

View

Online


Export
Citation

CrossMark

RESEARCH ARTICLE |  SEPTEMBER 06 2023

Can a deep-learning model make fast predictions of vacancy
formation in diverse materials? 
Kamal Choudhary   ; Bobby G. Sumpter 

AIP Advances 13, 095109 (2023)
https://doi.org/10.1063/5.0135382

 CHORUS

Articles You May Be Interested In

Completing the dark matter solutions in degenerate Kaluza-Klein theory

J. Math. Phys. (April 2019)

Gibbs measures based on 1d (an)harmonic oscillators as mean-field limits

J. Math. Phys. (April 2018)

An upper diameter bound for compact Ricci solitons with application to the Hitchin–Thorpe inequality. II

J. Math. Phys. (April 2018)

 06 Septem
ber 2023 16:40:02

https://pubs.aip.org/aip/adv/article/13/9/095109/2909813/Can-a-deep-learning-model-make-fast-predictions-of
https://pubs.aip.org/aip/adv/article/13/9/095109/2909813/Can-a-deep-learning-model-make-fast-predictions-of?pdfCoverIconEvent=cite
https://pubs.aip.org/aip/adv/article/13/9/095109/2909813/Can-a-deep-learning-model-make-fast-predictions-of?pdfCoverIconEvent=crossmark
javascript:;
https://orcid.org/0000-0001-9737-8074
javascript:;
https://orcid.org/0000-0001-6341-0355
javascript:;
https://doi.org/10.1063/5.0135382
https://pubs.aip.org/aip/adv/article-pdf/doi/10.1063/5.0135382/18113041/095109_1_5.0135382.am.pdf
https://pubs.aip.org/aip/jmp/article/60/4/042501/620355/Completing-the-dark-matter-solutions-in-degenerate
https://pubs.aip.org/aip/jmp/article/59/4/041901/309356/Gibbs-measures-based-on-1d-an-harmonic-oscillators
https://pubs.aip.org/aip/jmp/article/59/4/043507/309426/An-upper-diameter-bound-for-compact-Ricci-solitons
https://servedbyadbutler.com/redirect.spark?MID=176720&plid=2073912&setID=592934&channelID=0&CID=758459&banID=521009778&PID=0&textadID=0&tc=1&scheduleID=1999478&adSize=1640x440&data_keys=%7B%22%22%3A%22%22%7D&matches=%5B%22inurl%3A%5C%2Fadv%22%5D&mt=1694018402032489&spr=1&referrer=http%3A%2F%2Fpubs.aip.org%2Faip%2Fadv%2Farticle-pdf%2Fdoi%2F10.1063%2F5.0135382%2F18113040%2F095109_1_5.0135382.pdf&hc=c9364872d0a071939fc3d764da0d0affe83ee998&location=


AIP Advances ARTICLE pubs.aip.org/aip/adv

Can a deep-learning model make fast predictions
of vacancy formation in diverse materials?

Cite as: AIP Advances 13, 095109 (2023); doi: 10.1063/5.0135382
Submitted: 17 July 2023 • Accepted: 14 August 2023 •
Published Online: 6 September 2023

Kamal Choudhary1,a) and Bobby G. Sumpter2

AFFILIATIONS
1 Materials Science and Engineering Division, National Institute of Standards and Technology, Gaithersburg,
Maryland 20899, USA

2Center for Nanophase Materials Sciences, Oak Ridge National Laboratory, Oak Ridge, Tennessee 37831, USA

a)Author to whom correspondence should be addressed: kamal.choudhary@nist.gov

ABSTRACT
The presence of point defects, such as vacancies, plays an important role in materials design. Here, we explore the extrapolative power of
a graph neural network (GNN) to predict vacancy formation energies. We show that a model trained only on perfect materials can also
be used to predict vacancy formation energies (Evac) of defect structures without the need for additional training data. Such GNN-based
predictions are considerably faster than density functional theory (DFT) calculations and show potential as a quick pre-screening tool for
defect systems. To test this strategy, we developed a DFT dataset of 530 Evac consisting of 3D elemental solids, alloys, oxides, semiconductors,
and 2D monolayer materials. We analyzed and discussed the applicability of such direct and fast predictions. We applied the model to predict
192 494 Evac for 55 723 materials in the JARVIS-DFT database. Our work demonstrates how a GNN-model performs on unseen data.

© 2023 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0135382

Defects play an important role in our pursuit to engineer the
performance of a material. Vacancies are a type of defects that are
ubiquitous, and their presence can significantly alter catalytic, elec-
tronic, optoelectronic, electrochemical, diffusion, and neuromor-
phic properties.1–10 Experimentally, vacancy formation energies can
be determined using positron annihilation experiments.11 Theoreti-
cally, they can be computed using classical force-field (FF)12,13

and density functional theory (DFT)2,14–17 calculations. However,
such a computation can be very computationally expensive and
non-generalizable for DFT and FF based calculations, respectively.

Recently, machine learning techniques have been proposed
as a faster method for predicting defect energetics, but they still
require time-consuming defect data generation for model training
and limit the applicability and generalizability of the defect ener-
getic predictions.18–27 In particular, graph neural network based
deep-learning models28–32 have become very popular for predicting
properties of materials and have been used for several bulk property
predictions and their applicability needs to be tested for defect prop-
erty predictions. Two key ingredients needed for accomplishing this
task are (1) a pretrained deep-learning model that can directly pre-
dict the total energy of perfect and defect structures and (2) a test

DFT dataset of vacancy formation energies on which the DL model
could be applied.

In this work, we demonstrate that the unified atomistic line
graph neural network force-field (ALIGNN-FF)33,34 based total
energy prediction model (trained on the JARVIS-DFT OptB88vdW
data for perfect bulk materials35) can be directly used to predict
vacancy formation energy of an arbitrary material without requiring
additional training data. The performance in terms of mean abso-
lute error for the energy per atom model was reported as 0.034 eV in
Ref. 33. Note that we do not train any machine learning/deep learn-
ing model in this work for defects and just use the model parameters
for energy prediction that was developed and shared publicly in
Ref. 33 showing the extrapolative nature of the model.

Developing a vacancy formation energy dataset can be
extremely time-consuming and depends on several computational
setup parameters, such as supercell-size, choice of k-points, con-
sidering neutral vs charged defects, and selection of appropriate
chemical potentials. For testing the strategy adopted in this work, we
generated a DFT dataset of 530 vacancy formation energies (Evac) in
295 materials with charge-neutral defects using a high-throughput
approach. The dataset consists of elemental solids, oxides, alloys,
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and 2D materials. We plan to expand the dataset in the future. In
addition to predicting the vacancy formation energies, we analyze
the trends, strengths, and limitations of such predictions. Finally,
we used this strategy to develop a database of vacancy formation
energies for all the materials in the JARVIS-DFT database. The
deep-learning model, the DFT dataset, and the workflow are made
publicly available through the JARVIS (Joint Automated Repository
for Various Integrated Simulations) infrastructure.35

First, we discuss the generation of our vacancy formation
energy dataset that is used for testing the deep-learning model.
We obtained stable elemental solids, binary alloys, binary semicon-
ductors, oxides, and 2D materials from the JARVIS-DFT dataset.
Some of the alloy systems are Al–Ni, Al–Co, Al–Cu, Al–Ti, Nb–Al,
Zr–Ni, and Zr–Cu, while some of the oxides are Cu2O, MnO2,
NiO2, TiO2, Cu2O, GeO2, CoO2, PbO, and CaO2. Similarly, some
of the 2D materials are WSe2, MoS2, SnS, RuCl3, FeTe, ZrS3, and
WTe2, while there are 65 elemental solids from the Periodic Table,
which were found to be on the convex hull. We used at least 8 Å
lattice parameter constraints in x, y, z directions to build the super-
cell. We removed an atom with a unique Wyckoff position to
generate the vacancy structure using the JARVIS-Tools package
(https://github.com/usnistgov/jarvis). The defect structures were
then subjected to energy minimization using the OptB88vdW func-
tional36 and projected augmented wave formalism37 in the Vienna
Ab initio Simulation Package (VASP) package.38,39 Please note that
the commercial software is identified to specify procedures. Such
identification does not imply recommendation by the National Insti-
tute of Standards and Technology (NIST). We used the converged
k-point and cutoff from the JARVIS-DFT dataset based on total
energy convergence.40 We used an energy convergence of 10−6 eV
during the self-consistent cycle. Currently, we have 530 entries for
the vacancies and the dataset is still growing.

For the deep-learning predictions, we used the recently
developed atomistic line graph neural network force-field
(ALIGNN-FF),33 which is publicly available at https://github.com/
usnistgov/alignn. ALIGNN was used to train fast and accurate
models for more than 70 properties of solids and molecules with
high accuracy,29,30,34,41 and ALIGNN-FF was developed using
both energies and forces for applications such as quick structure
optimization.

In ALIGNN, a crystal structure is represented as a graph using
atomic elements as nodes and atomic bonds as edges. Each node in
the atomistic graph is assigned nine input node features based on
its atomic species: electronegativity, group number, covalent radius,
valence electrons, first ionization energy, electron affinity, block, and
atomic volume. The inter-atomic bond distances are used as edge
features with radial basis function up to 8 Å cutoff and a 12-nearest-
neighbor (N). This atomistic graph is then used for constructing the
corresponding line graph using interatomic bond-distances as nodes
and bond-angles as edge features. ALIGNN uses edge-gated graph
convolution for updating nodes and edge features using a propaga-
tion function ( f ) for layer (l), atom features (h), and node (i), of
which the details can be found in Refs. 33 and 34,

h(l+1)
i = f (hl

i{h
l
j}i). (1)

Unlike many other conventional GNNs, ALIGNN uses bond-
distances and bond-angles to distinguish atomic structures. The

ALIGNN model is implemented in PyTorch42 and deep graph
library (DGL).43 A model to predict energy per atom was developed
in Ref. 33, which will be used as an energy predictor for both perfect
and defect structures in this work.

In Fig. 1, we show the results of the analysis of the DFT database
for vacancy formation energies developed in this work. We used
this dataset for testing purposes only. Although there have been sev-
eral studies in generating a vacancy formation energy dataset, a fully
atomistic dataset consistent with bulk and vacancy energetics infor-
mation is not available to our knowledge. Hence, we generated a
DFT dataset for vacancies consisting of a wide variety of material
classes, such as elemental solids, 2D materials, oxides, and metal-
lic alloys. We visualize the defect formation energies of materials
in Fig. 1. As mentioned above, we only considered the charge-
neutral vacancies within a finite 8 Å cell size with the OptB88vdW
functional.

The vacancy formation energy was calculated as

Evacancy = Edefect − Eperfect + μ, (2)

where Evacancy is the vacancy formation energy, Edefect is the energy
of the defect structure with an atom missing, Eperfect is the energy of
the perfect structure, μ is the chemical potential used as energy per
atom of the most stable structure of an element.

We compare a subset of this dataset with data from previous
experimental and DFT-studies14,44–48 in Fig. 1(a). These comparison
points were chosen based on the results that we could find in the lit-
erature from previous DFT and experimental studies on elemental
solids, 2D materials, oxides, semiconductors, etc. We find an excel-
lent agreement between our dataset and that from the literature with
a mean absolute error (MAE) of 0.3 eV. In Fig. 1(b), we show the his-
togram of all the vacancy formation energy data. We find that most
of the vacancy formation energy data lie below 3 eV.

Next, we used an ALIGNN-FF based pretrained total energy
per atom model trained on the JARVIS-DFT dataset for predict-
ing defect energy and perfect energy required for vacancy formation
energy following Eq. (2). This model was trained using energies and
forces for 307 113 entries.33 The defect structures were generated by
deleting an atom with a unique Wyckoff position without optimizing
the atomic positions of other atoms in the defect structures. We used
the same chemical potential for elements from JARVIS-DFT. The

FIG. 1. Analysis of vacancy formation energy dataset generated in this work. (a)
Comparison of a subset of vacancy formation energies with respect to available
experimental and previous DFT calculations from the literature. Our dataset agrees
very well with previously reported values. (b) Data distribution of all the vacancy
formation energy values. Most of the values are below 3 eV.
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FIG. 2. Comparison of DFT and ALIGNN-FF (with scissor-shift) based vacancy
formation energy predictions for (a) the entire DFT dataset generated in this work,
(b) elemental system subset, (c) oxide subset, and (d) 2D monolayer subset.

comparison of ALIGNN-FF based predictions with respect to DFT
data is shown with blue dots in Fig. 2(a). Interestingly, we observed
that there is a noticeable correlation between the ALIGNN-FF direct
predictions and DFT data. In addition, we apply a scissor-correction
of 0.8 eV on all data points, resulting in an overall mean absolute
error of 0.87 eV compared to DFT. The value of 0.8 eV was cho-
sen as a fitting parameter such that the overall MAE is minimized.
The usage of scissor-shifts is not completely uncommon for materi-
als application, for example in Ref. 49. Although we do not have a
concrete justification for the fitting parameter right now, we believe
that this is due to the dilute limit of the coordination/bonding envi-
ronments that are missing in the dataset of dense materials. Here,
the dilute limit implies that the ALIGNN model has seen dense
materials data but very small amount of defect-like environment
data. Large errors in vacancy formation energy predictions can also
be attributed to relaxation of atomic positions around the defect,
which the model might have not seen. We noted that the previous
reports on machine learning for vacancy formation energies resulted
in mean absolute error values of 0.40 and 0.67 eV in Refs. 18 and 21,
respectively. These models were trained on specific material classes,
such as the GeTe system and 2D materials, while the approach
used here acts as a generalized application of the model with MAE
closer to specific case studies. Moreover, comparing these models
with ours is not fair because (1) those models did not use a chemi-
cally and structurally diverse dataset as ours, (2) we trained on total
energy data only, and (3) the datasets and code are not readily avail-
able/implementable for those studies and beyond the scope of this
work to re-implement/validate.

To further analyze the predictions for different types of materi-
als, we compared the DFT and ALIGNN-FF predictions for elemen-
tal solids, oxides, and 2D monolayers in Figs. 2(b)–2(d), respectively.
The corresponding ALIGNN-FF scissor-shifted values are shown in
Table I. As shown in Table I, the MAEs for the subsets follow the
trend of Oxides < All < 2D < Elements, while the Spearman cor-
relation follows the trend of Oxides > All > 2D > Elements. The

TABLE I. Analysis and comparison of ALIGNN based vacancy formation energy with
scissor-correction. The mean absolute errors (MAEs) in eV are calculated for all the
values as well as oxide and 2D-monolayer subsets.

Sets Count Spearman corr. MAE (eV)

All 530 0.76 0.87

Oxides—subset 65 0.78 0.61
2D materials—subset 72 0.70 1.00
Elements—subset 74 0.30 1.19

Spearman correlation helps understand the trend. Hence, we found
that the ALIGNN-FF based models perform well especially for oxide
materials. This behavior can be explained based on the fact that
GNN architectures usually perform message passing locally and may
work well for insulting materials with fewer bonds rather than for
elemental solids and other systems that are usually metallic and have
delocalized electronic structures leading to a higher number of inter-
atomic bonds. One possible way to further improve the model would
be to include more perfect structures that can have a varied number
of bonds for various systems. As the JARVIS-DFT dataset for per-
fect structures is still growing, we believe that the defect property
prediction models should further improve in the future.

Now, we applied the above strategy to predict the vacancy for-
mation energies of all the 55 723 materials in the JARVIS-DFT,
leading to 192 494 vacancy formation energies. In Fig. 3, we visual-
ize the probability that compounds with vacancy of a given element
have a vacancy formation energy of more than 2 eV as a thresh-
old value. Interestingly, we found that C, N, O, and F are some
of the common elements with high vacancy formation energies,
which is similar to the elemental solid Evac. These elements usually
make ionic/covalent bonded compounds that can have higher bond-
breaking enthalpies than compounds with metallic bonds, leading
to high Evac values. Furthermore, we plot the ALIGNN-FF based
vacancy formation energy dataset against the OptB88vdW based
formation energy available in the JARVIS-DFT database and color
code with the corresponding OptB88vdW bandgaps in Fig. 4. We
also provided the histogram distribution of the formation energy
per atom and vacancy formation energy per atom. Interestingly,
we found that high vacancy formation energies were favored by
lower formation energies per atom and high electronic bandgaps.
We observe that the majority of the Evac values are around 1 to 3 eV
and there are only a very few data points for very high values. We
note that very high values of Evac could be nonphysical.

In summary, we have developed a diverse dataset of vacancy
formation energies using density functional theory and demonstrate
that the total energy per atom model using ALIGNN-FF can be
directly used as a fast pre-screening tool for predicting vacancy for-
mation energies without the need for additional training data. We
have discussed the assumptions used in this work, such as exclud-
ing charge defects and using finite cell sizes. Most importantly, our
work has explored how a deep-learning model performs on unseen
data without additional data. A detailed analysis for physical insights
into such deep-learning based models and their performance behav-
ior is challenging and is a subject of future work. We have applied a
heuristic scissor-shift of energy that further improves the accuracy.
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FIG. 3. Periodic Table trend of 192 494 vacancy formation energies predicted from scissor-shifted ALIGNN based predictions. We visualize the probability that compounds
with vacancy of a given element have a vacancy formation energy of more than 2 eV.

Using the current strategy, we have predicted vacancy formation
energies of around 55 723 compounds with 192 494 entries, leading
to the largest dataset of defect properties, which could have been very
expensive from DFT calculations. We provide data from this work
and machine learning models to help accelerate the design of new
materials.50 We anticipate that similar extrapolation studies could
be carried out in other branches of materials design, such as catalysts
and interfaces and grain-boundaries, where DFT and other methods
are highly computationally expensive.

FIG. 4. ALIGNN vacancy formation energy with scissor-shift (SS) dataset (192 494
entries) against OptB88vdW based formation energy available in the JARVIS-DFT
database and color coded with corresponding OptB88vdW bandgaps.
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