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Screening of Material Defects using Universal
Machine-Learning Interatomic Potentials

Ethan Berger, Mohammad Bagheri, and Hannu-Pekka Komsa*

Finding new materials with previously unknown atomic structure or materials
with optimal set of properties for a specific application greatly benefits from
computational modeling. Recently, such screening has been dramatically
accelerated by the invent of universal machine-learning interatomic potentials
that offer first principles accuracy at orders of magnitude lower computational
cost. Their application to the screening of defects with desired properties or to
finding new stable compounds with high density of defects, however, has not
been explored. Here, it is shown that the universal machine-learning
interatomic potentials have reached sufficient accuracy to enable large-scale
screening of defective materials. Vacancy calculations are carried out for
86,259 materials in the Materials Project database and the formation energies
analyzed in terms of oxidation numbers. The application of these models is
further demonstrated for finding new materials at or below the convex hull of
known materials and for simulated etching of low-dimensional materials.

1. Introduction

Computer simulations of materials based on first principles
methods, quantum chemistry, and density-functional theory
(DFT), are playing an increasingly important role in the dis-
covery of new materials. On one hand, materials with optimal
properties for specific applications can be found by carrying
out explicit high-throughput calculations or employing databases
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of previously calculated data.[1,2] These
predictions can then be experimentally ver-
ified, as demonstrated in the case of mag-
netic materials,[3] high-entropy alloys,[4]

thermoelectrics,[5] and dielectrics,[6] to
name a few. On the other hand, new stable
materials, i.e., falling below the convex hull
of all previously known stable compounds,
can be discovered by atom substitution,[7]

crystal structure prediction,[8] simulated
etching,[9] or random structure search.[10,11]

In recent years, the progress in mate-
rials research has been massively accel-
erated by the development of machine-
learning (ML) methods and in the context
of atomic simulations machine-learning in-
teratomic potentials (MLIPs), which can
yield results nearly matching the accuracy
of first-principles calculations at a frac-
tion of the computational cost.[12,13] Going

further, to eliminate the burden of training application-
specific MLIPs, universal MLIPs (UMLIP) have been devel-
oped with the intention to work for any system with any el-
ements. These are trained on the massive datasets collected
from Materials Project (MP),[14] Alexandria,[15] or Open cat-
alyst project.[16] Over the last three years only, many com-
peting UMLIPs have been reported, such as M3GNet,[17]

CHGNet,[18] ALIGNN,[19] MACE,[20,21] GNoME,[10] MatterSim,[22]

EquiformerV2,[23] ORB,[24] and SevenNet.[25] The leading univer-
sal potentials are showing few tens ofmeV accuracy on formation
energies of stable compounds,[26] which is comparable to the en-
ergy differences observed near the convex hull and thus the mod-
ern UMLIPs are highly promising for accelerated screening of
new stable materials.
It is then somewhat surprising that the applicability of UM-

LIPs for defect screening has not been properly benchmarked to
date. This may be due to the fact that there does not exist a sim-
ilar large dataset of defect calculations, although several smaller
databases targeting a set of materials or a set of defects have
been collected.[9,27–33] The training sets for UMLIPs do not ex-
plicitly contain defective materials, although motifs resembling
their atomic structures might still be present in the training set.
Nevertheless, this is expected to lead to lower accuracy for defec-
tive systems. Fortunately, screening defects is also more forgiv-
ing as they often exhibit a large range of values up to 10 eV. For
finding the defects with lowest formation energy, determining
whether they are likely to be present in high concentration under
given conditions (given a choice of chemical potentials), or if the
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Figure 1. a) Root-mean-squared error of theUMLIPs tested on data sets of Angsten et al., Huang et al., and Björk et al. (Refs. [27, 28], and [9], respectively).
b–d) Comparison of the defect formation energy from MACE and DFT for b) Angsten et al., c) Huang et al., and d) Björk et al. datasets.

formation energies are negative which entails material decompo-
sition, accuracy of hundreds of meVs can be sufficient.[34–36]

In this paper, we start by benchmarkingUMLIPs for defect cal-
culations by collating results from several existing targeted defect
databases. As the UMLIPs are found to exhibit accuracy suffi-
cient for defect screening, we carry out further analysis. We first
calculate vacancy formation energies for all materials in the Ma-
terials Project database and analyze the trends in terms of oxida-
tion numbers. We then demonstrate how these calculations can
be used to find new materials near the convex hull, either stable
compounds or materials that are likely to host a large concen-
tration of vacancies. Finally, we discover new 2D materials via
simulated non-equilibrium etching from stable parent phases.

2. Results

2.1. Benchmark of UMLIPs

In order to assess the accuracy of UMLIPs for the prediction
of defect formation energy, we tested four different UMLIPs,
namely MACE,[21] CHGNet,[18] M3GNet[17] and ALIGNN.[19]

These four universal potentials have the advantage of being
trained using a similar training set based on the Materials
Project database.[14] All four UMLIPs are tested and compared
using three existing defect databases by Angsten et al.,[27] Huang
et al.,[28] and Björk et al.[9] These datasets were chosen because
they cover a large variety of materials and because they have been
calculated using the same PBE functional[37] as used for training
the above-mentionedUMLIPs, and thuswe can rule out any error
contributions arising from the choice of functional. The dataset
of Angsten et al. contains vacancies of face-centered cubic (FCC)
and hexagonal close-packed (HCP) structures for a large part of
the periodic table.[27] The dataset of Huang et al. contains substi-
tutional and vacancy defects in 2Dmaterials, such as h-BN,MoS2,

GaSe, and BP.[28] The dataset of Björk et al. contains vacancies for
77 layered transition metal dichalcogenide (TMDC), MAX, and
YRuSi-type phases.[9] Note that all three datasets considered here
do not include charged defects, and therefore all benchmarked
defects are neutral. Given that UMLIPs are also trained only on
neutral bulk systems, we believe that the predicted defect forma-
tion energieswould also predominantly correspond to the neutral
charge state.
While the contents of each dataset differ on the structural in-

formation given (relaxed, unrelaxed, or no structure) and how
the energies are reported (total energy, formation energy and the
choice of chemical potentials), our UMLIP calculations are car-
ried out in a way that is consistent with each dataset. Further de-
tails concerning how each dataset was processed are given in the
Supporting Information.
Benchmarking results are presented in Figure 1. In particular,

Figure 1a shows the rootmean square error (RMSE) over all three
dataset for all four UMLIPs. MACE performs best on all datasets,
with RMSE values of 0.80, 0.46, and 0.67 eV for datasets from
Angsten et al., Huang et al., and Björk et al., respectively. Previ-
ous benchmarking of UMLIPs for other material properties have
also found MACE to extrapolate well to previously unencoun-
tered systems.[20,38,39] CHGNet and M3GNet are also found to
reasonably predict defect formation energies, although they show
larger errors for the layered materials included in the dataset of
Björk et al. On the contrary, ALIGNN seems to perform poorly,
which could be explained by the large errors in the chemical po-
tentials, see Figure S13 (Supporting Information).
More detailed comparison of the MACE and DFT results are

given in the correlation plots in Figure 1b–d. Similar plots for
the other UMLIPs can be found in the Supporting Information
(see Figures S1, S2, and S3, Supporting Information). While the
agreement for the dataset of Angsten et al. (Figure 1b) is very
good for most elements, a few data points are poorly predicted
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by MACE. For example, HCP phosphorus and FCC erbium and
praseodymium show large errors, which are also found when us-
ing other UMLIPs (see Figure S1, Supporting Information). Ad-
ditionally, transition metals such as molybdenum, tungsten and
tantalum also show relatively large errors in the HCP structure,
which is not their optimal structure and likely explains the poor
performance withMACE. For the 2Dmaterials, Figure 1c,MACE
accurately predicts the defect formation energy at low energies.
Low formation energy means that the local structural environ-
ment is chemically stable and consequently it is likely that simi-
lar local environments were already present in the training set for
UMLIPs.While the agreement somewhat worsens at high forma-
tion energy, the dependence is still linear, which is important in
material screening. Largely similar behavior can be observed in
Figure 1d for the layered bulk phases included in the database of
Björk et al. In this previous work, the goal was to identify which
atoms have a negative vacancy formation energy in acidic solu-
tions and could therefore be etched. In Figure 1d, etched atoms
are shown in blue and all have ΔFv < 0 according to DFT cal-
culations. It is clear that MACE correctly makes the separation
between etched and non-etched atoms, with only a few struc-
tures containing ruthenium being wrong. Note that other UM-
LIPs struggle with the same materials, suggesting that the prob-
lem arises from the insufficient training set for these compounds
and not from the ML model.
We also carried out benchmarking for datasets including other

types of defects, such as substitutions and interstitial atoms, re-
ported in Refs. [40] and [30] (see Figures S4 and S5, Supporting
Information). While the agreement between UMLIPs and DFT
calculations remain reasonable for substitutions, it gets clearly
worse for interstitial defects. For this kind of defect, DFT forma-
tion energy can go up to 20 eV and such highly unstable environ-
ments are unlikely to be present in the MP database, resulting in
inaccurate predictions from UMLIPs. A summary of the RMSE
of the four UMLIPs over all datasets is given in the Supporting
Information (see Table S1, Supporting Information).
Overall, we find that the UMLIPs, andMACE in particular, are

successful in predicting vacancy formation energies for a diverse
set of materials. In particular, MACE is found to give the most
accurate predictions, with RMSE between 0.4 and 0.8 eV for the
three studied datasets. These values are comparable to the accu-
racy of specialized ML models designed to predict defect forma-
tion energies in a limited set of defects/materials: 0.5–1 eV for
oxide defects,[32] 0.4 eV for neutral oxygen vacancies,[41] 0.45–0.7
eV for vacancies in oxide perovskites,[42] 0.67 eV for TMDCs,[43]

1 eV for a larger set of defects and materials,[44] 0.27–0.44 eV for
vacancies in oxides.[31]

2.2. High-Throughput Vacancy Calculations

With MACE found to provide reliable vacancy formation ener-
gies, we proceeded to calculate vacancy formation for most ma-
terials in MP database subject to selected screening conditions.
As illustrated in Figure 2a, we limit our study to materials with
less than 100 atoms in the unit cell, (meta)stable materials cor-
responding to energy above convex hull less than 0.1 eV/atom,
and excluding noble gases, arsenic, technetium, promethium, yt-
terbium, and elements heavier than Bi (not included in MACE).

This screening still resulted in a total of 86,259 materials. At this
stage, we only calculated the unrelaxed vacancy formation energy
due to i) computational cost, ii) the ease of analysis, since in some
cases relaxation might dramatically alter the structure, and iii) it
provides an upper bound to the formation energy as relaxation
can only lower the formation energy.
Figure 2b shows the average vacancy formation energy over

the periodic table. The lowest formation energies are found for
alkali metals, noble metals, and heavier halogens. One generally
expects high formation energies with high oxidation state and
strong chemical bonds. Here, we carry out analysis based mainly
on the oxidation state, which is fairly straightforward to extract
and a convenient atom-specific scalar quantity. Noble metals, by
definition, do not like to form compounds, and thus low vacancy
formation energies are expected. Alkali metals and halogens have
oxidation state ±1, often present as singly charged ions that are
relatively easy to extract from the host lattice. Group-11 metals
(Cu, Ag, and Au) have a full d-shell and a single s-electron, and
thus they behave largely similarly to alkali metals and with simi-
lar average formation energies. On the contrary, high formation
energies are found for refractory metals, maximum found for Ta,
and also p-block elements, with Si and P particularly standing
out.
In some cases, the formation energy distribution is multi-

modal, and thus average formation energy is not sufficiently de-
scriptive. Distributions for few selected elements, and further
grouped by their oxidation states, are shown in Figure 2d,e. In
Table S2 (Supporting Information), we list the proportion of ox-
idation states in the database and in Table S3 (Supporting Infor-
mation) the average formation energies for all elements at all ox-
idation states. Oxygen and fluorine both show a very wide distri-
bution, but only existing in the−2 and−1 oxidation state, respec-
tively. Si, on the other hand, shows a clear bimodal distribution,
dominated by +4 and −4 oxidation states. The average formation
energy for the +4 oxidation state is very high at 12.6 eV. A large
proportion of these arise from silicates with SiO4 units, in which
removing a silicon atom leaves four undercoordinated O atoms
and resulting in high formation energy. Such high formation en-
ergies are not seen in the O distribution, since, while the Si-O
bond strength is the same, removing O atom results in only one
or two undercoordinated Si atoms and, consequently, the forma-
tion energy is also lower by a factor of 2–4. The low formation
energy peak arises from −4 oxidation state, often associated with
Si atom surrounded by metals with high coordination numbers
(CN). In Figure S6 (Supporting Information), we show the distri-
butions grouped by CN, which verifies that the high-energy peak
is dominated by four-coordinated Si atoms, while the low-energy
peak consists of high-CN Si (largest fraction for CN of 9).
Similar findings apply to P, where bimodal distribution with

peaks arising from oxidation states +5 and -3 are observed. The
high formation energy peak at 13.7 eV with +5 oxidation state
arises mainly from PO3−

4 units, quantitatively similar to the case
of Si, whereas an example of−3 oxidation state is phosphine PH3.
Figure S6 (Supporting Information) shows that the high-energy
peak corresponds to 4-coordinated P and 3-coordinated P have
very low formation energies. Chalcogen elements S, Se, and Te
show particularly clear grouping with the oxidation state. These
allow us to extract reasonably representative oxidation-state de-
pendent average formation energies. For example, selenium has
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Figure 2. a) Materials project (MP) database screening procedure. The number of structures in each step is indicated. b) Average vacancy formation
energy for every element in the periodic table. c) Histograms from all vacancy formation energy calculations with two different choices of chemical
potentials. d,e) Stacked histograms of the vacancy formation energies for the dominant oxidation states of a few selected elements. In panels (b), (d),
and (e), the vacancy formation energies are obtained using elemental chemical potentials.

an average vacancy formation energy of 2.2, 7.5, and 11.1 eV in
oxidation states -2,+4 and+6, respectively. Detailed results for all
elements and all oxidation states can be found in Table S3 (Sup-
porting Information).
In Figure 2d, we show the distributions from the 3d transition

metal series. Asmentioned, Cu is found primarily at+1 oxidation
state, with a narrow distribution (average 0.6 eV). While heavy
atoms between Co and Zn only show oxidation number of +1
and+2, lighter elements can adopt higher oxidation states. In few
cases, a clear grouping with the oxidation state can be observed,
such as Cr+3/Cr+6, Fe+2/Fe+3 or Cu+1/Cu+2. Overall, higher oxi-
dation states are found to yield higher formation energies. Tran-
sition metals from the 4d and 5d series are shown in Figure S7
(Supporting Information), with largely similar trends. In addi-
tion to the oxidation number, vacancy formation energies are also
found to depend on the neighboring elements (see Figure S8,
Supporting Information). Additionally, distributions with CN are
given in Figure S9 (Supporting Information), but show no obvi-
ous grouping.
Overall our results indicate a fairly strong correlation be-

tween the oxidation state of the element and its vacancy for-
mation energy. This hints at the possibility of using the oxida-
tion state as a descriptor in carrying out defect screening. More-
over, one can use the data in Table S3 (Supporting Informa-
tion) as a first approximation for an unknown vacancy formation
energy.

2.3. Ordered Vacancy Compounds below Convex Hull

In the total formation energy distribution, Figure 2c, one can dis-
tinguish a part of the distribution extending to negative energies
for 332 materials. This would correspond to spontaneous defect
formation (when kinetically allowed) until equilibrium is reached
by e.g., adopting a stable non-zero vacancy concentration or trans-
forming to another phase. In other words, these cases hint for a
possibility to find new materials that are below the convex hull
defined by the materials in the MP database. However, for more
quantitative assessment, we need to include three ingredients: ex-
ploration of different vacancy concentrations and their ordering
(configurations), structural relaxations, and energy comparison
to the convex hull.
Because of the errors from MACE, the stability of vacancies

with formation energies close to zero cannot be predicted confi-
dently. In our case, any structure with vacancy formation energy
between −0.75 and 0.75 eV is not considered. The value 0.75 eV
is chosen to match the average RMSE of MACE over the bench-
marked datasets. Out of the 332 materials with negative forma-
tion energy, 34 were found to have vacancy formation energies
below −0.75 eV.
In Figure 3a, we show the unrelaxed formation energies

as a function of defect concentration for four selected materi-
als that were indicated to have negative formation energy and
which show qualitatively different behavior. Except for VF2, the
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Figure 3. a) Unrelaxed defect formation energy with respect to the vacancy concentration for a few selected materials. b) The formation energies after
accounting for the structural relaxations. c–d) Convex hull of Co-I and V-F systems, respectively. In panels (c) and (d), the red dots show the formation
energies of structures containing defects. In panels (a–d), the vacancy formation energy is calculated using elemental chemical potentials. e–f) Balls-
and-sticks representations of Ce2Mn(SeO)2 and CoI2, respectively. Initial structures from MP are compared with structures with minimal formation
energy after removing atoms with negative vacancy formation energies.

deviation of energies around the mean is still small, indicative
of weak defect-defect interactions. VF2, CoI2, and Ce2Mn(SeO2)2
show minimum formation energy at increasing concentration,
with the vacancies created in the V, Co, and Mn sublattices, re-
spectively. One of the inequivalent O atoms in RbGdS2O9 is very
weakly bound and all are expected to be removed (100% vacancy
concentration in Figure 3 referring only to the relevant sublat-
tice), suggesting a possible problem in the experimentally deter-
mined structure.
In Figure 3b, the same results are shown after relaxation of all

relevant systems (including the pristine host). One would expect
formation energies to decrease and this is indeed found for all
cases, although clearly more pronounced in the cases of VF2 and
Ce2Mn(SeO2)2. Consequently, the vacancy concentration yield-
ing the minimum formation energy increased, from 6 to 14%
in the case of VF2 and from 44 to nearly 100% in the case of
Ce2Mn(SeO2)2. The structure of Ce2Mn(SeO2)2 before and after
etching all Mn atoms are illustrated in Figure 3e. Interestingly,
the structure might be intuitively (or by robocrystallographer)[45]

thought to consist of Ce2O2 and MnSe2 layers and thus the pos-
sibility to etch Mn atoms would be easily missed.
Having found the lowest energy structures for the defective

systems, we can next map their energy with respect to the convex
hull. We emphasize that while the choice of elemental phase ref-
erences used here is fairly stringent in the sense that it leads to
high formation energies, negative defect formation energy does
not necessarily imply that the defective phase would be below
the convex hull. In fact, the defect formation energy can be di-
rectly compared to the slope of the convex hull, and the defective
structure falls below the convex hull only if the defect formation
energy is lower than the slope of the convex hull. Co–I and V–F

systems both fall into this category. The relevant part of the phase
diagram of Co–I is shown in Figure 3c. MP convex hull contains
only CoI2 with the MACE closely reproducing its formation en-
ergy. The calculated systems with Co-vacancies (I fraction above
2/3) fall under the convex hull for a wide range of vacancy con-
centrations. It turns out, however, that the underlying reason for
this result is that MP database does not include the stable CoI3
phase (represented in Figure 3f), although it has been previously
predicted computationally by substitution of atoms with chemi-
cally similar ones in known lattices.[7,46]

In the case of V–F, Figure 3d, the convex hull in MP consists
of VF2, VF3, VF4, VF5 phases. When recalculated with MACE,
the VF2 phase ends up falling slightly above convex hull. As
the VF3 phase is clearly below VF2, the defective system forma-
tion energies end up falling very close to the convex hull up to
about VF2.5, and even slightly below convex hull for some con-
figurations when compared to the VF2–VF3 line. Thus we think
it should be possible to synthesize VF2 with a large range of va-
cancy concentrations. A more complete exploration of the possi-
ble ordered vacancy compounds would require systematic explo-
ration of all possible supercells and vacancy configurations, and
while UMLIPs can accelerate this process, it is beyond the scope
of this paper.
For multielement compounds the convex hull is multidimen-

sional and thus difficult to visualize. However, the formation en-
ergy can still be easily compared with the convex hull of com-
peting phases. CeSeO is located on the CeSe2–CeO2 line and
is found to be 0.14 eV/atom below the convex hull. Similarly,
RbGdS2O8 has a formation energy 0.23 eV/atom below plane
made of Rb2S2O7, Gd2O3, and SO3. A structure somewhat simi-
lar to CeSeO was found by chemical substitution,[7] while we are
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Figure 4. a) Workflow for the identification of potential 2D layer materials from chemical etching. Dashed red circles indicate the sites in the unit cell
for which defect formation energy is calculated. b) Calculated probability of chemical etching in HF for each elements of the periodic table. Excluded
elements are shown in gray. c) Probability of etching with respect to the chemical potential in HF. In panels (b) and (c), the probability of etching is
obtained from the vacancy formation energies using chemical potentials in HF.

not aware of previous reports for RbGdS2O8. Thus, these materi-
als could be examples of stable materials below MP convex hull.
Overall, we have demonstrated how a defect screening can

be used to identify known stable materials missing from the
database (CoI3), possible new stable materials (CeSeO and
RbGdS2O8), as well as systems that are likely to host ordered
vacancy compounds (V–F). Complete results for all 34 materi-
als with vacancy formation energies below −0.75 eV are pre-
sented in Figure S10 and Table S4 (Supporting Information). In
total, 20 materials are found to have negative formation energy
at 100% defect concentration. Interestingly, some materials were
also found to show two distinct formation energy minima at dif-
ferent defect concentrations of 25% and 100%, corresponding to
BrO4 units replaced by BrO3 or Br, respectively. These are dis-
cussed in more details in the Supporting Information.

2.4. 2D Materials from Simulated Etching

Another application of vacancy formation energy calculations is
the study of chemical etching of bulk phases into low dimen-
sional materials, as previously shown by studying etching of MX-
enes layers from MAX phases[36] and later extended to other lay-
ered phases.[9] Here, we look for new 2D layers by screening the
whole database of vacancy formation energies in a way similar to
Björk et al.[9]

A schematic of the workflow is represented in Figure 4a. Start-
ing from the vacancy formation energy database, atoms with neg-
ative vacancy formation energy are removed from the atomic
structures, with the chemical potentials corresponding to condi-

tions in aqueous HF solution at pH = 0. As can be seen from
the histogram in Figure 2c, a large portion of materials will have
one ormore elements etched. By considering the whole database,
one can obtain the etching probability for each element, which
is presented in Figure 4b. Few groups of high etching probabil-
ity stand out, mainly consisting of typical cation elements. For all
these elements, the high etching probability can be explained by a
low chemical potential in HF solution, as illustrated in Figure 4c.
On the contrary, elements with a high chemical potential are
rarely etched. Examples would be some transition metals (such
as niobium, molybdenum, tantalum, and tungsten) and chalco-
gens other than oxygen. As a result, many of the etched layers
presented later contain these elements.
To find chemically etched 2Dmaterials, layers are first isolated

and their atomic structure is relaxed. This procedure resulted in
a total of 4370 candidate layers, which are further screened to
identify the best candidates. Next, the vacancy formation ener-
gies of the layers (denoted ΔF(2)v , (2) referring to “second round”
of etching) are computed. The condition ΔF(2)v > 0 ensures that
none of the atoms within the layer is etched. In some cases, re-
laxing a layer after etching lead to the formation of 1D or 0D
clusters. To avoid such cases, the dimensionality of the relaxed
layers is calculated again and we only consider those with a 2D
score higher than 0.9. Additionally, layers with positive formation
energy are also not considered. After applying these three condi-
tions, we find 1217 candidate layers. In order to identify the best
candidates, we define the highest etched element formation en-
ergy (HEE) as well as the lowest non-etched element formation
energy (LNE) for each layer. Best candidate layers have a lowHEE
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Figure 5. a) Comparison between the highest etched element (HEE) and lowest non-etched element formation energies (LNE) for binary layers. Vacancy
formation energies are calculated using chemical potentials in HF. Note that the plot only shows the region (HEE < −0.75, LNE > 0.75). Groups of layers
with similar atomic structure are indicated by coloring. b–k) Representation of a few of the best candidate binary layers. Top panels show side view of
the layer, while bottom panels show the top view. The color coded formula is given for each structure.

and a high LNE, as well as a high defect formation energy ΔF(2)v .
The database is therefore further screened by applying HEE <

−0.75 eV, LNE > 0.75 eV and ΔF(2)v > 0.75 eV, resulting in a total
of 259 layers labeled as “best candidates”.
Figure 5 presents the best candidate unaries and binaries

(see Table S5, Supporting Information for a complete list of
all layers). In particular, Figure 5a shows the HEE and LNE
of these layers. Many known materials are recovered. For ex-
ample, graphene is found to have the highest LNE, as well as
the lowest HEE values depending on the initial structure, such
as LiC6 and EuC6, where lithium and europium are respec-
tively etched. Note that graphene is also the material with the
highest value for ΔF(2)v . Among layers with low HEE, there are
many with an atomic structure similar to RuSi recently found
by Björk et al.[9] Figure 5a also shows two MXene structures,
namely Nb3C2 and Ta3C2 (see Figure 5f). Although these two
MXenes have not been synthesized, there has been report of
successful synthesis of other similar layers based on Nb and
Ta.[47]

A large fraction of the best candidates are TMDCs, ranging
from well known MoS2, NbS2, or TaSe2

[48] to more exotic RhSe2
or RhTe2. Interestingly, TMDCs can be obtained by etching a
large variety of elements. For example, NbS2 can be found by
etching alkali metals such as Li and Cs, early transition metals
such as Ti and V or post-transition metals such as In. In addition
to simple TMDCs, we also find TMDC layers including defects,
eithermetal or chalcogen vacancies. An example ofmetal vacancy
would be Mn3S8 layers, which is represented in Figure 5c. Note
that these layers are found by etching two different elements. For
chalcogen vacancies, we find two different cases, namely Pt2S3
and Pt2Se3. An example of the atomic structure can be seen in
Figure 5d. Similar ordered vacancies have already been experi-
mentally realized in PtTe2.

[49] The final example of binary materi-
als containing transition metals and chalcogens is Ni3S4, Pd3Se4,

or Pt3S4. All these layers have a Kagome structure similar to
the one shown in Figure 5e, and are obtained by etching alkali
metals from a parent phase resembling Cs2Ni3S4. Previous ex-
perimental study have already highlighted the possibility to etch
Cs atoms from Cs2Ni3S4, although they could not reach Ni3S4
monolayers.[50]

The screening also revealed semiconducting layers, such as
InP (Figure 5h), which has already been experimentally synthe-
sized using chemical etching[51] and has the same atomic struc-
ture as the well known GaSe.[52,53] Although GaSe is not included
in our results, a different form of gallium selenide is, namely
GaSe2. This layer takes a pentagonal atomic structure similar to
PdSe2

[54–56] and is represented in Figure 5i. Another new semi-
conducting layer is InTe2 (see Figure 5j), etched from CsInTe2.
Although such parent phases are known to be present in alkali-
metal treated CIGS solar cells, there are no reports on isolating
them as monolayers. Note that we also find other compositions
with the same structure, such as InSe2 or GaTe2, as well as InTe2
in the pentagonal form (similar to GaSe2 in Figure 5i), although
these examples do notmeet the criteria to be among the “best can-
didates”.
Among the other lesser known materials, we first highlight

TiB4, NbB4 and TaB4. These layers are composed of two hexag-
onal boron layers, with metal atoms located in-between at the
center of the hexagons (see Figure 5g). The parent phases are
similar to bulk TiB2,

[57] but with alternating layers of Ti and ei-
ther Zr or Hf, and the latter are etched to lead to TiB4. Thicker
layers, such as Nb2B6 or Ta3B8, are also predicted. Note that
these layers resemble MBenes, which are absent from our re-
sults due to terminations not being included. Finally, bulk ma-
terials such as CsTiF4 are found to be etchable to form TiF4.
The atomic structure of this layer consist of corner sharing TiF6
octahedra (Figure 5k). Although very similar to other titanium
fluoride structures,[58] the stability of TiF4 in 2D form remains
unknown.
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Figure 6. a) Comparison between LNE and HEE for ternary materials. Grey dashed lines show the limits for LNE = 0.75 and HEE = −0.75. Blue dots
represent layers with ΔF(2)v > 0.75, while yellow ones have 0.5 < ΔF(2)v < 0.75. Vacancy formation energies are calculated using chemical potentials in
HF. b) Representation of a few of the best candidate ternary layers. The structures are grouped depending on their resemblance with binary layers (see
Figure 5 for the structure of binary layers). The color-coded formula and the Materials Project ID (MPID) is given for each structure.

While previous works by Björk et al. only focused on binary lay-
ers etched from ternary parent phases, there was no need to limit
the number of elements in our study due to the high performance
of UMLIPs. Hence our calculations also predicted ternary (and
quaternary) layers after etching, which are presented in Figure 6.
A complete list of ternary layers is available in Table S6 (Sup-
porting Information). In particular, Figure 6a compares the LNE
and HEE of the best candidates. Note that here, the threshold
previously set at 0.75 is lowered to 0.5, resulting in a total of 77
layers (see Table S6, Supporting Information). The atomic struc-
tures of a few of the best candidate ternary layers are presented in
Figure 6b. The dynamic stability of all ternary candidates is also
tested by computing their phonon dispersions using MACE (see
Figures S11 and S12, Supporting Information). Some of these
structures are alloyed variants of the known binary structures,
such as TMDC TiVS4. In Nb2PdS6, Nb has seven neighboring S
atoms while Pd only has four, which leads to an atomic structure
different from the usual TMDCs. We also find alloys of RuSi-like
layers, such as OsRuSi2 which has alternating elements on the
Ru layer, or Co2SiGe which has a Janus structure. In addition to
alloying, some showed ordered vacancies, such as TiCu2S4, with
alternating Ti and Cu atoms and Ti vacancies on half of the sites.
Two other similar structures were found, namely TiCu2Se4 and
TiAg2S4.
Regarding MXenes, ternary layers Nb2CS2 and Ta2CS2 are

included among the best candidates. These layers have the
structure of MXenes with sulfur atoms as terminations and
have already been synthesized, showing promising applications
as superconductors.[59,60] Note that contrary to typical MXenes
where aluminum atoms are etched, our calculation suggest that

Nb2CS2 and Ta2CS2 can be obtained by etching 3d transition-
metals from V to Cu.
Ternaries similar to InTe2 and GaSe2 are also found. For

the former, it has the same atomic structure as represented in
Figure 5j but with an additional layer of InTe and alloying on the
middle In sublattice. This leads to two different structures with
different concentration of alloys, namely CdInTe3 and CuIn3Se6,
which are both shown in Figure 6b. RegardingGaSe2, two similar
pentagonal structures with alternating elements on the gallium
site were found, namely CuGeSe4 and AgSnSe4.
In addition to ternaries resembling binary layers, our results

also highlight ternary layers with completely new atomic struc-
tures, including CrP2S7, Cu2SbS3, or NbCu2S4. Note that for the
latter, the same atomic structure is found for a wide variety of
compositions, such as TaAg2Se4 or VCu2S4 (see Table S6, Sup-
porting Information for a complete list). While rare earth metals
are found to have a very high probability of being etch in HF,
CeCuS3 is found to be among the candidates for chemical exfo-
liation. Other layers sharing the same atomic structure are also
among candidates, although they have lower LNE and ΔF(2)v val-
ues, for example CoTmS3. In addition to rare earth metals, the
same structure is also found in layers containing two transition
metals, such as CuTiS3 and CuZrS3.
A majority of materials presented so far include chalcogens

at the surface. This can be explained by their low probability
of etching (see Figure 4b), which would tend to stabilize lay-
ers. Among ternary layers, we find two candidates with chlorine
terminated surfaces, namely TiNCl and ZrNCl. These metal ni-
tride halides are known to take two possible atomic structures,
one cubic and one hexagonal,[61] both represented in Figure 6b.
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Although nanosheets of ZrNCl have been synthesized by me-
chanical exfoliation,[62] there is no report of chemical etching for
this material. Note that for ZrNCl, our results also contain layers
where half of the chlorine atoms are replaced by sulfur, leading to
Zr2N2ClS. In particular, we find two structures with this formula,
one with alternating Cl-S atoms and one with a Janus type.

3. Discussion

In conclusion, calculations of vacancy formation energies con-
tain useful information about materials properties, yet they are
computationally demanding and usually restricted to a small
amount of structures. We showed how UMLIPs can be used to
drastically reduce the computational cost while maintaining a
good accuracy. After carefully benchmarking four different UM-
LIPs, MACE was found to yield the most accurate predictions. It
was then used to compute vacancy formation energies of 86,259
materials, giving access to large statistics for most elements in
the periodic table. As an application, vacancy formation energies
were used to explore new ordered vacancy compounds near the
convex hull and the synthesis of new 2D layers using chemi-
cal etching. Most the ordered vacancy compounds below or near
convex hull identified in this work were indicative of known
compounds missing from the databases. Nevertheless, our work
brings forth the importance of defects in the exploration of new
materials, a dimension that has been previously largely ignored.
That said, given the small energy differences near the convex
hull, a more quantitative identification would benefit from more
accurate UMLIPs, especially when defects other than vacancies
are considered. We hope that this is achievable in the future,
given the fast progress in the development of UMLIPs. At the
same time, we recommend including defective materials in the
training process to further accelerate their use in defect screen-
ing. At a small scale, for specific defects in a small set of ma-
terials, fine-tuning of the foundation models can be a promising
approach, but the effective fine-tuning strategies for defective sys-
tems still need to be explored further.
Making use of the high efficiency of UMLIPs, this work

predicted 1217 2D layers obtainable through chemical etching.
These candidate layers include well known materials, as well as
new exciting ones. Importantly, our approach could be readily ap-
plied to materials with any number of elements, any number of
atoms in the unit cell, any crystal symmetry, and to cases where
several elements may be etched. It is important to note that the
current work did not investigate the stability of these layers, nor
tested their experimental synthesis. Additional work is therefore
required in order to validate some of the current predictions, as
well as identify the properties of these new layers and their poten-
tial future applications. While surface terminations play an im-
portant role in the stability of some 2D layers, they have not been
considered in this work. Including terminations would lower the
formation energy and the vacancy formation energy of 2D lay-
ers. As a result, more layers would pass the screening depicted
in Figure 4a. For example, Ti3C2 is a well known experimentally
synthesizedMXene layer, but not considered in this work because
of the negative vacancy formation energy of titanium atoms. Test-
ing various elements at different surface sites for a large number
of structures is not straightforward and would prove challeng-
ing, hence the decision not to include terminations in the current

work. The database containing etched layers could however be a
good starting point for future studies on surface terminations of
2D layers. Additionally, general trends can also be observed us-
ing the large statistics available fromMPmaterials. For example,
Figure 4b shows which elements aremost likely to be etched, and
which ones are more stable in HF. These results can be further
used for the design of new low-dimensional materials and their
parent bulk phase outside of the MP database.

4. Experimental Section
Universal Machine-Learning Interatomic Potentials: Four different UM-

LIPs were used, namely MACE[21] (MACE-MP-0, small model size, with-
out dispersion), CHGNet[18] (default model from the chgnet python pack-
age), M3GNet[17] (M3GNet-MP-2021.2.8-PES model), and ALIGNN[19]

(mp_traj model). Examples of python code for each UMLPs are given
in the Supporting Information. All the considered UMLIPs were available
within the atomic simulation environment (ASE),[63] which is used to run
all the calculations.

Formation Energies: The formation energy of the host material F can
be defined as

F = E −
∑

i

𝜇i (1)

where E is the total energy and µi is the chemical potential of atom i.
The defect formation energy ΔFd could be defined as the difference be-

tween the formation energy of the defective system Fd and the one from
the pristine cell F0, which reads

ΔFd = Fd − F0 (2)

While Equation (2) works for any defective structure, including substitu-
tional defects in Huang et al. dataset, this work mainly focused on vacan-
cies. In this case, the vacancy formation energyΔFv can be written directly
using total energies

ΔFv = Ed + 𝜇A − E0 (3)

where Ed and E0 denote the total energy of the defective and pristine cells,
respectively. The accuracy of UMLIPs to predictΔFv would depend on how
well they could reproduce the three energy terms. Correlation plot of the
total energies for the elemental references between DFT results in MP and
those predicted using UMLIPs are shown in Figure S13 (Supporting Infor-
mation).

The chemical potentials must be carefully chosen to reflect the envi-
ronment the material was in, i.e., the reservoir with which atoms were
exchanged. The elemental phase reference was often adopted in the lit-
erature due to convenience and due to the consistency with the phase
diagrams. This choice of chemical potential was adopted for the high-
throughput calculations of vacancy formation energy (Section 2.2) and
when studying convex hulls (Section 2.3). When considering etching in HF
(Figures 4, 5, and 6), instead the values previously used in Ref. (9) were
adopted. The values were taken from experiments, but shown to yield good
predictions for the probability of etching of MAX phases.[36] The list was
supplemented with the values for lanthanides when available, taking the
experimental values from the NBS tables[64] and adding the same correc-
tions as in Ref. (9). A complete list of both sets of chemical potentials are
presented in Tables S7 and S8 (Supporting Information).

High-Throughput Vacancy Calculations: Conventional unit cells of ma-
terials were extracted from MP (v2023.11.1)[65] using MP API[66] and
Pymatgen.[67] Supercells were constructed by repeating the unit cell from
MP until the lattice constants were larger than 10 Å. The total energy E0
of the pristine supercell was then calculated using MACE, as well as the
total energy of the supercell with a vacancy Ed for every site in the unit
cell. The vacancy formation energy was then obtained from Equation (3)
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and saved in a database available at Ref. (68). Note that while the analy-
sis presented in this work focused on materials close to the convex hull
(Ehull < 0.1 eV), the database also contains vacancy formation energies
for materials above the convex hull, leading to a total of 130 321 entries.
The database also contains the vacancy formation energy using chemical
potentials in the elemental phase as well as in HF solution.

The oxidation states were extracted from MP.[65,66] The coordination
numbers were determined using CrystalNN algorithm in Pymatgen.[69]

Defective Materials Below Convex Hull: For VF2, CoI2, Ce2Mn(SeO)2
and RbGdS2O9, supercells were created following the same method as in
high-throughput vacancy calculations, except for CoI2, where larger 6x6x3
supercells were used. Vacancies were created by removing atomswith neg-
ative ΔFv at random. For each concentration, 50 supercells containing va-
cancies were created and the formation energy was computed before and
after relaxation.

Convex hulls from MP were obtained using the MP API.[66] It is impor-
tant to note that anion corrections were applied to formation energies in
MP.[70] Same corrections were also applied here when calculating convex
hull from MACE or DFT calculations.

2D Materials from Simulated Etching: From the vacancy formation en-
ergy database, 2D layers were obtained by removing atoms with negative
vacancy formation energy. Resulting layers with 2D dimensionality higher
than 0.5 were then isolated and relaxed. The assessment of the dimen-
sionality and isolation of the layers were done using methods already im-
plemented in the ASE.[63,71] Relaxation was performed using the BFGS
algorithm with forces and energies calculated with MACE. All 8017 re-
sulting layers were saved in a database available at Ref. (68). Note that
this database also contains layers etched from parent materials above the
convex hull (Ehull < 0.1 eV), leading to a higher number of structures than
discussed in the text.

In the screening for best candidates, the highest etched element for-
mation energy (HEE) as well as the lowest non-etched element formation
energy (LNE) were used. Given a material with a set of vacancy formation
energies ΔFi, the HEE is defined as

HEE = max
ΔFi<0

ΔFi (4)

while the LNE is defined as

LNE = min
ΔFi>0

ΔFi (5)

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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