with other
databases™*, has played a pivotal role in advancing the fourth para-
digm of materials research®.

In materials discovery, a common approach involves screening
databases on the basis of specific criteria or descriptors to identify
and filter candidate materials for further investigation. This approach
has been widely adopted for a diverse range of applications, includ-
ing batteries®, optoelectronics®, phosphors®, thermoelectrics®,
piezoelectrics®, photocatalysts®***, electrides®, carbon capture®®,
magnetocalorics®’, quantum materials such as two-dimensional
systems®®, topological insulators®”’® and semimetals”. A recent direc-
tioninvolves ‘inverse design’ approachesin which atomic composition
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MP codes and services. The MP website is almost exclusively powered by open-
source software, to which any scientist or developer can submit a change for
review. HPC, high-performance computing.

and/or configurations are predicted given a target property without the
need to solve the Schrédinger equation, but rather with optimization
methods, generative models and materials informatics’.

Today, more than four papers are published every day citing the
MP for its data, software or vision. Notably, some of these studies
have resulted in the successful synthesis of materials that exhibit
target properties. For example, optoelectronic materials, such as
rhombohedral-structured Ba,BiTaO, (Fig. 3a), were synthesized as
promising transparent p-type conductors” " after screening 3,600
quaternary oxides on the MP for their band structures and mobilities,
followed by more accurate GW calculations. Phosphor candidate
materials Sr,LiAlO, and Sr,AlSi,O¢N (Fig. 3e) were determined by
leveraging the stability data and structure-prediction algorithms on
the MP and, when activated by Ce*" and Eu**, show broad emission as
white-light-emitting diodes’””. For high-temperature carbon-capture
applications, Na;SbO, (Fig. 3b) was identified as a promising mate-
rial by systematically searching the MP’s phase diagrams, covering
over 1,400 carbonation reactions, whereby five synthesis candi-
dates were extracted and experimentally verified’®. A screening of
tens of thousands of materials with predicted electron-transport
properties revealed a family of XYZ, compounds as promising ther-
moelectric candidates, in which TmAgTe, and YCuTe, (Fig. 3d) were
synthesized and shown to exhibit a low thermal conductivity and
a moderate figure of merit’>*°. Mn,,,Sb (Fig. 3¢) was synthesized
as a promising magnetocaloric material, suggested by the screen-
ing of over 5,000 MP candidate compounds using the ‘magnetic
deformation’ proxy that correlates with entropy change during
magnetization®-*2, Candidate electrides were discovered by scan-
ning the MP for structures with particular free volumes. This search
led to the identification of Sr;CrN,, marking an example of materi-
als chemistry featuring a partially filled d-shell transition metal,
thereby expanding the design parameter space for electrides®**.
The new lithium-metal-oxyhalide material LIMOCI, (M = Nb, Ta)
(Fig. 3g), with exceptional ionic conductivity for all-solid-state bat-
teries, was discovered via derivation from a structure identified in
the MP*. An ML model for the Debye temperature was trained to
bulk and shear moduli obtained from the MP, and led to the discovery
of Eu**-doped NaBaB,O,; (Fig. 3f) as an efficient, thermally robust
inorganic phosphor material with likely high photoluminescent
quantum yields, which was verified through subsequent synthesis
and measurements®.

Challenges and outlook

Materials informatics evolves rapidly, incorporating increasingly
intricate structural, chemical and physical properties. Whereas early
computable properties comprised structure, stability and bandgap
data, advancements in computational methods now provide access
to complex properties such as dielectric tensors, absorption spectra
and electron mobility. Despite these strides, there remain frontiers
for enhancement and expansion, notably in refining the accuracy of
electronicstructure formalisms, expanding property coverage across
structural and chemical space and improving our ability to guide syn-
thesis conditions towards more successful outcomes.

Although amenable to high-throughput computations and reason-
ably accurate ground-state structure identification, first-principles
GGA functionals are known to exhibit deficiencies in capturing local-
ized electronic ground and excited states. As modern computing
architectures and quantum mechanical codes become increasingly
efficient, more accurate methods become tractable. As an example,
MP formation energies are partly computed using the r’'SCAN method,
and together with the GGA/r’SCAN mixing scheme, result in an over-
all more accurate thermodynamic energy surface”?*. The MP has
also developed workflows to elucidate the ground-state magnetic
order in inorganic crystals by enumerating and calculating a series
of plausible magnetic orderings where non-ferromagnetic orderings
have been shown to be correctly predicted for 95% of the benchmark
cases®. High-throughput advances in excited states have been lim-
ited by costly and complex methods, and may be pursued as these
methods mature. We note that the MP has computed the ground-state
frequency-dependent dielectric tensor (Table 1), which serves as the
ground-state estimation for optical properties. Ongoing efforts have
been directed towards expanding the data coverage of hybrid function-
als and other advanced theoretical methods, which typically involve
complex processes and demand orders-of-magnitude-higher com-
putational resources. By leveraging efficient workflow management
tools****, we aim to considerably enhance our coverage of more accu-
rate electronic structure data.

Finite temperature properties, including phonons and related
thermal properties calculated within the harmonic approximation, are
continuously incorporated into the database via (GGA-level) density
functional perturbation theory®. This data enables users to calcu-
late finite temperature free energies (including vibrational entropy
effects), thereby aiding in identifying phase-transition temperatures
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BOX1

MP workflow verification and
validation

The MP primarily uses VASP*“°—a plane-wave, pseudopotential-
based electronic structure code—for its DFT calculations.

We note that several other plane-wave DFT packages exist,

and these have been benchmarked extensively over the past
decade for their internal consistency" and their agreement with
all-electron reference methods. The continued use of VASP within
the MP is motivated partly by historical continuity and technical
compatibility with the high-throughput infrastructure of the MP.
Additional considerations include VASP’s demonstrated efficiency
on high-performance computing systems (including graphics
processing unit (GPU)-accelerated nodes), the rapid integration

of new DFT features (such as support for performing relaxations
directly using the DFT stress tensor with meta-GGAs such as r’'SCAN
(ref. 21)) and its robust pseudopotential library, which exhibits a high
degree of transferability across diverse chemical environments'™.
Nonetheless, not all of these features are unique to VASP, and
comparable capabilities exist or are being incorporated into other
widely used codes.

Although the MP does not conduct routine cross-code
comparisons for numerical agreement, it has undertaken rigorous
internal validation of its computational workflows, many of which
are described in separate publications. For example, in the core
workflow, comprising structural relaxations and total energy
computations using r’SCAN, the MP has benchmarked convergence
with respect to plane-wave energy cut-offs and k-point densities?.
Specialized workflows, such as those for computing elastic
constants or thermodynamic equations of state, apply additional
accuracy criteria (for example, tighter force convergence) and are
tested for agreement with experimental data.

The choice of DFT functional within the MP workflows aims to
balance accuracy, robustness and computational efficiency in
a high-throughput context. The r’'SCAN functional was selected
for the core workflow because it maintains numerical stability at
scale, in contrast to earlier meta-GGAs that were accurate but often
failed under automated execution*?. The choice of functional
can be property-dependent; for example, to address the known
underestimation of electronic bandgaps by (meta-)GGAs, the MP
is developing hybrid functional workflows for more accurate band
structure predictions.

A forthcoming paper will provide a comprehensive update on
the MP’s ongoing validation efforts (A.D.K. and K.A.P., manuscript
in preparation). Recent developments include improved k-point
density estimates, improved choices for pseudopotentials
(especially for f-block elements) and refinement of internal
numerical settings. Some updates have been motivated by
discrepancies observed in collaborations with experimentalists,
particularly in predicting the stability of lanthanide compounds®.

between solid phases. The phonon data can also be used to calculate
the speed of sound, understand dynamically unstable materials (for
example, to identify potential ferroelectric phases), calculate heat
capacities or identify frequencies of optical modes (used, for example,
inelectron-scattering calculations). The dataset of harmonic phonons
is currently being expanded and will in the near future include tens of
thousands of materials.

Workflows thatincorporate third- and fourth-order effects beyond
the harmonic approximation have recently been implemented. Once

in production, such workflows will provide lattice thermal conductiv-
ity, thermal expansion coefficients and renormalization of imaginary
frequencies at higher temperatures, which will inform finite tem-
perature stability. Furthermore, the detailed force constant matrices
determined using such workflows can be used to refine ML interatomic
potentials.

Anoverarching challenge in expanding the materials design space
is to connect computation with experiments beyond well-ordered,
stoichiometric bulk limits. Owing to the dramatically increased com-
binatorial phase space, efforts to design alloys using high-throughput
computation® for applications such as high-entropy alloys, thermo-
electrics and magnetocalorics are usually limited to aspecific structure
and chemistry. Addressing general solid-solution behaviour across all
metals, semiconductors andinsulatorsisintractable today. However,
the MP hasimplemented an analysis framework to extract hypotheti-
calalloy pairs between commensurate crystal structures with existing
physical laws>*. Whereas this approach can serve as an initial filter to
explore the alloy space, more effort is needed to label and recognize
possible alloy-forming compounds.

Non-crystalline nanomaterials pose other challenging avenues,
finding applications in energy storage, catalysis, coatings, aerospace
and more. Their complex energy landscape requires extensive compu-
tational efforts but offers a richer representation of non-equilibrium
structures, valuable for future interatomic ML endeavours®. The MP
has developed workflows for calculating non-crystalline structures
and surfaces®*, and the growing database is used to gauge the ther-
modynamic limit for synthesizability’®”, for instance. Collaborative
efforts such as the Open Catalyst Project?® have expanded capabilities
ofthe MP by providing extensive surface adsorption data, enabling the
training of ML models to predict surface passivation and chemistry.

Ultimately, designing a material with a set of desired properties
involves assessing its realizability. Predictive synthesis, arapidly evolv-
ing field, focuses on methods to predict optimal synthesis conditions
and precursors. As different synthesis methods operate under arange
ofenvironmental parameters with a varying degree of thermodynamic
and kinetic influences, descriptors such as energy-above-hull offer
approximate guidance on product stability but do not necessitate syn-
thesizability’>. Recent advancements include setting arigorous limiton
synthesizability’® and evaluating competing phase space viareaction
networks and convex hull shape analysis®*'. To address this, the MP col-
laboration developed web applications for phase diagrams, chemical
potential diagrams and Pourbaix diagrams, which depict the thermo-
dynamiclandscape’s topology and its environmental dependencies.

To harness knowledge in the published literature, MP collabora-
tors used natural language processing to extract synthesis recipes,
contributing valuable data to the MP and the wider community. It
is important to note, however, that the published literature rarely
documents failures and ‘dark reactions’, whose inclusion is crucial in
any data-driven methodology®. As automated robotic laboratories
become operational, their data infrastructure will offer systematic,
standardized and reproducible data on reactants and conditions,
irrespective of success’™.

Designing a material from the bottom up using computational
methods torealizingitin the laboratory is difficult due to four limita-
tions: the accuraciesin abinitio methods; the length- and timescale of
asystem that canbe described by the ab initio method; the lack of full
complexity of real-world systems at afinite temperature with defects,
disorders, vibrations and kinetic influences; and the consideration
of higher-level constraints such as device manufacturing, scale-up,
revenue and market size. Despite these limits, we have seen how com-
putation, anditsdata, are abletoreveal trends, guide research efforts
and identify and explain physical/chemical phenomena. There are
indeed many documented cases where theoretical predictions have
led to experimentally confirmed functional materials at the laboratory
scale”, In this regard, ML methods have the potential to massively
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b
Ba,BiTaOq Na;SbO,

Fig. 3| Examples of compounds predicted to have target properties by
leveraging the data and analysis tools of the MP. These compounds were
subsequently synthesized and experimentally confirmed either within the

MP collaboration or by external collaborators. The predicted compositions
and corresponding screened properties are as follows. a, Ba,BiTaO,, a p-type
transparent conductor screened for bandgap, effective mass and valence

band maximum”. b, Na,SbO,, a carbon-capture material screened via phase
diagram and oxygen reaction potential’®. ¢, Mn,,,Sb, a magnetocaloric material
(amagnetic compound for thermal cooling) screened via amagnetic
deformation descriptor®®2, d, TmAgTe, and YCuTe,, thermoelectric materials
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screened by electron-transport properties’*®, e, Sr,AlSi,04N:Eu?*, a phosphor
material for energy-efficient lighting, predicted to have extra-broad emission via
the screening of thermodynamic stability and bandgaps™”". f, NaBaB,O,5:Eu?',
aphosphor material predicted to have a high photoluminescent quantum yield
by an ML model trained on bulk and shear moduli datain the MP*®. g, LIMOCI,

(M =Nb, Ta),asolid electrolyte (for solid-state batteries), derived via substitution
based on the LiVOF, structure (MP entry: mp-850188)®. Figure prepared using
the open-source Python package crystal_toolkit, developed and maintained
within the MP.
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expand the capacities of traditional ab initio methods, an areathat the
MP has helped to advance.

The MP for artificial intelligence/machine learning

Having amassed and curated vast electronic structure calculation data,
the MP has emerged as akey enabler of integrating artificial intelligence
(or Al) into materials science, a development unforeseen at its launch.

Taking advantage of adecade’s worth of structural and potential
energy surface datafrom MP relaxation trajectories, universal graph
deep learninginteratomic potentials with coverage of the entire peri-
odic table have been developed. Examples including M3GNet* and
CHGNet*® have shown notable accuracy in obtaining fundamental
materials properties for a very broad structural and phase space.
These models have greatly expanded the space for materials dis-
covery and design, enabling access to scales that are challenging for
first-principles computations®. Such efforts have further emphasized
theimportance of expanding the unexplored compositional and con-
figurational space in the datasets, in particular, by adding metastable
and non-equilibrium systems.

Besides ML potentials, successful property prediction models
include the prediction of elastic tensors, densities of states and X-ray
absorption spectra by leveraging the existing data on the MP**"1°°,
a fruitful outcome of the extensive effort that goes into improving
our materials property coverage. For volumetric data, we released an
electronic charge density database and provided the code for chang-
ing the representation of the charge density'”, expecting it to enable
advanced ML studies of materials.

In meeting the community’s need for large, reliable and diverse
datasets to develop ML algorithms, the MP has also made a specific
efforttorelease standardized materials datasets and provide additional
codes to support their use. As an example, the Matbench suite has

curated abenchmarking dataset of a diverse range of 13 properties of
solid materials, which hasbecome a canonical dataset adopted by the
community to test emerging ML architectures'®*'%¢,

Looking ahead, we expect greater integration of ML-derived data-
sets. Workflows in atomate2 are adapted to swap DFT-based simula-
tions with ML potentials, enabling flexible choice of speed or accuracy.
Users will be able to perform virtual materials design across mul-
tiple properties with rapid feedback loops. We note that ML and
first-principles theories are complementary techniques: ML simula-
tions provide the opportunity to help the MP make efficient use of ab
initio data.

The MP community

Beyond citations and statistics, the most important measure of the
success of aprojectisits widespread use and implied community trust.
Over the past decade, the MP has cultivated an evolving community
that relies on our data, algorithms and software. The MP platform is
alsocommonly used asatoolin classrooms for educators and students
in physical sciences. One important future directionis user education,
whichisrealized via constant efforts in providing clearly documented
methods and easily interpretable data and website visualizations, and
viacommunity engagement. Through these, we hope that the MP can
serve as an accessible platform for sharing the accumulated knowl-
edge on computational materials and educating beginnersin the field.
Notably, first-principles data, once only interpreted by theorists, are
now democratized and used routinely by experimental groups and
by industry.

One effort has been establishing the Materials Science Commu-
nity Discourse at matsci.org, run in partnership with the OpenKIM
project'®, that aims to be a shared venue for the materials science
community to facilitate discussions around methods, dataand tools. It
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was established without preference to any one research group or code,
and with a process to allow new groups to add their own categories
to the forum.

Asthe number of codes and the diversity of dataincreases, so does
MP’s responsibility to train others in how to use them responsibly. To
thisend, the MP has run workshops for direct training and disseminates
the workshop material and videos for free. Documentation, example
notebooks andin-line code examples onthe new website are provided
wherever possible. The intent is to create a pathway for users without
previous programming experience to learn how to programmatically
use the dataand improve the codes for the benefit of the community. To
create awelcoming and open environment for participants of all levels,
most MP code bases use an open governance model where codes are
reviewed and decisions debated in public. All participants, formal or
informal, are expected to abide by the code of conduct.

We recently launched the Materials Project Foundation as aform
of governanceto ensure the sustainability of our software ecosystem,
and to recognize and incentivize the important professional service
from external contributors. The overarching goal of the Foundationis
to promote acommunity-driven, transparent and inclusive governance
model for our public-facing open-source codes. Major development
decisions are documented in a public repository to serve as a guide
to community members seeking to integrate their work with the MP
software stack.

Community involvement extends to user-contributed datawhich
appear clearly marked alongside the MP’s generated data with refer-
encestotheaccording publications. This service facilitates datashar-
ingamong scientists, leveraging the MP’s analysis tools and expanding
our global user base. The mutual benefit lies in reliable dissemination
of third-party data via our infrastructure, enriching the diversity of
our dataset. Notably, experimental dataremain scarce, underscoring
the need for future effortsin gathering more ‘gold standard’ datasets,
a task facilitated by advancements in automated laboratories and
high-throughput experiments'**'”,

Industry entities such as the Open Catalyst Project® and the
GNOME project® have partnered with the MP, leveraging its data and
software infrastructure. In turn, computed structures from both pro-
jects are now hosted on the MP. We hope that these collaborations
willincrease public awareness of materials research and draw greater
interest from the private sector in fundamental materials research
forasustainable future.

Conclusion

Over the past decade, the MP has grown in maturity, accuracy and
scope, meeting the expanding needs of the community. By making
large inorganic materials data andits calculations FAIR'**—that is, find-
able, accessible, interoperable and reusable—the rapid development of
ML algorithmshasbeenenabled, further accelerating materials design
and entering the fourth paradigm of data-driven science. The MPis a
continuously evolving resource, with opportunities and challenges
including improvements in first-principles methodology, expanding
the scope of materials properties, exploring phase spaces of increasing
complexity, and predicting synthesizability. It will continue the trend
towards more openness and solicit third-party contributions in data
and software, enabling researchers to take advantage of the expanding
network effect to discover each other’s data and perform ever-more
comprehensive data mining and analysis.

The advancement of computational science includes an impres-
sive array of data, tools, algorithms and simulation methods, which
requires an equal advancementin the skills of engineers and research-
ers to take full advantage of them. The adoption of computational
tools has to become routine through the democratization of data
and underlying methodologies. To achieve this, the data generated
by high-throughput efforts and accelerated learning models must be
reliable and vetted and—when errors are made—corrected responsibly

and openly. Through the implementation of acommon software infra-
structure, it becomes feasible for data and methods to be rigorously
analysed against state-of-the-art methods and examined by a broad
audience. With this visioninmind, the MP strives to serve as an engine
that not only provides resources for the community but also leads
scientific advancement in data-driven materials design.
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