PERSPECTIVE

W) Check for updates

ADVANCED
MATERIALS

The Case for a Defect Genome Initiative

www.advmat.de

Qimin Yan,* Swastik Kar,* Sugata Chowdhury, and Arun Bansil

The Materials Genome Initiative (MGI) has streamlined the materials
discovery effort by leveraging generic traits of materials, with focus largely on
perfect solids. Defects such as impurities and perturbations, however, drive
many attractive functional properties of materials. The rich tapestry of charge,
spin, and bonding states hosted by defects are not accessible to elements and
perfect crystals, and defects can thus be viewed as another class of
“elements” that lie beyond the periodic table. Accordingly, a Defect Genome
Initiative (DGI) to accelerate functional defect discovery for energy, quantum
information, and other applications is proposed. First, major advances made
under the MGl are highlighted, followed by a delineation of pathways for
accelerating the discovery and design of functional defects under the DGI.
Near-term goals for the DGI are suggested. The construction of open defect
platforms and design of data-driven functional defects, along with approaches
for fabrication and characterization of defects, are discussed. The associated
challenges and opportunities are considered and recent advances towards
controlled introduction of functional defects at the atomic scale are reviewed.
It is hoped this perspective will spur a community-wide interest in
undertaking a DGI effort in recognition of the importance of defects in

classified into point defects and extended
defects. A point defect is located at a spe-
cific location or point in a crystal and in-
volves a small number of atomic sites, while
an extended defect covers a large region of
the lattice (e.g., line defects involve anoma-
lously arranged rows of atoms). The most el-
ementary point defect is a vacancy or a miss-
ing atom. Another intrinsic point defect is a
self-interstitial where an atom is transferred
from a lattice site to the interstitial region.
A vacancy and interstitial can form simulta-
neously, for example, under bombardment
with energetic ions. A dopant—an impurity
atom added to a crystal—can occupy a sub-
stitutional or an interstitial site. Combina-
tions of point defects can also occur such
as di-vacancies and defect complexes in-
volving various combinations of vacancies
and dopants that can stabilize under effects
of Coulomb interactions and strain fields.

Unwanted defects in bulk, thin-films,

enabling unique functionalities in materials.

1. Introduction

Defined as imperfections in crystalline structures, defects are
ubiquitous and drive many important properties and function-
alities of materials. Defects in solid-state materials are broadly
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low-dimensional, and/or nanoscale solids

can be deleterious to material properties

and device performance. For instance, the

efficiency of energy conversion devices,
such as light-emitting diodes and solar cells, is often adversely af-
fected by defect-induced energy losses. Controlled introduction
of specific defects, however, can induce novel electronic, quan-
tum, energetic, and other attractive functionalities. The past two
decades have witnessed rapid development of theoretical and ex-
perimental tools to advance the understanding of defects in mate-
rials. Progress in thin-film growth, microscopy, spectroscopy, and
theoretical and computational modeling is leading to unprece-
dented, atomic-level glimpses into the nature of point as well
as extended defects and enabling the deliberate incorporation of
novel defect-enabled functionalities in engineering devices. To
discuss our case for a Defects Genome Initiative (DGI), herein,
we will focus on point defects, although the concepts introduced
here are applicable more generally.

Traditional experimental and theoretical tools and protocols
for defect studies are largely based on Edisonian trial-and-
error approaches. For instance, a robust understanding of dop-
ing and defect-induced signatures in optical spectra of com-
mon semiconductors has taken decades to mature because
many different types of defects can co-exist in a solid, depend-
ing on thermodynamic, chemical, kinetic and other environ-
mental factors. Theoretical modeling of defect-related proper-
ties from first principles is also challenging due to limitations
of available exchange-correlation functionals, and large cells
needed to incorporate electrostatic and strain effects in realistic
simulations.

© 2024 The Authors. Advanced Materials published by Wiley-VCH GmbH
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The Materials Genome Initiative (MGI) has ushered in a new
paradigm beyond the traditional “trial and error” approaches for
materials discovery!!l based on datasets generated through ex-
perimental, theoretical, and computational studies by deploying
high-throughput data-driven techniques. Growing efforts to co-
ordinate access and sharing of data and algorithms present a
unique opportunity to accelerate scientific discovery in materials
sciences. Data-driven materials research has been greatly accel-
erated by the recent proliferation of novel machine learning (ML)
algorithms and rapid advances in high-performance computing
and multimodal experimental workflows. The complementarity
of experiments, theory, and simulation with data science has gen-
erated a new research paradigm, enabling the realization of accu-
rate predictions and comprehensive understanding of the physi-
cal and chemical behaviors of a vast number of materials.

Herein, we argue that the viewpoint of thinking of defects as
functional elements has the potential to change the way defects
are studied by integrating community efforts to build up open
platforms that host algorithms, methods, and databases of de-
fects and their complex properties. We begin with a discussion of
the significant advances that have been made over the last decade
under the MGI across the continuum of research, development
and deployment. Moving from perfect crystals to defected mate-
rials, we call for both theoretical and experimental research ef-
forts toward a DGI to harness the power of data science and ac-
celerate the discovery and design of functional defects in solid-
state materials. We provide a brief review of the critical role of
defects in functional materials, and identify goals for the DGI
in terms of the objectives and actions appropriate to be under-
taken by the community, including defect platform construction
and data-driven functional defect design. We also discuss some
of the challenges and opportunities for the DGI.

2. MGl and Data-Driven Materials Discovery and
Design

MGI?3] was launched in 2011 to accelerate the discovery, design,
development, and deployment of new materials at a fraction of
the cost by harnessing the power of data and computational tools
in concert with experiments. The MGI seeks to provide access to
data-driven tools for knowledge exchange in materials research
communities. As a result, tremendous advances have been made
in building the foundation of the data-driven infrastructure of
the MGI, including materials databases, computational and ex-
perimental tools, and prediction and analysis models driven by
artificial intelligence (AI).

As a central objective of the MGI, the use of data-driven tech-
niques offers an excellent opportunity for the accelerated discov-
ery and rational design of functional materials. In the last decade,
high-throughput computations with density-functional theory
(DFT) led to the creation of representative materials databases,
including the Materials Project,l*! Automatic FLOW for Materi-
als Discovery (AFLOW or Aflowlib),’] Open Quantum Materi-
als Database (OQMD),!®! Joint Automated Repository for Various
Integrated Simulations (JARVIS),”] and Novel Materials Discov-
ery (NOMAD).[®] Based on data-mining in these databases and
high-throughput computational screening, new functional ma-
terials across a number of applications have been theoretically
predicted,®) and many of these materials have been realized later
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experimentally.’*1% In the fast-growing field of 2D materials,
several material databases have been constructed as well,['! and
many functional 2D materials have been proposed using data-
driven approaches.[?] Figure 1 displays a timeline of the devel-
opment of these platforms and repositories.

Figure 1 makes it clear that the information in materi-
als databases over the last decade has been evolving in time
from fundamental structural and thermodynamic properties
of perfect crystalline materials to encompass complex elec-
tronic/magnetic/optical responses and electronic structures.
Symmetry information of crystals and electronic states has been
incorporated in several databases, including the topological ma-
terials database based on topological quantum chemistry!'*l and
its expansion to magnetic topological material systems.l'*] An-
other trend is that the complexity of the materials encoded in the
databases is growing, from perfect materials systems to hetero-
geneous systems such as 2D heterojunctions, surfaces, and in-
terfaces. Development of such enhanced public materials repos-
itories is in line with the parallel advances taking place in the
development and deployment of new materials.

3. Why is a Defect Genome Initiative Desirable?

Macroscopic functionalities of large-scale materials systems are
seldom predictable from only the electronic, atomistic, or struc-
tural features of perfect crystals. Downstream tasks in materials
design and deployment of realistic systems often involve other
aspects such as synthesis conditions, dynamics, excitations, and
perturbations. Here, the field of semiconductors offers an obvi-
ous case study. Defects present the major source of uncertainty in
the design of semiconductors with desired functionalities under
realistic working conditions. However, by leveraging data-driven
approaches, we are now in a position to start categorizing defects
genomically. A DGI effort will help us better understand and con-
trol electronic and optoelectronic functionalities, such as carrier
transport, which are key for the intentional and unintentional in-
corporation of defects or dopants in semiconductors.

In the past three decades, theoretical, experimental, and com-
putational studies of defect properties in semiconductors and
other crystalline solids have created a mature research field that
is critical to engineering materials design. Despite rapid develop-
ments in data-driven functional materials design under the MGI,
only a limited effort has been devoted to predicting and under-
standing defect properties in a data-driven paradigm. This could
be attributed to a number of factors, including that the proper-
ties associated even with point defects involve significant com-
plexities, such as the coexistence of many defect types, existence
of multiple charge states, and the need to distinguish between
deep and shallow defects. Moreover, many different computa-
tional approaches are often needed to account for interactions
involving defect spins, excitons, and phonons. In fact, in fields
such as quantum information science and single-atom catalysis,
the defect is the functional device and hence it becomes the focus
of research. Owing to the inherent complexity of the problem, a
comprehensive understanding of point defects in a single mate-
rial can take years of study.

To harness the power of data science and accelerate the discov-
ery and design of functional defects in a diverse set of solid-state
materials, we call for both theoretical and experimental research
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Figure 1. Atimeline showing the development of materials data platforms and repositories in the past decade after the launch of the Materials Genome
Initiative in 2011. The present proposal (in 2023) is shown symbolically at the right end of this timeline.

efforts in the material research community toward developing a
DGI that is focused on constructing an open data platform for
defect design. Our proposal goes well beyond earlier suggestions
that incorporate defects into existing MGI frameworks,!'?) or the
genomic efforts that have been applied to investigate selected
sets of halide perovskites.!') Data-driven design frameworks for
studying defects are, however, emerging. For instance, the cre-
ation of defected crystal structures has been incorporated in
python tools such as Python Material Genomics (Pymatgen).!¢]
Python Charged Defect Toolkit (PyCDT)!'”! code has been espe-
cially developed to handle many charged defects. These frame-
works allow reproducible modeling of charged point-defect prop-
erties, which are a foundation for automated, high-throughput
defect computations envisioned under the umbrella of a DGI
rich.

4, Defects in Functional Materials

Defects in conventional semiconductors such as silicon and gal-
lium arsenide deserve special attention. Here, very small concen-
trations of defects and impurities can induce significant changes
in physical properties, such as unintentional conductivity, optical
absorption/emission, carrier trapping and scattering, and Fermi
level pinning.['8 Native defects (vacancies and self-interstitials)
control basic processes involving self- and dopant diffusion.!#"]
Defects can introduce electronic levels into the bandgaps of host
materials, while dopants can create acceptor and donor levels
that are associated with free charge carriers for device applica-
tions. For these reasons, defect control and effective doping in
traditional semiconductors and wide-bandgap systems, such as
group-111 nitrides,!*) has remained a vibrant field of research for
decades.

Defects are often viewed as being deleterious for device per-
formance. For instance, in silicon-based solar cells, energy lev-
els created in the silicon bandgap can reduce photovoltaic ef-
ficiency via nonradiative recombination of charge carriers. De-
fects in wide bandgap systems such as group-III nitrides tend to
form deep levels that trap charge carriers,[?) and cause unwanted
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luminescencel?!! and nonradiative carrier recombination,??! all
of which act to degrade the performance of nitride-based elec-
tronic and light-emitting devices. The efficiency of light-emitting
diodes and solar cells can be effectively enhanced by controlling
defect populations.

An important aspect of defects concerns mechanical proper-
ties of functional materials, such as alloys and ceramics, where
vacancies, dislocations, and grain boundaries are critical mi-
crostructural components!?}! whose presence can degrade elastic
strength and breaking point. For this reason, thermal treatment
or deformation processing is often applied after casting to control
the microstructure and remove defects. In high-entropy alloys,
a balance of strength and ductility can be obtained via thermal
treatment and/or thermo-mechanical processing, and in some
cases, mechanical properties can even be enhanced through the
control of point defects. For instance, vacancies can weaken hard-
ness but improve brittleness of Ta;Si,,12* and in B1 VN, ceram-
ics, while the control of anion vacancy concentration allows si-
multaneous enhancement of hardness and toughness.[?!

Many studies explore effects of defects and how defects can
be used to manipulate in-plane and out-of-plane mechanical
properties of 2D materials, which present very large values of
the Young’s moduli.[2627.>2829] Formation of undetectable defects
during the synthesis process and understanding their role in con-
trolling mechanical properties, however, remains a challenge in
the field.?% Although theoretically predicted Young’s moduli for
graphene and other 2D materials are in accord with experimental
findings,?! this is not the case when it comes to predicting their
strengths. Topological and other defects in 2D materials offer
new opportunities for manipulating mechanical properties of 2D
heterostructures such as twisted bilayer graphene.[2627¢:32:33.34.35]

5. Defects as Sources of Functionality in Materials

Electrical, optical, and magnetic phenomena related to defects
have been observed experimentally and studied theoretically in
various solid-state materials, including not only traditional semi-
conductors but also emergent functional materials, including
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Figure 2. Examples of functional defects in different classes of materials: a) Doping and carriers in electronic and optoelectronic devices, b) reaction
sites for chemical catalysis, c) defects in quantum materials: topological systems, superconductors, strongly correlated systems; d) electrical control of
defect-based quantum emitters in a van der Waals heterostructure. a) Reproduced with permission.[*0] Copyright 2020, American Chemical Society. b)
Reproduced with permission.l*'l Copyright 2019, Elsevier. c) Reproduced with permission.[“?] Copyright 2018, Springer Nature. d) Reproduced under
the terms of the CC-BY Creative Commons Attribution 4.0 International license (https://creativecommons.org/licenses/by/4.0).[*3] Copyright 2022, The

Authors, published by Springer Nature.

multifunctional complex oxides,**! organic semiconductors,*’!

superconductors,! and topological materials.3?! Although often
considered detrimental for many functional applications, point
defects that are either carefully designed/incorporated or natu-
rally formed can endow materials with novel functionalities, in-
cluding magnetism, superconductivity, chemical catalysis, and
quantum computing and sensing, as showcased in Figure 2. For
instance, electron spins at optically active defect centers can serve
as promising qubits for quantum computing and quantum sens-
ing even at ambient temperature.

Many excellent reviews of defects in solids and their appli-
cations are available. We refer to the review by Freysoldt et al.
for first principles calculations of point defects in solids,[* by
Van de Walle for applications to group-III nitrides for solid-state
lighting and power devices,!*! by Dreyer et al. on defect calcula-
tions for quantum technologies,*’] and Bassett et al.[*] for the
design of quantum defects in wide-bandgap materials. We now
turn to briefly review recent defect-related progress in several
functional classes of materials that justify the immediate need
for data-driven functional defect design.

5.1. 2D Material Hosts as a First Step in Building the DGI

2D layered materials as hosts for functional defects are a natu-
ral first step for building the relevant theoretical and experimen-
tal tools in connection with the DGI. 2D materials are promis-
ing candidates for the next generation nanoelectronics devices, a
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field that has matured significantly over the past two decades. The
atomically thin planar geometry of 2D hosts presents a platform
for controlled creation, manipulation, and scalability of theory-
predicted functional defects with greater ease compared to the
bulk hosts. Hence, we believe that investigation of point defects
in 2D materials will form a natural stepping-stone toward DGI
in more complex thin films and bulk materials, and/or the in-
vestigation of extended defects. It will also teach us how to step
toward a DGI in hosts of lower dimensions, such as nanowires,
nanotubes, nano/quantum dots, and macromolecules.

Defects can be formed in 2D materials during the growth pro-
cess or created during postprocessing steps.[*’! For instance, in
hexagonal boron nitride (h-BN) and transition-metal dichalco-
genides (TMDs), defects can be generated by a number of ex-
isting approaches,[*®! and characterized and manipulated using
atomic-level scanning probe techniques.[*"! Although formation
of point defects in materials is expected to be energetically fa-
vorable in thermodynamic equilibrium, the type and number of
defects generated depend sensitively on the synthesis and growth
processes and involve kinetics considerations.[**3] In plane me-
chanical strain at the interface can break atomic bonds to create
point, topological, or other defects, which can also induce phase
transitions.[>*% Theoretical approaches for understanding the
interplay between thermodynamics, kinetics, and defects in ma-
terials include DFT based high-throughput calculations and ma-
chine learning (ML) models.”]

From a computational point of view, due to the inclusion of a
vacuum region in 2D materials simulations, both the band edge
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energies of the host and the energy positions of the deep defect
levels with respect to the vacuum level can be ascertained. This
information is helpful for multiple tasks in a data-driven material
design framework, including material discovery and ML. Also,
2D heterojunction structures create infinite possibilities for func-
tional defect design. We envision studies of defects in 2D mate-
rials to provide a fundamental first step toward the development
of the DGI.

5.2. Functional Defects in 2D Materials

One of the common defect types in TMDs is a topological defect
resulting from vacancies at the chalcogen atomic sites, which can
tune the optical, electrical, and magnetic properties of host ma-
terials. For example, pristine WSe, is a semiconductor and ex-
hibits intriguing optical properties due to its high light-matter
coupling constant,®®] making it a promising candidate for op-
toelectronics applications.[*’! Silverman and co-workers demon-
strated that the valley lifetime of excitons increases due to chalco-
gen atom (Se atom) vacancies in monolayer WSe,.[l Several
other groups have demonstrated the effect of chalcogen vacancy
on the excitonic lifetime and the optical transition process in 2D-
TMDs.[*0.60] Therefore, the chalcogen atomic defects in 2D-TMDs
provide a good playground for future optoelectronic and quan-
tum devices.

Fast, high-density, and energy-efficient microelectronic de-
vices are essential components for quantum information pro-
cessing and energy-efficient computing beyond Moore’s era. The
current challenge is to design logic and memory devices that are
small enough to fit inside a transistor but large enough to al-
low individual, separate conduction channels to minimize energy
loss during electron transport. One promising avenue is to build
a transistor using TMDs. This has motivated extensive research
on the electrical properties of various defects in TMDs. Wee and
co-workers recently demonstrated that including oxygen atoms
in place of Se atoms of PdSe, enhanced the electrical conduc-
tivity and surface absorption capacity of the electron acceptors
molecules.l®! Similarly, Shawkat et al. explained that the high
Se deficiency or vacancy concentration would transform PtSe,
from semiconductor (2H phase) to a metal (1T).[°?) This semi-
conductor to metal transition depends on the thickness of the
materials.[®”) MoS, and WS, are two prominent 2D-TMDs whose
thickness dependent properties have been investigated widely.
Several studies have experimentally demonstrated that the carrier
mobility of monolayer MoS, and WS, depends on the concentra-
tions and types of defects.[%3] Hence, introduction of appropriate
defects is rapidly gaining interest for modulating electronic func-
tionalities of 2D materials.

Ultrathin ferroelectric materials are essential components of
energy-efficient, high-density electronic devices. Defect-induced
ferroelectricity in nonpolar 2D-TMDs has been proposed recently
as a means to go beyond symmetry-dependent ferroelectricity in
the 2D-TMDs.[**%] Surface iridium (I) vacancy has been sug-
gested to induce switchable out-of-plane electric polarizations
in Crl,.[%] First-principles calculations also demonstrate that
point defects in SrTiO, could introduce ferroelectricity.”] Ro-
bust ferroelectricity has been reported in the nonpolar semicon-
ductor aGa,Se; due to the native Ga vacancy at the asymmet-
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rical sites.[®] These results indicate that defect-induced ferro-
electricity is an attractive route for DGI, especially in nonpolar
2D-TMDs.

Developing environmentally friendly catalysts is of great im-
portance, a field that faces challenges due to stability, poor charge
transfer kinetics, appropriate bandgap values, and cost.[%] De-
fect engineering is one effective pathway for tuning the prop-
erties, overcoming these challenges, and increasing the photo-
catalysts’ efficiency. Several strategies, such as creating oxygen
and chalcogenide vacancies have been proposed.[”] H, evolution
can be enhanced using sulfur vacancy in monolayer Znln,S,.1*!]
The hydrogen evolution performance of 2H-MoS, nanosheets
is believed to be due to the sulfur vacancy (point defects and
sulfur stripes).[”%l Defects can enable single-molecule photocat-
alytic dynamics on the surface of InSe.l’!) Hence, a DGI-based
approach to advance defect-induced catalysis is another attractive
avenue.

Future generations of nanodevices will benefit tremendously
from magnetic 2D materials. Beyond intrinsically magnetic 2D
materials,[’?] defect engineering provides an additional path-
way for introducing magnetism. Transition metal vacancies have
been suggested to induce magnetism in PtSe,!”3] and ReSe,!”¥]
chalcogenides, and Se-deficient line defects can potentially lead
to ferromagnetism in VSe,.”! Fluorination can induce phase
transition in nonmagnetic 2H-WS, to magnetic 1T phase of
WS, 78] where defect site and interlayer spacing have been sug-
gested to play important roles. These studies justify a DGI-
based approach for exploring defect-induced magnetism in 2D
materials.

The ongoing second quantum revolution calls for exploiting
unique quantum features of materials in transformative new
technologies for quantum computation and quantum informa-
tion sciences.”’] Here point defects in wide-bandgap materials
can host coherent quantum states that can be addressed optically
and electronically. Quantum superpositions of localized defect
states can be prepared and maintained for a long enough period
for quantum computing and communication applications. These
defects in wide-bandgap materials have been called “quantum de-
fects,” and are considered building blocks for various quantum
applications, including quantum computing, quantum sensing,
and quantum communication.”®! The most well-studied quan-
tum defect is the NV (nitrogen-vacancy) center in diamond. The
electronic spin state of the NV center can be initialized, con-
trolled, and read out even at room temperature.”?] Each NV cen-
ter also constitutes a quantum register of electron and nuclear
spins and it can be used to perform quantum operations, in-
cluding teleportation®”! and error correction.®!] Spurred by the
potential to identify other spin qubits with improved proper-
ties and new functionalities, exploration of quantum defects has
grown rapidly,/®? including the Si-V center in diamond,®! de-
fects in SiC,®* and rare-earth ions in oxides.®] Other defects
have been suggested as promising qubit candidates in SiC*®! and
AIN.I¥7]

Quantum defects in ultrathin 2D systems, which could be
controlled by electrostatic gating, offer potential advantages over
NV centers, including optical indistinguishability!®! and high
brightness.®] In recent work, antisite defects in monolayer
TMDs have been identified as viable spin qubits.*®) Beyond
spin qubits, the desirable optical transitions created by deep
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in-gap states or defect-bound excitons in 2D materials can be
utilized as quantum emitters or even single-photon emitters
(SPEs) for quantum communication applications. Defects in h-
BN show promise as polarized and ultrabright SPEs at room
temperature.®!] Carbon-vacancy complex Cz—Vy in h-BN has
been proposed as a quantum emitter as well as a spin qubit,[*?!
and its optical signature has been measured.[®*] NV centers in
diamond!”®¢] and other defects in wide-bandgap materials such
as ZnOP* and GaN[®! have been recognized as SPEs. On the
other hand, the difficulty of integrating traditional wide-bandgap
materials into quantum devices by lithography techniques moti-
vates the exploration of other material systems, including 2D ma-
terials. SPEs in 2D materials, including WSe, ! and h-BN[#%97]
have been observed. The emission source in h-BN has been iden-
tified to be carbon related.[®®! As an exciting and emerging re-
search field, progress beyond initial experimental demonstration
of quantum defects in 2D materials such as h-BN and TMDs calls
for accelerated discovery and rational design of novel quantum
defects under the MGI for quantum computing and information
processing and opens up a huge opportunity for a DGI-based ap-
proach for their discovery.

5.3. Modification of Material Properties by Defects

Chemical substitution has proven to be one of the most effi-
cient strategies for tuning material properties.l®”) Thermodynam-
ically stable materials such as 2D-TMDs are ideal playgrounds for
examining the effect of chemical substitution in crystals,[1°0.101]
and the DGI needed to guide the community holistically on
the impact of defect engineering. For example, substituting car-
bon atoms with boron and nitrogen atoms opens a bandgap in
graphenel!®] but also adversely impacts its conductivity,'*! me-
chanical properties, and chemistry.[***] Another important as-
pect will be to provide guidance on different pathways to chemi-
cal substitution.l'®] For example, chemical substitutions in MX,
are more effective than charge transfer and doping.[*l Recent ex-
perimental reports demonstrate that chemical substitution of Bi
by Sb is an effective avenue for realizing the quantum anomalous
Hall effect (QAHE) in bulk MnBi, Te, (MBT).[1%] and tuning the
Fermi level toward the bulk bandgap.['%! Chowdhury et al. have
shown that chemical substitutions could tune MBT’s topological
states and electronic properties.['%]

Intrinsic point defects (vacancies, interstitials, and antisites)
form during the growth of 2D materials and can significantly
change their properties. A common intrinsic defect in TMDs is
the chalcogen vacancy.l'®®! The formation of vacancies in TMDs
depends on the chemical potentials,[1% and their properties can
be significantly altered via vacancy defects. For instance, Wang et
al. demonstrated the constructive effects of chalcogen vacancies
in MoS, on catalytic properties.[1%]

ML algorithms can address effects of chemical substitutions to
predict the phase stability of solid-state materials!'!%l and the evo-
lution of properties such as magnetic behavior!'%l and proton
conductivity.'>] An exploration of the defect genome in 2D ma-
terials, including the complex effects induced by intrinsic point
defects as well as substitutional defects, can be expected to signif-
icantly enhance our ability to control novel materials functional-
ities.
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6. Defect-Data Platform Construction and
Data-Driven Defect Design

6.1. Defects by Design—Defect Data Generation, Database
Construction, and Data Sharing

Design of functional defects in a data-driven paradigm faces
immediate theoretical, computational, and experimental chal-
lenges, so that the execution of the DGI will require combined
efforts of the entire materials research community. We turn now
to discuss the challenges and opportunities associated with the
development of the DGI. Targeted design of functional defects
is a difficult task since many design criteria must be satisfied si-
multaneously. Lack of data standards and centralized reposito-
ries in defect research hinders reproducibility and discovery. For
instance, the current design of defect-spin-based qubits largely
relies on trial and error, although a set of criteria and strategies
for the discovery and design of quantum defects have been pro-
posed years ago.[*11!l Going beyond identifying individual de-
fect candidates in a small set of materials faces several ques-
tions: How to construct a uniform and open defect design plat-
form and connect it seamlessly to existing data-driven material
design infrastructure? What defect properties can be or should
be included in both computational and experimental input? How
to identify functional defects in the vast solid-state compound
space?

Another important task within the DGI is the incorporation
of common design rules for handling specific defect properties
in a data-driven design framework. As an illustrative example, we
consider the defect formation energy which, in a relatively simple
picture, involves contributions from both strain-dependent terms
and electron—electron interactions.[''?] Along this line, Frey et al.
discuss random-forest-based ML models that encode informa-
tion about local relaxation and electronic interactions to classify
deep centers and predict formation energies.[''?] Empirical mod-
els have also been developed to predict the formation energet-
ics of point defects (especially vacancies) that take into account
both electronic and thermodynamic features.[''314] One of the
first electronic features invoked involved partial charges on met-
als atoms,["3] which are strongly correlated with electrostatic at-
traction of the atoms to O?~ and hence to the formation energies
of vacancies. Later, Deml et al. proposed a more comprehensive
model for vacancy formation energies of 45 metal oxides!'* by
introducing two new electronic features (O 2p band center and
bandgap) and two thermodynamic features (electronegativity and
formation enthalpy of the host).[''*1] A recent study of defects in
La,_,Sr,BO; perovskites (B = Cr, Mn, Fe, Co, and Ni) shows that
the formation enthalpy of oxides and the bandgap are strongly
correlated with oxygen vacancy formation energies.['*°]

Notably, design rules have been proposed to correlate the pres-
ence of defects to address the tendency in certain materials to
form stable off-stoichiometric compositions. A recent example is
the valence-balanced rule for the discovery of half-Heusler alloys
with defects by Anand et al.''®): the ground states of both sto-
ichiometric and off-stoichiometric alloy structures are found to
have a common net valence of 0 within Zintl chemistry, and the
valence-balanced rule (with the 18-electron rule as a special case)
predicts the formation of off-stoichiometric phases with a large
number of vacancies.[!1¢]
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Figure 3. A proposed open-data defect design platform under the Defect Genome Initiative (DGl), including a defect database with comprehensive
defect properties and connected to existing databases, defect machine learning (ML) models, web interface, and an open API interface.

Understanding and incorporating defect design rules in ML
will be important for realizing feature engineering and for en-
hancing the model training process of shallow learning mod-
els. Empirical rules could also be incorporated in more complex
learning frameworks involving multifidelity models that com-
bine rules-based simple models with deep learning models. For
the development of generative learning models, design rules
such as the valence-balanced rule, could serve as a constraint to
reduce the exploration space of candidate structures.

An open data platform for defect design will rely on the de-
velopment of three components: defect data creation and shar-
ing, ML of defect properties, and functional defect design, as out-
lined schematically in Figure 3. There are many existing chal-
lenges related to high-throughput defect computations. It is well
known that the energetic and charge stability of defects should be
evaluated by computing formation energies in different charge
states.!!”] Relative formation energies of charge states as a func-
tion of the Fermi level determine the ground-state charge state
and the thermodynamic transition levels, from which we can
evaluate the conditions when these defects host desirable func-
tionalities. Therefore, possible charge states of a given defect in
each host material need to be carefully determined to avoid the
superficial effects of adding electrons or holes in bulk materials
instead of at the defects. The choice and proper use of finite-
size correction approaches, however, have yet to be fully autom-
atized. The continued development of automatized tools to esti-
mate possible charge states and evaluate corrections is critical to
high-throughput defect data generation.l®”’

A challenge for the defect-by-design problem is the lack of
publicly available data for defected materials, which can be ad-
dressed by utilizing existing and developing new tools for high-
throughput defect computations. Several existing python-based
open packages can be adopted for defect-data creation, analy-
sis, and storage. For instance, pymatgen includes modules for
structure generation, symmetry analysis, and electronic struc-
ture analysis. PyCDT contains specialized modules for creating
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and analyzing defect properties (formation energy and transi-
tion levels). Recently, an extension to pymatgen (called pymatgen-
analysis-defects) has been developed for performing defect analy-
sis. An automatized computational pipeline can be created utiliz-
ing the Atomate and Atomate2 packages!!''®! to customize work-
flows, manage high-throughput defect computations, as well as
store computed defect data in centralized materials databases.

A comprehensive point-defect database under the DGI should
include all five types of point defects: cation/anion vacancies,
cation/anion antisites, substitutional impurities, interstitial de-
fects, and vacancy-impurity complexes. To guarantee the repro-
ducibility of defect data, computational parameters for the em-
ployed DFT calculations, as well as the choice of supercell size
and charge-state correction should be clearly stated and stored
together with other original data and metadata for all defect sys-
tems. Automatized defect analysis tools should be developed to
identify localized defect states in the electronic band structures
based on wavefunction localization. These defect states should
be labeled with atomic-orbital and local-symmetry information
in terms of irreducible representations. To amplify the impact of
the defect-design platform, all computed defect data should be
connected to existing public materials repositories such as the
Materials Project, Aflowlib, and NOMAD.

Thanks to recent advances in computational methodologies,
a powerful toolkit is available for predicting complex phenom-
ena related to defects, including formation energetics, ground,
and excited states, optical properties, and nonequilibrium re-
laxations involving triplet and singlet states.''”) Leveraging the
dramatic growth in computational power, defect modeling stud-
ies span from standard DFT with local or semilocal function-
als (such as local density approximation (LDA) and general-
ized gradient approximation (GGA)) to meta-generalized gradi-
ent approximation (meta-GGA) (such as strongly constrained
and appropriately normed (SCAN) and the second revision of the
SCAN meta-GGA functional (r2SCAN)), hybrid functional,'?%!
many-body perturbation theory,!?!) and even quantum Monte
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Carlo.['22] For instance, defects for quantum technologies have
been investigated using constrained DFT (CDFT) calculations
and many-body perturbation theory within the GW approxima-
tion, and the Bethe—Salpeter equation (BSE) has been applied
to study the excited states of defect spin qubits in diamond,'#3]
SiC,l'2*1 and h-BN.»125] Triplet-singlet intersystem crossing
process of NV~ in diamond has been studied within a rig-
orous theoretical framework.['?®] Spin coherence phenomena
have been explored theoretically for bulk compounds!'?”! and 2D
materials.['28] Progress has been made in addressing the artificial
electrostatic interaction in both bulk!'?’! and 2D systems,!92>130]
which paves the way for high-throughput defect computations.

Creation of materials platforms for defect studies has been
an ongoing effort.'"! A Quantum Point Defects (QPOD) 2D
materials databasel!3!) was recently released and linked to the
C2DB 2D material database.['*’] QPOD includes about 500 va-
cancy and antisite defects in different charge states, hosted by
82 different 2D semiconductors and insulators. High-throughput
DFT calculations using the semilocal PBE functional were per-
formed by using a defect workflow built around Atomic Simula-
tion Recipes (ASR), which include calculations of formation ener-
gies, charge transition levels, equilibrium defect and carrier con-
centrations, point group symmetry labels of in-gap defect states,
transition dipole moments, hyperfine couplings, and zero-field
splittings. This work is an important step toward constructing
an open data platform with centralized defect databases, which
will greatly accelerate the discovery and design of functional de-
fects. Recently, the Jarvis-FF materials databasel’®}] released the
formation energy data for ~1000 vacancy defects, which is an-
other high-throughput defect data generation/dissemination ef-
fort.

As we climb the Jacob’s ladder for increasingly accurate elec-
tronic structures of materials,['**] the computational cost of de-
fect calculations will increase dramatically, and eventually high-
throughput computations of defects in solids will likely become
impractical. This challenge is common to heterogeneous materi-
als systems involving surfaces, interfaces, and heterostructures.
Within the DFT framework, the defects-in-solids problem in het-
erogeneous materials requires a density functional that can ac-
curately capture both the bulk and surface electronic structures
as well as the localized defect states. The hybrid functional has
been applied to many defect systems but it is known to be rel-
atively expensive for high-throughput computations. A reason-
able approach will be to evaluate the relaxed geometries and elec-
tronic structures of point-defect systems using high-throughput
computations based on a meta-GGA functional such as SCAN (or
r2SCAN).'¥1 To push the DGI forward, it will be important to de-
velop efficient computational models to accurately describe elec-
tronic structures and responses of localized defect states in crys-
talline environments. The continued development of meta-GGA
functionals that satisfy physical constraints!'*"! is a promising di-
rection. Another strategy is to design effective embedding meth-
ods to treat defect states and hosts on different theory levels sep-
arately and then effectively merge the simulation results. Quan-
tum embedding method'*% is one of the promising approaches
to accurately describe the correlation effects associated with lo-
calized defect states in crystals.

Effective data-driven functional defect design relies on the in-
corporation of domain knowledge. Defect design and discovery
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is inherently complex because many native defects and poten-
tial impurities must be investigated to construct a comprehen-
sive picture of defects in even a single material. Notably, defect
formation energetics as a screening criteria does not need to be
applied strictly, as desirable defects could be created via nonequi-
librium processes.[*®! Beyond the basic structural and energetic
properties, complex properties of defects should also be included
in the databases to allow the development of effective defect de-
sign strategies for various specific applications. For instance, it
will be very useful to take advantage of local site-symmetry and
orbital-symmetry information that are highly relavant to defect
properties. Local symmetry of a defect defines its orbital and
spin structures through the interplay of molecular orbitals and
group theory considerations. It is therefore crucial to develop
symmetry-based design principles, which will dramatically re-
duce the defect-host design space. The storage and sharing of the
symmetry information in the defect databases should be carefully
designed with both an API and a user-friendly web interface.

Eventually, the vast amount of open defect data created under
the DGI combined with the associated defect analysis tools will
provide a data-driven paradigm to accelerate the identification of
promising defect-host candidates for functional applications. We
emphasize that computations on defected systems are time con-
suming because they involve large supercells. In a recent study,
Mannodi-Kanakkithodi et al.['3”] provide an estimate for the cost
of high-throughput defect computations in traditional semicon-
ductors: approximately 32 million core hours would be required
for structural optimization and prediction of 12474 defect proper-
ties at the GGA-PBE level.l'”] Development of effective ML mod-
els is, therefore, needed for addressing key properties such as
formation energies and defect concentrations, and classifying the
deep versus shallow nature of various defects. The defect datasets
created under the MGI will provide essential training samples for
developing ML models especially designed to predict the complex
properties of point defects as discussed below.

6.2. Construction of Defect Genome by Machine Learning

ML has upended many facets of everyday life, from speech
recognition and generation to advertising and entertainment
recommendations.[1®] Physics, chemistry, and materials sci-
ences are no exception. ML provides a novel opportunity to
reduce computational costs and speed up the pace of materi-
als discovery by utilizing data-driven paradigms.['*! Combined
with data-driven technologies, ML has become a powerful tool
in materials research.['*%] Supervised learning has proven effec-
tive in materials property predictions, including phase stabili-
ties of molecules and crystals,[13*1*!] crystal structures, 140142l
electronic features such as bandgaps!*%*!3] and densities of
states,'*] effective potentials,**! effective Hamiltonians,!'*"]
and energy functionals.[14¢]

The renaissance of Al is largely driven by breakthroughs in fea-
ture learning boosted by deep learning techniques.[**’] The exist-
ing deep learning techniques, such as convolutional neural net-
works (CNN),[8] however, are limited in handling the great di-
versity of materials that cannot be described by rigid grids. Solid-
state materials require many tiers of fundamental information
involving atoms and electrons and their complicated interactions
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in the presence of local and global symmetries. The recent devel-
opment of graph-based deep learning, especially the graph neural
network (GNN),[1¥] offers a novel tool for creating an innovative
representation of crystal structures.> Atom-based GNN has
been applied to predict formation energetics and features of elec-
tronic structures of materials, and shows considerable improve-
ment over shallow learning models.[*>!] A motif-based graph neu-
ral network has been developed to include higher-tier materi-
als information within the GNN framework.['*?] Other graph
structures, such as line graphs!’®] and GNNs with three-body
interactions,[** have been applied to property predictions and
creating interatomic potentials. Recently, a GNN leveraging the
strength of Transformer architectures and incorporating equiv-
ariant features based on irreducible representations has been
proposed.[1>]

Defects add another tier of materials information in the design
of ML frameworks, so that the development of novel ML frame-
works that are tailored for defects in crystals is needed to acceler-
ate functional defect design. Unlike the solid-state materials and
molecules, however, we do not currently have public databases
with large amounts of labeled data for defected systems. This data
limitation makes it challenging to apply deep learning models to
the defect problem and, as a result, the existing ML work is lim-
ited to shallow learning models.!'1?#13¢] This data challenge can
only be addressed by community-wide efforts toward defect-data
generation, collection, and sharing.

A critical task for the DGI is the creation of comprehensive
and carefully labelled datasets for training complex ML models
that are specifically designed for defects. In a recent work,!**’] a
dataset was created for defects in 2D materials containing 5933
defect configurations for MoS, and WSe, with the latter relaxed
using the PBE functional, indicating that datasets with sam-
ples on the order of ten thousand are currently achievable. To
effectively catalog point defects in a large variety of materials,
attention- and/or contrastive-learning based classification mod-
els may be designed within a graph-based learning framework. It
is expected that ML models with DFT-level accuracy will be devel-
oped for specific types of defects. Models that consider local sym-
metries, such as the equivariant neural networks, would help im-
prove the accuracy of property predictions using training datasets
of affordable size. GPU-based computations will substantially ac-
celerate the creation of high-quality defect data based on higher-
level functionals such as the hybrid and meta-GGA functionals.

Another fundamental question regarding ML for defect sys-
tems is: How much of the information learned from pristine
systems can be transferred to address defected systems? Under-
standing model-transferability will be important for handling of
learning of defect properties more effectively. Novel ML models
are needed to extend the predictability of macroscopic properties
of materials with point defects based on both global and local
electronic/atomic level information. Accordingly, efforts should
be made to develop learning tasks at various levels to establish
ML models based on transfer learning to utilize the rich infor-
mation available on host materials. Pretraining on GNNs in a
self-supervised manner has been proposed recently, and self-
supervised learning (SSL) has been widely used in image rep-
resentation learning,'*®! natural language processing,'*! and
applied in molecular ML.'%] SST. is a way to augment data
through a pretraining process by generating easy-to-get labels
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from unlabeled data and learning informative representation,
which will improve the performance of downstream tasks. Novel
self-supervised learning architectures can be designed to connect
to the DGI to circumvent the data challenge by generating a large
amount of labeled “easy-to-get data”, which can then be used in
the pretraining process to improve the performance of the deep
learning models for defects.

It has been recognized that electronic structures are much
more complicated targets than formation energetics for deep
learning models.3152] To tackle the deep-learning problem for
defected systems, especially for quantum defects, two questions
must be addressed. (1) How can local interactions between the
point defects and their surrounding atoms be modeled effi-
ciently? And (2), how can we learn material properties at the
electronic structure level? Notably, there have been recent de-
velopments of novel ML architectures, including self-supervised
learning!**®] and attention-based learning including graph at-
tention network (GAN)!'®!l and graph transformer network.!1%2!
Attention-based learning models!'®!! provide a unique opportu-
nity for ML models that are especially designed for point de-
fects to pay special attention to local interactions involving defects
and their neighboring atoms. The development of state-of-the-
art ML models with graph attention (e.g., the graph transformer
network!1%2]) and orbital information is promising to realize the
learning and prediction of complex electronic features of point
defects in solid-state materials, such as the deep levels and their
splittings.

7. Promising Techniques for Fabrication and
Characterization

Introduction of impurities and defects into crystals has remained
a key enabler in various advanced technologies. Techniques such
as ion implantation, milling, and chemical etching have been uti-
lized routinely for defect/impurity modification in materials of
macroscopic scales. These techniques can introduce controlled
levels of dopants and/or defects over large areas. For example,
controlled doping of impurities in semiconductors has led to the
development of transistors, solar cells, and lasers, which have
widely impacted modern life. Defect-induced mid-gap states have
provided new paradigms for catalytic and optoelectronics applica-
tions, and for designing optically addressable spin qubits. As we
move from nanoscale to atom-scale, experimental techniques in
parallel will need increased control and precision.!*®] In the con-
text of the DGI, experimental techniques will need to insert spe-
cific species of impurities and defects at specific locations with
atomic precision in specific hosts, to obtain the required func-
tionalities. In this connection, we discuss below several promis-
ing techniques that could be developed further to achieve ultra-
precise controlled introduction of functional defects at the atomic
scale. The combined use of theory, simulation, and Al models
will help expand the reach of the techniques beyond their current
capabilities.

7.1. Controllable Manipulation of Atoms

One of the earliest and most promising approaches for manipu-
lating individual defects was introduced in the field of scanning
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Figure 4. Promising experimental approaches for engineering, manipulating, and assembling atoms: a) scanning tunneling microscopy (STM),
b) scanning transmission electron microscopy (STEM), c) electron-beam irradiation, d) hydrogen depassivation lithography. a) Reproduced with
permission.l'®4] Copyright 2014, IOP Publishing. b) Reproduced under the terms of the CC-BY Creative Commons Attribution 4.0 International i-
cense (https://creativecommons.org/licenses/by/4.0).1'6%] Copyright 2018, The Authors, published by American Chemical Society. c) Reproduced with
permission.! %] Copyright 2019, Springer Nature. d) Reproduced under the terms of the CC-BY Creative Commons Attribution 4.0 International license
(https://creativecommons.org/licenses/by/4.0).1"87] Copyright 2018, The Authors, published by Springer Nature.

tunneling microscopy (STM). Crommie et al.[1®! used an STM
to arrange a group of 48 iron ad-atoms on a Cu surface in or-
der to confine electrons to artificial geometries and demonstrated
the celebrated “quantum corrals” (Figure 4a). Such an “atom-by-
atom” assembly has advanced much since then,!1%#1] whereby
an STM tip can “touch” and “take” atoms, and perform lateral
and vertical manipulations. Atoms can be extracted by crashing
tips into bulk materials (e.g., Ag or Au) or breaking molecules on
substrates.['”°] Depending on the atom-substrate and atom-tip
interaction strengths, and the nature of the final destination, the
STM can procure, move, and assemble atoms into predetermined
structures. In the context of the DGI, the STM approach certainly
appears to provide an encouraging method for atom/impurity
manipulation. However, there are limits to what an STM can
do. First, STMs rely on tunneling current for their operation and
are thus mostly limited to conductive surfaces. Second, genera-
tion and manipulation of point defects (e.g., vacancies) using an
STM is still a challenge, although encouraging new results have
been achieved: for example, selenium-vacancy defects (V) could
be manipulated using an STM near the surface of PdSe,.'”!]
These demonstrations, however, have been limited to specific
substrates and types of atoms so far, and much further work is
needed to understand how STM can become a versatile tool for
engineering theory-predicted defects on functional substrates.

7.2. Structural Modifications and Evolution of Defects

While the STM can manipulate atoms across a surface, it is lim-
ited when it comes to the creation or manipulation of defects.
Here, controlled ion implantation and electron irradiation re-
main more attractive methods for on-demand defect generation
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in materials. Control of irradiation energy has been shown to gen-
erate specific types of defects in materials, such as the Stone-
Wales defect in graphene.['724 Ton implantation also has the ad-
vantage that it can exploit a broad range of elements, and in
principle, it can be applied to any material. It will be interest-
ing to eventually encompass within the scope of the DGI the
ability to predict the type of defects that are likely to be gen-
erated via irradiation with various energetic ions and electrons
under different conditions. Such a database will guide experi-
mentalists and reduce time to discovery for tailored defect en-
gineering. Through a combination of theory, modeling, and ex-
perimental characterizations, data-driven approaches could be
developed to achieve real-time control of defect engineering
protocols.

In contrast to ion-implantation, which can access many dif-
ferent ionic species, e-beam irradiation only involves the im-
pinging electrons, and electron energy is the main free param-
eter involved in defect generation. Recent advances in aberration
corrected TEMs have enabled electron beams to focus on very
few atoms to engineer and manipulate single defects and atoms
with unprecedented control. Defects such as vacancies can be
created, and ad-atoms can be moved with reproducible control
under appropriate e-beam fluxes. In their 2016 comment, “Fire
up the atom Forge,” Kalinin et al. envision how TEM could be
used to “build quantum materials from scratch,” and lay down
a pathway for the realization of precision defect engineering in
quantum materials!'’?? through a combination of e-beam con-
trol, real-time monitoring, and Al-assisted real-time adjustment
of beam control. In combination with the DGI for engineering
theory-predicted new defects, such an approach would provide
valuable experimental validation for building a much-needed
defect-manufacturing database. Figure 4b,c showcases the

© 2024 The Authors. Advanced Materials published by Wiley-VCH GmbH
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atomically precise control and assembly of defects using e-beam
irradiation.

7.3. Fabrication of Defect-Enabled Devices and Applications

Applications such as catalysis will perhaps draw immediate ben-
efits from the DGI effort, since often the position of defects in
their macroscopic hosts need not be atomically precise. For ex-
ample, bulk cryo-mechanical treatments followed by controlled
chemical, thermal, and electrochemical processes lead to large
numbers of point defects in a host such as h-BN. These defects
can be activated by charge/discharge with a metal Li counter-
electrode or other individual metal atoms for improved elec-
trochemical technologies.['”] More controlled defect generation
will benefit nanoscale quantum point-defect-engineered appli-
cations, such as single photon sources for quantum informa-
tion systems. Here, DGI-guided discovery will help identify other
hosts suitable for such applications.

Developing methods for fabricating sophisticated quantum
devices, for example, scalable arrays of defect qubits on a specific
host, such as NV defect arrays in diamond, or antisite defect ar-
rays in 2D materials, continue to remain a challenge. DGI-guided
choice of hosts could help narrow down the search for specific
approaches for engineering such precision quantum devices. On
the experimental side, in addition to STM-manipulation and im-
plantation/irradiation methods, more scalable techniques will
need to be developed. One promising avenue is hydrogen depas-
sivation lithography,[1¢:174] an STM-guided lithography/etching
technology that can position arrays of P atoms on Si down to a
few-nanometer accuracy. This technology could potentially im-
prove its accuracy to single atoms scale (Figure 4d) and expand
its reach to handle other atoms and substrates. A concerted ef-
fort combining theory, experiment, and AI/ML will enable defect-
based devices and applications to become a practical reality more
rapidly.

7.4. Experimental Characterizations of Defects

As new defects with novel functionalities are designed and fab-
ricated, a range of experimental techniques will be required to
characterize them. Structural information can be obtained from
atomically precise techniques such as scanning transmission
electron microscopy (S/TEM) and STM. High-resolution elec-
tron tomography!'”>! can now provide 3D information on crystal
defects with unprecedented accuracy,!'’?! as a powerful tool for
correlating 3D atomic defects and their electronic properties ob-
tained by first-principles calculations.!'’®] STM can additionally
provide the electronic density-of-states information for mapping
electronic properties of defects. Surface probes such as scanning
NV magnetometry provide a new approach for characterizing
magnetic properties at the nanoscale. This technique, however,
will likely need improvements in sensitivity and spatial resolu-
tion for characterizing single defect structures. For characteriz-
ing larger, bulk-defected materials, traditional approaches such
as deep-level transient spectroscopy, X-ray photoelectron spec-
troscopy (XPS), and nonlinear spectroscopic techniques!’’! are
appropriate. For energy applications, electrochemical characteri-
zations, such as cyclic voltammetry and impedance spectroscopy
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will allow access to redox properties of defect-loaded hosts. Re-
cent development of techniques based on inelastic X-ray scatter-
ing as a spectroscopic tool for imaging redox orbitals and dopants
at the atomic level offer novel opportunities for rational design of
battery and other materials.['’®] Nanoscale and bulk structure—
function correlations so obtained will provide a robust basis for
achieving iterative improvements in the prediction—synthesis—
characterization loop of the DGI.

8. Outlook

Substantial advances have been made over the past decade un-
der the umbrella of the MGI toward creating, sharing, and using
centralized materials data for the discovery and design of new
materials. Given the key role defects play in driving many func-
tional properties of materials, the time is ripe for undertaking
a DGI effort to harness the full power of data science and ac-
celerate the discovery and design of defected solid-state materi-
als. The construction of an open defect data platform through
high-throughput computations and web interface construction
will make it possible to achieve a comprehensive theoretical and
experimental understanding of how defects form in crystals and
how the associated defect structures and properties are corre-
lated. Novel machine-learning models that are specifically de-
signed for point defect systems, which would be a natural start-
ing point, will enable rapid and accurate prediction of electronic
structures and properties of defects. Parallel development of ex-
perimental techniques, including atomic-scale characterization
of defect systems and controllable creation of defects, will close
the gap between theory and experiment to advance defect studies.
The proposed DGI effort will provide a comprehensive umbrella
for the rational design and accelerated realization of functional
defects for quantum information, energy and other applications.
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