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Green hydrogen production is crucial for a sustainable future, but current catalysts for the oxygen
evolution reaction (OER) suffer from slow kinetics, despite many efforts to produce optimal designs,
particularly through the calculation of descriptors for activity. In this study, we develop a dataset of
density functional theory calculations of bulk and surface perovskite oxides, and adsorption energies
of OER intermediates, which includes compositions up to quaternary and facets up to (555). We
demonstrate that per-site properties of perovskite oxides such as Bader charge or band center can be
tuned through element substitution and faceting, and develop a machine learning model that
accurately predicts these properties directly from the local chemical environment. We leverage these
per-site properties to identify promising perovskites with high theoretical OER activity. The identified
design principles and promising materials provide a roadmap for closing the gap between current
artificial catalysts and biological enzymes such as photosystem Il.

Atomic-level design of highly active catalysts that rival the efficiency of
natural enzymes is one of the ultimate goals of chemistry and materials
science. Whereas enzymes have been fine-tuned residue-by-residue through
biological evolution for millions of years, human-designed homo- and
hetero-geneous catalysts to date remain far from optimal. For example, for
the oxygen evolution reaction (OER), one of the most important reactions in
both photosynthesis and renewable chemical and fuel production, the
turnover frequency in photosystem II is at least two or three orders of
magnitude higher than state-of-the-art heterogeneous catalysts'~. More-
over, enzymatic catalysis demonstrates the significance of site-dependent
reactivity, as reactions occur within highly specialized pockets and tailored
chemical environments™*,

Efforts to design heterogeneous catalysts with activities rivaling
enzymes will require breaking scaling relations, which dictate that
binding energies of reaction intermediates are linearly dependent and
thus limit the minimum theoretical overpotential to ~0.37 V>°. Of the
various strategies for breaking scaling, facet engineering’ and element
substitution® remain some of the simplest and most widely used.

Multicomponent metal oxide surfaces, which take advantage of both of
these strategies, thus offer an opportunity to move beyond these lim-
itations, due to their vast design space comprising billions of possible
local atomic structures and active site environments. However,
exploration of such a vast chemical space to design optimal artificial
active sites will require atom-by-atom design beyond current approaches
using trial-and-error coupled with human intuition’.

One effective strategy to go beyond Edisonian design of complex oxide
catalysts is to use a descriptor-centered approach, which captures the
quantitative relationship between structure, energetics, and function’.
Descriptors are especially powerful as they can be calculated in silico with
low cost, such that materials with desired properties can be predicted before
they are even synthesized. For instance, catalytic activity has been shown to
correlate with d-band center for metals'’ and oxygen 2p-band center for
metal oxides'"'”. Moreover, e, orbital filling', spin state'*'*, and magnetic
ordering' have also been shown to have a profound effect on catalytic
activity. While the use of such descriptors in catalyst designs has already led
to successful catalyst discoveries''*"*, most of these previous efforts have
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mainly relied on bulk descriptors, which assumes that surface electronic
structure is correlated with bulk electronic structure characteristics'’.

Despite their effectiveness, average bulk descriptors alone cannot
capture local effects from substitution or surface effects, limiting the space of
atom-by-atom design for surface reactivity”’. Such limitation is particularly
severe for complex multimetallic oxide surfaces’ due to the diverse and
near-continuous distributions of surface sites. Moreover, it has been recently
shown that for RuO,, a state-of-the-art catalyst for the oxygen evolution
reaction (OER), the catalytic activity is highly dependent on the local
environment of coordinatively unsaturated surface oxygen’”. Specifically,
CUS-oxygen as the active sites on (100) is shown to have an order of
magnitude higher specific OER activity that of (110)". Design of hetero-
geneous catalysts with activity rivaling that of enzymes thus requires the
understanding and efficient prediction of site-specific activity.

Budding efforts to go beyond bulk descriptors and to link local, site-
dependent descriptors to catalytic activity include the report that the site-
dependent 2p-band center of adsorbed oxygen correlates strongly with
OER-intermediate binding energies™”*. Nevertheless, this proposed
descriptor requires the same DFT calculation as calculating the binding
energy itself so it does not result in a significant computational advantage.
Site-dependent structural descriptors, such as generalized coordination
number, are cheaper to calculate since they only require the pristine slab and
have been shown to correlate with intermediate binding energies™*’. While
coordination number is able to capture local structure-property trends, it
alone cannot be generalized across different local chemistry and coordi-
nation. Recent efforts to overcome these limitations have included encoding
elemental as well as coordination information®**, often relying on hand-
crafted features that are difficult to generalize and extend to new materials
classes™. Machine learning approaches have revolutionized computa-
tional materials science™” given their ability to learn very complex non-
linear functions, efficiently process structural information without hand-
tuning”*, and combine this information with other data fidelities” or
physics-based priors, typically through graph-convolutional neural net-
works. Some recent works have leveraged these tools to predict OER-
intermediate binding energies directly from structure®, circumventing the

need for hand-crafted features, but the models to date have not taken
advantage of site-dependent descriptors beyond local structure”.

In this work, we develop a graph-based neural network model that
accurately learns site-dependent descriptors from structure and leverages
these descriptors to predict OER intermediate binding energies auto-
matically from structure, without the need for hand-crafted features. We
consider density functional theory (DFT)-computed site-specific descrip-
tors based on local electronic structure (Bader charges*”, site-projected O
2p-band™*, and metal d-band centers'’), local magnetic moments*’, and
local phonon band centers*'. By combining in-house data with previous
datasets'>**™*, we develop and curate, to the best of our knowledge, the
largest and most diverse dataset of OER energetics on perovskite surfaces to
date. We show that per-site descriptors across this dataset vary widely with
composition and surface coordination, and can be predicted purely from
structure. We demonstrate per-site properties that are both independent of
one another and linearly correlated to OER binding energies, such that they
can be leveraged independently to tune OER energetics. We compare the
OER energetics across this dataset with previous efforts on metals®, rutile
RuO,”” and IrO,*, metal hydroxide-organic frameworks (MHOFs)",
single atom catalysts”, and enzymes®, and show that by tuning per-site
properties of the active site and adsorbed species it is theoretically possible to
extend beyond the scaling relations and bridge the gap between current
state-of-the-art heterogeneous catalysts and enzymes such as photosystem
I1. Finally, we list several of the most promising materials identified through
this work.

Results and discussion

The local environment around the active site strongly influences the
materials properties of that site. For example, the Mn atoms in bulk
CaMnO; (Fig. 1a), on the CaMnOs(111) surface (Fig. 1b), and inside
photosystem II (PSII) have different local environments and thus different
d-band centers (Fig. 1¢). To study the effects of the local environment on the
properties of the active site, we curate, to the best of our knowledge, the
largest dataset of multicomponent perovskite oxides by combining in-house
DFT calculations with results compiled from the literature>****~*. This
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Fig. 1 | Per-site properties. Structures for (a) bulk CaMnO3, b CaMnOs (111)
surface, and (c) PSII with Mn atoms colored by d-band center (eV vs. Fermi level)
and the active site circled with a black dashed line. The structure for PSII is taken
from Lohmiller et al., and a single self consistent field cycle is done to extract band
centers”. d-g Site-level material descriptors relevant for atom-by-atom catalyst
designs, including O 2p-band center, M d-band center, atomic vibration frequency,

Bader charge, and magnetic moment. Schematic of the model architecture for (h)
predicting and leveraging per-site properties to (i) ultimately learn binding energies.
The explicit mapping between local environment and site property is made evident
by following oxygen atom i and ii, which have different local environments leading to
different convolved representations and site properties.
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Table 1 | Model and benchmark test performance in terms of Pearson’s correlation coefficients

per-site property per-site CGCNN per-site PAINN

per-site CrabNET

bond-valence method element average in dataset

Metal d-band center 0.952 0.939 0.827 0.722 0.515
O 2p-band center 0.969 0.962 0.836 0.588 -

magnetic moment 0.950 0.947 0.907 - 0.874
phonon band center 0.940 0.962 0.983 0.934 0.918
Bader charge 0.997 0.994 0.995 0.821 0.946

For magnetic moment, only magnetic atoms (with moments greater than 0.5 pig) are considered and included in the test set statistics. The best performing model is highlighted in bold for each property. A
correlation coefficient for O 2p-band center element average was not computed as it is not defined for comparison against a single value. The bond-valence method for magnetic moment is not reported, as

the parameters were unable to be fit without high error.

dataset includes over 20,000 substituted bulk perovksite oxides up to qua-
ternary, and over 10,000 surfaces cut along facets up to and including (555).
The dataset additionally includes over 10,000 O", OH" and OOH" adsorp-
tion energies. For all bulk and surface structures we calculate per-site
properties relevant to OER, including the oxygen 2p-band center and metal
d-band center (Fig. 1d), and magnetic moment (Fig. 1g). For surface
structures we additionally calculate Bader charge (Fig. 1f). Atomic vibration
frequencies (Fig. 1e), not calculated for our dataset but available from pre-
vious works", are also considered (Fig. 1b). Using this dataset, we develop
and train per-site graph-convolutional neural network machine learning
models that are able to learn per-site properties (see Fig. 1h) and ultimately
OER intermediate binding energies (see Fig. 1i) directly and automatically
from atomic structure without the need for hand-crafted features.

Learning compositional effects on per-site properties in bulk
perovskites

We show that by automatically encoding the local environment around each
site, graph-based per-site models are able to capture the effect of chemical
environment on per-site properties with high accuracy and without
requiring hand-tuned features. We train and hyper-parameter tune several
different site-aware deep learning models (see more details in Supplemen-
tary Information) on the bulk perovskites in our dataset to predict a number
of DFT-derived atomic properties (metal d-band center, O 2p-band center,
and magnetic moment), which are functions of the geometry and compo-
sition of the local chemical environment of each atom. We additionally train
these models on external datasets for predicting Bader charge** and phonon
band center*', which are described in more detail in the Methods section.
Performance is reported as Pearson’s correlation coefficient on a held-out
test-set for these per-site properties in Table 1, and parity plots for each
property are reported in Supplementary Fig. 1. The per-site model based on
Crystal Graph Convolutional Neural Network (CGCNN)” and Polarizable
Atom Interaction Neural Network (PAINN)* architectures have very
similar performance, and out-perform per-site CrabNET" which is based
on stoichiometry alone without encoding local environments. The best
results are shown in bold in Table 1, and are 0.952, 0.969, 0.950, 0.962 and
0.997 for metal d-band center, oxygen 2p-band center, magnetic moment,
phonon band center, and Bader charge, respectively. While for magnetic
moment, Bader charge and phonon band center, element type alone maps
well to the property with correlation coefficients of 0.904, 0.957, and 0.924,
respectively, the site-projected metal d-band and oxygen 2p-band centers
are highly dependent on the environment around the site as these properties
are a result of orbital overlaps with neighboring atoms. Moreover, we
consider predictions from the bond-valence method™, where per-site
properties are estimated from neighbor distances (P; = jexp(0 %), having
r;;as the bond distance between site i and neighbor j, ry as the fit for a given
cation-anion pair, and b as an empirical constant typically set to 0.37 A’").
Bond-valence method parameters were fit for each property using our
dataset, and an example of this fitting for predicting oxygen 2p-band center
and oxygen Bader charge is shown for O-Ti, O-Mn, O-Fe and O-Co bonds
in Supplementary Fig. 2. Fitted bond-valence parameters are reported in
Supplementary Table 1. It is shown that Ry for predicting oxygen Bader
charge decreases from 2.12 t0 2.08, to 2.05, to 2.02 for O-Ti, O-Mn, O-Feand

O-Co bonds, respectively, suggesting that oxygen 2p-band center is
increasingly pushed down by oxygen-neighboring elements from left to
right across the d-band. The bond valence method often outperforms simple
element averages by accounting for neighboring atom types and distances.
By encoding for several shells of neighbors through multiple graph con-
volutions, the per-site model is able to significantly outperform both ele-
ment averages and the bond-valence method without the need for hand-
tuned parameters (Table 1).

We compare the calculated and predicted per-site materials prop-
erties across a held-out test set on an element-wise basis to highlight the
ability of the per-site model to explicitly learn physical principles dictated
by local environments. Calculated and predicted magnetic moments
(Fig. 2a), Bader charges (Fig. 2b), atomic vibration frequencies (Fig. 2¢),
metal d-band centers (Fig. 2d), and oxygen 2p-band centers (Fig. 2e) ona
held-out test set are shown as a function of element for a sample of
elements (V through Ni for metal d-band center, magnetic moment, and
Bader charge; H through O for atomic vibration frequency; and O for
oxygen 2p-band center). The models are shown to accurately capture
both overall periodic trends (predictable from basic physical principles)
as well as element-wise distributions (non-trivial effects of local envir-
onment). For example, the magnetic moments follow Hund’s rules™: the
number of unpaired electrons increases from V to Mn as separate d states
are filled, then decreases from Mn to Ni as electrons co-fill d-states and
spin is canceled (Fig. 2a). The model recreates that elements become
more negatively charged going from V to Ni as electronegativity increases
going from left to right along the periodic table, as reflected by decreasing
Bader charge (Fig. 2b). Per-site atomic vibration frequency is shown to
generally decay for the first 10 elements in the periodic table as mass of
the element increases (Fig. 2¢). Periodic trends in d-band center are also
captured: as the number of electrons in the d-band increases across the
periodic table, the d-band width must widen to maintain the Fermi level
thus pushing the d-band center more negative’ (Fig. 2d).

The per-site model accurately captures per-element distributions in
material properties, which is remarkable as these distributions represent
complex effects of substitution and local environment not obvious from
basic physical principles alone. Additionally, the nodes in the calculated and
predicted magnetic moment (Fig. 2a) and Bader charge (Fig. 2b) for each
element represent different oxidation and spin states which are typically
difficult to predict. The element-wise distributions in atomic vibration
frequency (Fig. 2¢), metal d-band center (Fig. 2d), and oxygen 2p-band
center (Fig. 2e) are even less obvious, as these spreads do not include nodes
corresponding to discrete oxidation states. For example, the model captures
that oxygen atoms in CagsLaysMnO; have a spread of 2p-band centers
between -2.85 and -2.50 eV vs. Fermi (Fig. 2e). Indeed, this range is an
interpolation of the oxygen 2p-band centers of -1.67 and -3.87 eV vs. Fermi
in CaMnO; and LaMnOs;, respectively. Notably, the 2p-band center is
higher for oxygen atoms with more Ca neighbors and lower for oxygen
atoms with more La neighbors.

Despite the non-obvious nature of the site-properties discussed here,
the presented models capture different local environments, match the cal-
culated data with high accuracy, and are a powerful tool for tuning site
properties through substitution effects.
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Fig. 2 | Compositional effects of per-site properties. Predicted versus calculated
per-site (a) magnetic moment, b Bader charge, c atomic vibration frequency and (d)
metal d-band center as a function of element type going across the 3d band of the

Calculated O 2p-band center
(eV vs. Fermi level)

periodic table. e Predicted versus calculated oxygen 2p-band center showing several
example compositions.

Table 2 | Model and benchmark test performance on surface atoms only in terms of Pearson’s correlation coefficient

surface per-site property per-site CGCNN per-site PAINN

bond-valence method element average in corresponding bulk

Metal d-band center

0.980 0.975 0.512 0.670+0.025
O 2p-band center 0.955 0.924 +0.007 0.493 0.582
magnetic moment 0.954 0.969 - 0.894
Bader charge 0.995 + 0.000 0.992 0.938 -

Errors are calculated by running 3 experiments with random weight initializations and test/train splits. The best performing model is highlighted in bold for each property. Element average in corresponding
bulk was not available for Bader charges. The bond-valence method for predicting magnetic moment failed due to lack of sufficient fitting.

Learning facet and composition dependence of surface site
properties

Moving beyond bulk towards a more realistic representation of catalytic
sites, we use the surfaces in our dataset to show the strong influence of
surface coordination and composition on per-site properties of surface
atoms (adsorbed oxygens and active sites). The results for learning metal
d-band center and magnetic moment of the active sites, oxygen 2p-band
center of adsorbed oxygens, and Bader charge of the active sites and
adsorbed oxygens are summarized in terms of Pearson’s correlation coef-
ficient in Table 2, and parity plots for each property are also reported in
Supplementary Fig. 3. The per-site graph neural network models are pre-
dictive of these properties with a correlation coefficient of 0.980, 0.955,
0.969, and 0.995, respectively, and are thus able to capture surface effects.
The per-site CGCNN and PAINN models have similarly high performance,
analogously to that presented for bulk atoms in Table 1. It is shown that for

surface atoms the bond valence method loses some of its predictability, likely
due to lack of accounting for undercoordination. We additionally compare
the per-site model results to a baseline of the element average in the cor-
responding bulk structure, which is able to capture some composition effects
but cannot account for local environment effects such as facet dependence
(Table 2). That the per-site model significantly outperforms this reasonable
baseline shows that the model has successfully encoded local environment
of surface atoms specifically.

We compare the calculated and predicted per-site surface properties on
an element-wise basis across a held-out test set of benchmark surfaces to
further highlight the ability of the per-site model to explicitly learn com-
position and facet dependence. The predicted and calculated 2p-band
centers of surface oxygens in LaBOj; is compared as a function of B going
across the 3d band of the periodic table from V to Ni, where the model has
not been trained on any of these LaBO; materials (Fig. 3a). Spreads in each
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(111) facets of LaMnOj are highlighted and the corresponding structures are shown.

of the violin plots are due solely to different surface coordinations in the
dataset, which range from MOj; to MOg. Interestingly, the oxygen 2p-band
center of surface oxygens varies significantly with facet, even more than the
variation due to changing the B site. This wide spread is due to the sig-
nificantly different coordination environments of facets that are close-
packed versus not. Generally, the oxygen 2p-band centers of adsorbed
oxygens become less negative as the active site is more highly coordinated
(i-e. oxygens within MOg have higher 2p-band centers than those in MOy,).
These spreads, which cannot be captured from bulk band center calculations
(shown as a single point in white for each composition), provide compelling
evidence for the need to account for surface coordination. In contrast to
surface oxygen 2p-band centers, surface metal d-band centers are shown to
have a much more limited dependence on facet and surface atom coordi-
nation, and are more strongly a function of composition (Supplementary
Fig. 4). The model is able to capture both compositional effects (2p-band
centers of surface-oxygen generally become less negative as B goes from left
to right across the periodic table) as well as effects of faceting (calculated
versus predicted distributions visibly match).

We highlight a few example surfaces in the test set, namely the (110),
(100), and (111) facets of LaMnOj; (or MOy, MOs, and MOg environments,
respectively), to show that the 2p-band centers of adsorbed oxygens are
most negative for the high coordination environment of (111) oxygen atoms
(MOg), and least negative for the lower coordination environment of (110)
oxygen atoms (MOy,), and that the per-site model is able to capture this effect
(Fig. 3b). This trend also matches the findings of Rao et al.”, who showed that
bridge oxygen atoms on the edge-sharing (110) facet of unary RuO, had a
less negative 2p-band center than the bridge oxygen atoms on the (101)
corner-sharing facet. We show that the per-site model is able to capture
these facet effects, both by matching the distributions in Fig. 3a and by
correctly ordering the highlighted surface oxygen atoms in Fig. 3b.

Atom-by-atom design strategies for OER

We next demonstrate the ability of per-site descriptors to predict DFT-
calculated binding energies of OER intermediates, and ultimately catalytic
activity. We fit a multi-linear function of per-site properties of the active site
(magnetic moment, Bader charge, d-band center, d-band width, and
coordination number) and of the adsorbed oxygen (Bader charge, 2p-band
center, 2p-band width, and coordination number) to OER intermediate
binding energies. The predicted versus calculated binding energies are
shown in Fig. 4a, with the linear model achieving excellent predictive power
with a correlation coefficient of 0.872. These simple linear relationships
between binding energy and per-site properties capture most of the varia-
tion in the data. A complex, non-linear model combining a per-site graph
neural network and per-site properties (Fig. 4a inset for results on a held-out

test set) moderately outperforms the linear model with a correlation coef-
ficient of 0.898. These results are in agreement with and extend beyond
previous studies"”***, which have shown that OER intermediate binding
energies correlate to bulk oxygen 2p-band center"*” or to adsorbed oxygen
2p-band center””. We show these same correlations between binding
energies and bulk descriptors"*”, and between binding energies and indi-
vidual per-site descriptors™” in Supplementary Fig, 5 and Supplementary
Fig. 6. Combining these models with the above-presented per-site property
prediction models, and with models that predict relaxed structure®*, would
enable end-to-end learning of binding energies without the need for DFT
calculations. Moreover, unlike these previous efforts"****** which have only
included the (001) facet of perovskites, our work includes facets up to (555)
and multimetal complex perovskites up to quaternary.

By leveraging multiple per-site properties of the active site and
adsorbed oxygen simultaneously, we are able to improve upon these pre-
vious correlations (e.g. correlation coefficient of 0.61 for bulk oxygen 2p-
band center™, 0.66 for surface oxygen 2p-band center’*, and 0.87 for the
linear model) as several of the per-site properties are found to simulta-
neously and independently influence the binding energy of OER inter-
mediates. A polar plot of the relative importance of each per-site property
assigned by normalizing the coefficients of the linear model is shown in
Fig. 4b. The two most important per-site properties are the 2p-band center
of the adsorbed oxygen (in agreement with previous work"***°), and Bader
charge of adsorbed oxygen, which is similar to e, filling" and has been
shown to be useful for both prediction of OER activity and metal oxide
formation energy>”*. The relative importance of these two per-site
properties differs among adsorbates. For example, for OH', the least oxi-
dizing adsorbate, the 2p-band center is the most influencial while for OOH',
the most oxidizing adsorbate, Bader charge is the most influential. For o,
these two descriptors and the oxygen 2p-band width are of more equal
weight, as shown in Fig. 4b. For all three adsorbates, the remaining para-
meters studied in this work (i.e. coordination number of adsorbed oxygen
and Bader charge, d-band center, d-band width, coordination number, and
magnetic moment of the active site) are found to be of limited importance
for predicting DFT-derived OER binding energetics.

A correlation matrix of the per-site properties is shown in Fig. 4c.
While the 2p-band width and 2p-band center of adsorbed oxygen are
negatively correlated with a coefficient of -0.6, most of the other per-site
properties are not found to correlate strongly with any of the others. Further
support comes from the sparsity (median degree of three) of the correlation
network after correcting for multiple hypothesis testing and filtering for
connections with greater than 0.01 p-value (Fig. 4d). Pairwise p-values were
calculated across surface per-site descriptors and normalized by total
comparison count as directed by the Bonferroni method for multiple
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Fig. 4 | Atom-by-atom design of OER energetics. a Binding energy of O', OH, and
OOH as a linear function of surface per-site properties. Binding energies compared
to predictions from a neural network based on per-site properties are shown in the

inset. b Feature importance of each per-site property with respect to binding ener-
gies. ¢ Correlation matrix of surface per-site properties. d Surface per-site property
correlation network with Bonferroni corrected p values > 0.01 filtered out.

hypothesis correction (Supplementary Fig. 7). Of interest, the metal d-band
center does not significantly correlate with other metal descriptors sug-
gesting it cannot be easily tuned by changing metal coordination. Further,
the metal d-band center is of low feature importance to binding energy
(Fig. 4b) counter to common metal catalyst behavior”’. Most notably, the
2p-band center and Bader charge of adsorbed oxygen, the two per-site
properties that most influence the binding energies, are found to be only
weakly correlated with a correlation coefficient of 0.3 (Fig. 4c), suggesting
that these two per-site properties can be tuned independently.

We compare the energetics for OER across the surfaces dataset to
identify the most promising catalysts for OER, and develop design strategies
for navigating this landscape as a function of per-site properties. The
binding energies of OER intermediates (O*, OH’, and OOH*) are known to
be linearly dependent®, fundamentally limiting the OER overpotential to
above 0.37 eV and preventing catalyst design via DFT, assuming proton-
coupled electron transfer®. For example, AEqy; is known to scale with AE,
with a slope of 0.5 eV and intercept of 0.44 eV, and AEpoy scales with AEgy
with a slope of 0.88 eV and intercept of 3.21 eV'". These well-known scaling
relationships'** compare well with our calculated values of AGp — AGoy
and AGoor — AGp for the dataset of complex multimetal perovskites

studied in this work (Fig. 5a), with data-points colored by their calculated
theoretical overpotential. An additional scaling relationship, the “ideal"
scaling, is plotted in orange in Fig. 5a, where the well-known slope remains
the same but the coefficient is adjusted such that scaling passes through 0 V
overpotential. Interestingly, the spread in the perovksite oxides dataset is
wide enough to touch the ideal scaling line due to the large diversity in
composition and facet. We highlight several substituted rutile oxides of
interest, which deviate from typical scaling and are closer to the ideal line
due to substitution effects on the per-site properties and thus on OER
binding energetics. Additional scaling relationships between AGoy and
AGo, and between AGoy and AGpoy are shown in Supplementary Fig. 8,
where the materials in this work are additionally compared to previous
efforts on metals (purple circles)*, single-atom catalysts (pink circles)”,
RuO, facets (dark green)’, IrO, facets (light green)*, metal hydroxide-
organic frameworks (MHOFs, light gray)'®, and PSII (orange star)*. While
previously studied single-atom and metal catalysts fall more tightly on the
typical scaling line (black, Supplementary Fig. 8), the oxides studied in this
work show more deviation from the well-known scaling relations due to the
large variation in both element substitution and faceting. RuO, facets from
the work of Rao et al.” are also shown to deviate from this scaling, due to
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corner-sharing versus edge sharing effects as well as stabilization of OOH"
by neighboring coordinately unsaturated oxygen. The effect of this deviation
from scaling is that some surfaces studied in this work are able to outperform
the well-known OER thermodynamic overpotential limit, with over-
potentials as low as 0.21 V Lag 5Sry 5C00O5 (211). We note that the deviation
from scaling for some of these perovskites is even as extreme as the deviation
for photosystem II (PSII)* (Supplementary Fig. 8) The typical activity
volcano for theoretical potential as a function of AGp — AGopis also shown
(Fig. 5b), including standard and ideal scaling (black and orange lines,
respectively), perovskites (dark gray), and rutile oxides (green). Perovksite
oxides in our dataset that are unstable (energy above hull of the corre-
sponding bulk structure above 0.3 eV) are semi-transparent while stable
perovskites (energy above hull below 0.3 eV) are fully opaque. Energetics for
PSII*® are additionally compared to the perovskites and rutiles in this work,
and several materials with overpotentials approaching that of PSII are
plotted in Fig. 5b and listed in Table 3. This activity volcano is based on a
very simple mechanism for OER that may not hold for all oxides. Further
work will need to be done to consider more complex OER mechanisms.
A version of the activity volcano as a function of relevant per-site
properties rather than binding energies is shown (Fig. 5¢), to show the
physical origin of the deviation from the standard scaling relationships. The
2p-band center and Bader charge of adsorbed oxygen are considered,
because these properties have the strongest influence on binding energies,
are not correlated, and can be tuned independently to break the scaling

relationships. While the 2p-band center of adsorbed oxygen is a good
descriptor for traversing the standard scaling line, by simultaneously
adjusting the Bader charge of the adsorbed oxygen closer to 0 q,, it is possible
to move toward ideal scaling. We compare the R, fitted bond-valence
parameters for how transition metal neighbors affect oxygen Bader charge
and oxygen 2p-band center, to build a map for simultaneously tuning Bader
charge and 2p-band center of adsorbed oxygen through substitution
(Fig. 5d). Ry gives us a measure of how an individual neighboring atom will
affect the site properties of the oxygen in question, and by comparing R, for
different metal types we can tune the per-site properties of the oxygen
(neighbor atoms with lower R, increase the value of the site property). We
compare the RO for band-center and Bader charge to show how it is possible
to substitute neighbor atoms to control 2p-band center and Bader charge
independently. It is shown that as the atomic number of neighboring atoms
increases, the Ry fitted parameter for predicting oxygen 2p-band center
increases and the oxygen 2p-band center therefore decreases. In contrast,
the R, fitted parameter for predicting oxygen Bader charge given the
neighbor atoms decreases (and therefore oxygen Bader charge increases)
going from left to right across the periodic table. This map helps guide
researchers for what substitutions to make in a perovskite to modify the per-
site properties of adsorbed oxygen, and therefore to tune the catalytic
activity. On the strong binding side of the volcano, metal substitutions that
increase the 2p-band center of adsorbed oxygen while decreasing Bader
charge will be appropriate, so in this region Co substitution is
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Table 3 | Materials in the dataset with bulk energy above hull
below 0.3 eV/atom and thermodynamic overpotential below
06V

chemical formula miller index thermodynamic overpotential (V)
Lag 55r0.5C00; 211) 0.21
Cog.5Rup 50, (110) 0.27
CaAuOs (010) 0.29
EuMnOs (010) 0.31
LaBeOg (111) 0.32
KSbO3 (101) 0.35
CaBiO3 (010) 0.40
SrRhO3 (010) 0.41
LiNbO3 (010) 0.41
MnVO, (010) 0.41
LiRhO3 (110) 0.43
CaVvO,3 (001) 0.45
BaRhO; (010) 0.46
Lag 758r0.25MNnO3 (100) 0.50
AgTeOs (010) 0.50
BaMnO; (010) 0.51
BaCoO3 (010) 0.51
BiScO3 (010) 0.57
LaNiOs (211) 0.57
PrNiO3 (320) 0.59

Materials are sorted by thermodynamic overpotential, showing lowest to highest.

recommended. On the weak binding side of the volcano, metal substitutions
that decrease the 2p-band center of adsorbed oxygen while decreasing Bader
charge will be appropriate, so in this region Ir/Ru substitution is recom-
mended. This matches with our intuition, as many promising perovskites
for OER contain these metals™®. We compare RugslngsO; and
Ruy 5Coy 505 to illustrate this point. Replacing neighboring In with Co
slightly decreases the R, for oxygen 2p-band center, while dramatically
decreasing the R, for oxygen Bader charge (Fig. 5d). By swapping out In
(Rug5Ing s03) for Co (Rug 5Coy 503), the 2p-band center increases slightly
(moving toward the peak along the scaling line in Fig. 5¢) and the Bader
charge of adsorbed oxygen also increases. The result is that Rug 5Cog 503 has
a much higher activity than Ruy sIng sO;. This example illustrates a strategy
for navigating activity space by tuning per-site properties through compo-
sition tuning. Additional strategies could involve facet engineering, which
modulates the 2p-band center of adsorbed oxygen while having less effect on
the Bader charge’.

Finally, the thermodynamic overpotential as well as the energy above
hull of the corresponding bulk structure are used to screen the dataset for
materials showing promising activity and stability (see Supplementary Fig.
9), and the most promising stable (energy above hull less than 0.3 eV) and
active (thermodynamic overpotential below 0.6 V) materials are summar-
ized in Table 3. While many of the interesting materials identified and listed
in Table 3 have not yet, to the best of our knowledge, been tested for OER
activity, several identified materials (such as LagsSrosCoOs, LaNiOs,
PrNiOs;, and Lag 75510 sMn0Os) have already been tested and shown to be
promising OER catalysts'**". Although the dataset curated and analyzed in
this work includes over 10,000 binding energies, the phase space of multi-
component perovskite surfaces remains far from exhausted and we remain
hopeful that many more promising perovskite materials may yet to be
discovered. Toward this end, future work could include pairing per-site
descriptors with effective strategies for intelligent search of the remaining
phase space, such as Bayesian optimization”. Also of interest are high
entropy oxide systems with five or more metals, where the phase space is

even more daunting and rich with opportunities for catalyst
optimization®*** through control of chemical ordering™.
Methods

Lead contact

Further information and requests for resources should be directed to and
will be fulfilled by the lead contacts, Rafael Gomez-Bombarelli,
rafagb@mit .edu and Yang Shao-Horn, shachorne@mit .edu.

Materials availability
This study did not generate any new materials.

Model details

In this work, we implement machine learning models to both predict per-
site properties directly from structure (see Fig. 1h) and leverage these
properties to predict OER intermediate binding energies (see Fig. 1i).

Per-site graph-based and composition only neural network models
(extensions of previous models™***’) were individually trained on several
calculated per-site properties including metal d-band center, oxygen 2p-
band center, Bader charge, magnetic moment, and phonon band center. For
graph-based models, convolutional layers are used to automatically fea-
turize the structure based on local environments and a linear layer is used to
convert this featurization to predicted per-site properties. Although all
models in this study are trained on DFT-relaxed structures, we propose that
an extension to unrelaxed structures will be possible using cheap surrogate
models for predicting relaxed structure from unrelaxed structure™”.

For all properties, we perform a benchmark comparison between per-
site modified versions of CGCNN®, PAINN®, and CrabNET®. Per-site
CGCNN is initialized with physics-informed, curated atomic descriptors
which improves generalizability and performance, especially with smaller
datasets. For each per-site property in bulk structures, the per-site model
performance is additionally compared against a baseline of element average
across the dataset. For surface atoms, the per-site model performance is
additionally compared against a baseline of the element average in the
corresponding bulk structure, and to the bond-valence method.

Linear models and neural networks were implemented to predict
OER intermediate binding energies from calculated per-site properties.
The linear model was regressed on calculated Bader charges, d-band
centers, 2p-band centers, magnetic moments, and coordination numbers
of surface active sites and adsorbed oxygens. A neural network archi-
tecture was also developed, using these properties appended to learned
embeddings from the per-site graph-based models as input. This input
was passed though graph convolutional layers and a final pooling to
predict binding energies.

All results presented are on held-out test data. The models are trained
on 60% of the data, validated on 20%, and tested on 20%. Random train-
validation-test splits were used in all cases. Model weights were chosen based
on optimal validation set performance. Error ranges were calculated using
statistics from three different experiments, where model weights and train-
test splits are seeded randomly, and were found to always be below 0.02.
Hyperparameter tuning was performed on all models using SigOpt®. All
models were run on Nvidia GeForce RTX 2080 Ti GPUs.

Datasets

Multicomponent bulk perovskite oxides were compiled from the
literature'>*™*, including > 3,600 binary, > 1300 ternary, and > 900 qua-
ternary oxides. This dataset was augmented by in-house DFT calculations
up to quaternary with unit cell size 2 x 2 x 2, resulting in > 4600 quaternary
oxides and > 19,000 total bulk perovskite structures. Cation substitutions
were arranged both in the rock salt configuration as well as randomly
distributed. Models for predicting metal d-band centers, oxygen 2p-band
centers, and magnetic moments were trained and tested on this bulk per-
ovskite dataset using a multi-task learning scheme that learns these three
properties simultaneously for every atom. Moreover, to train and test the
model on Bader charges, over 170,000 structures with Bader charges
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available were compiled from across the entirety of Materials Project™. This
dataset includes a much more diverse set of structures than just perovskites.
Lastly, to train and test the model on phonon band centers, a dataset of over
9,800 structures with phonon calculations was downloaded from the Pho-
non Database at Kyoto University*'. All structures available in this database
were used, not limited to oxides and perovskites.

We prepared a dataset of perovskite oxide surfaces for predicting
surface per-site properties and OER intermediate adsorption energies by
augmenting the Open Catalyst 2022 (OC22)* dataset with data generated
by an in-house automated pipeline (see Supplementary Fig. 10). A subset of
the bulk perovskite structures are randomly sampled from the bulk per-
ovskite dataset described above, cut with a random choice of miller indices
between (001) and (555), and optimized with and without adsorbed O, OH’
and OOH'. All in-house adsorbate calculations consider adsorption to
B-sites at low surface coverage, and further work should be done to addi-
tionally consider adsorption on lattice oxygen sites”. This augmented
dataset includes over 10,000 clean surfaces and 7,800 surfaces with single
adsorbates (0", OH" or OOH").

All DFT calculations were performed using projector augmented wave
pseudopotentials, within the Vienna ab initio simulation package. Perdew-
Burke-Ernzerhof functionals were used, and Hubbard-U corrections were
employed to correctly capture the localization of metal d-electrons. Uy
values consistent with the defaults from Materials Project were chosen for
each metal*. Forces were converged to within 0.02 eV/A. Slabs were cut to
be greater than 10 A. The 2p-band and d-band center values of each atom
were obtained by projecting the density of states onto each site and inte-
grating between -10 below and 2 above the Fermi level. Magnetic moments
were obtained directly from VASP output, and moments for f-band ele-
ments were left out of the test set due to unreliable pseudopotentials. To
account for the well-known overbinding of O,, the oxygen reference was
corrected to the experimental formation enthalpy of water, calculated as
+0.29 V correction per O. Standard formation energies of H,O(l), OH(g),
and HO,(g) were taken from NIST-JANAF thermochemical tables rather
than being computed®. All binding energies were converted to free energies
by using a standard contribution of adsorbate atoms to the ZPE and
vibrational entropy, calculated as +0.30, -0.01, and +0.34 V correction for
O’, OH" and OOH" respectively. Rotational and translational entropy of
adsorbates on surfaces were assumed to be negligible, given that adsorption
on surfaces typically results in loss of translational and rotational entropy in
favor of vibrational entropy’. Additional electronic structure calculations
were performed on all structures from OC22 to generate per-site metal
d-band center, O2p-band center and magnetic moment.

Data availability

All data from this study are made available at https:/github.com/
learningmatter-mit/atom_by_atom. Instructions for downloading the
datasets are included in the repository README file.

Code availability
All code from this study is made available at https:/github.com/
learningmatter-mit/atom_by_atom.
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