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The discovery of active and stable catalysts for the . 4m P B
oxygen evolution reaction (OER) is vital to improve water s 4o %«5 ’ ‘ﬂ %
electrolysis. To date, rutile iridium dioxide IrO, is the only U RCem o | L G
known OER catalyst in the acidic solution, while its poor activity oo EmEn = :T’é e Hﬁ ,k,
restricts its practical viability. Herein, we propose a universal graph 6 (Avom Feature ] [ Atom Embeaai R e THE
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neural network, namely, CrystalGNN, and introduce a dynamic Forward
embedding layer to self-update atomic inputs during the training R
process. Based on this framework, we train a model to accurately -
predict the formation energies of 10,500 IrO, configurations and [ > % @

and P62—IrO, are identified as excellent electrocatalysts to reach
the theoretical OER overpotential limit at their most stable
surfaces. Our self-learning-input CrystalGNN framework exhibits
reliable accuracy, generalization, and transferring ability and successfully accelerates the bottom-up catalyst design of novel
metastable IrO, to boost the OER activity.

graph neural network, metastable IrO,, oxygen evolution reaction, crystal search

discover 8 unreported metastable phases, among which C2/m-IrO, %@T ...... - .. - [% <.
Tl
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confirmed far beyond traditional ML methods and proposed
as a well-suited deep learning protocol in predicting material
properties, such as CGCNN,*" MEGNet,** iCGCNN,* and
GeoCGNN.>* However, it should be noted that the

In electrochemical water splitting, the four-electron oxygen
evolution reaction (OER) is kinetically sluggish and restricts
the overall efficiency for hydrogen production.' ™ To date,

rutile IrO, is the only known OER catalyst with high stability information of these inputs is usually encoded by artificially
in acidic solution;* however, its practical application is to a selected atomic properties; in other words, the inputs among
large extent hindered by low OER activity.” Much effort has these ML frameworks require a case-by-case design, which
been devoted to imgroving their catalytic activities, includin% leads to narrow applicability outside of their training scope.

heteroatom doping,°~® morph()logy’- surface modulation,”™ " In this work, we propose a universal GNN-based algorithm,
exploring metastable allotropes,'”"> and so forth., among named CrystalGNN, in which the only inputs for predicting
which metastable configurations are expected to achieve better material properties are the atomic number, bond length, and
catalytic performance due to their diversities of bond orders adjacent matrix in the crystal. To gain this aim, we introduce a
and active sites."®”'® For example, recently our synthesized dynamic embedding layer to accept the feedback of back-
1T- and 3R-phase IrO, exhibited excellent OER activities and propagation during the training process, thereby the inter-
stabilities at the same time."""" Therefore, searching for atomic and intra-atomic correlation are self-captured adap-
metastable IrO, is an effective strategy to design highly tively along with the iteration of the neural network. It is found

efficient OER catalysts.

Although many crystal search techniques successfully
promote the identification of unknown metastable structures,
it remains a huge challenge to rapidly screen ideal candidates in
the entire material space.'”™>’ As an emerging and state-of-art
technology, machine learning (ML) has demonstrated great
potential in accelerating crystal discovery,”*™>® contributing to
lower experimental costs and better bottom-up design
protocols.””~** Because crystals/molecules are usually non-
Euclidean, graph neural networks (GNNs) have been

that our CrystalGNN framework can achieve reliable accuracy,
generalization, and transferring ability with non-empirical
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Figure 1. The framework and performance of CrystalGNN. (a) Framework of CrystalGNN and workflow of the dynamic embedding layer. The
performance of CrystalGNN for predicting the formation energies (FE) of (b) two-dimensional materials in the C2DB data set and (c) bulk

materials in the Materials Project data set.

inputs. We then utilize it to accelerate the exploration of
metastable IrO, and search ~10,000 IrO, configurations,
among which two kinds of novel metastable IrO, are identified
with considerable OER stabilities and activities.

The IrO, structures are generated from CALYPSO*** and are
optimized within the density functional theory (DFT) framework by
the Vienna Ab initio Slmulatlon Package (VASP). 36=3% The
generalized gradient approximation®® of Perdew—Burke—Ernzerhof
(GGA-PBE)" is applied to represent the exchange—correlation
energy, and a cutoff energy of 400 eV is used. The energy convergence
criterion is set to 107* eV and the force convergence criterion is set to
0.05 eV-A™! for each atom. The I'-centered k-point grids of 30/a X
30/b x 30/c and 30/a X 30/b X 1 are chosen for bulk and slab
calculations, respectively. For all slabs, a vacuum distance of 12 A is
added along the z direction, and the bottom layers are fixed, while the
remaining layers are relaxed. To assess the kinetic and thermal
stabilities of these metastable structures, we employ the finite
displacement method to calculate the phonon dispersion via the
PHONOPY program®' and perform 5 ps ab initio molecular
dynamics (AIMD) simulations at 400 K under the NVT ensemble
with a time step of 1.0 fs.

The OER reaction under acidic conditions contains four intermediate
steps as follows®
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H,0 > OH* + (H" + ¢")
OH* - 0" + H" + &)
H,0 + 0" - OOH™ + (H* + &)

OOH" = O, ¥ +(H" + &)

where * represents an active site on the clean surface and *OH, *O,
and *OOH denote hydroxyl, oxo-, and hydroperoxide intermediates
adsorbed on the surface, respectively.”

Accordlng to the computational hydrogen electrode (CHE)
model,*® the chemical potential of the proton—electron pair can be
expressed by the chemical potential of H, in the gas phase

1
G(H) + G(e™) = —G(H
(H') + G(e) = TG(Hy) 0
The Gibbs free-energy change (AG;) for every OER elementary
steps is given as the difference between the initial and final states**

)

where AE; represents the energy difference between the reactant and
product, AZPE represents changes in the zero-point energy, TAS
represents changes in entropy, and T represents the temperature,
which is set to 298.15 K. The zero-point energy and entropy can be
calculated by the following formulas

AG, = AE, + AZPE — TAS

1
ZPE = Z —hy,
D 2 (3)
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Figure 2. The results of the crystal structure search accelerated by machine learning. (a) Parity plots between predicted enthalpies and DFT-
calculated enthalpies for IrO,. Insets are histograms of the error distributions for the test set. (b) RMSE and the speed of prediction for IrO, with n
=3,4,5, 6 and 7. (c) Visualization of graph-wide feature space of the t-distributed stochastic neighbor embedding (t-SNE) plot of the graph-level
embedding from the output of the pooling layer. (d) RMSE and R* of prediction for RuO, and MnO, by the original data and transfer learning
from IrO, data. The “TL” represents the model trained by transfer learning.
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where h denotes the Planck’s constant, ky denotes the Boltzmann
constant, and v; denotes the vibrational frequency.

The limiting potential of the OER is defined as the change in Gibbs
free energy in the potential determining step (PDS), namely

(4)

leimiting = max{ AGl} (5)

and the overpotential of the OER reaction can be written as™?

Yimang )

e (6)
where 1.23 V is the equilibrium potential for the OER. In addition, to
avoid computational error for triplet oxygen, the free energy of O, is

calculated from the experimental free energy of the OER reaction AG
= —4.92 eV." The surface energy E,, is calculated by

— (Eslab - N'Ebulk)
2A

n=

E

sur

)

where E,, is the energy of the surface, E,, is the energy of the bulk,
A is the surface area, and N is the number of IrO, units.

As shown in Figure 1a, our proposed Crystal GNN is under the
framework of the message passing mechanism,” including
message passing layer, global pooling layer, and fully connected
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layer. The crystal structure is normally encapsulated into graph
data, whose nodes and edges correspond to crystal atoms and
bonds. For the information of bonds, bond lengths less than a
cutoff radius are chosen to reflect the connections between
atoms, which are mathematically transformed into discrete
eigenvectors {e;} by the Gaussian expansion. However, for the
attributes of each atom {v,}, there is no unified paradigm and
their physiochemical properties are usually artificially selected
to represent discrete atomic information by the one-hot
encoding method,**¢~* making these eigenvectors inde-
pendent of each other. The main idea of our CrystalGNN is to
encode the atomic attributes {v,} into a fixed-dimension dense
vector {v,'} in a dynamic embedding layer and let it self-update
to adaptively reflect the intra-atomic and inter-atomic
correlation along with the iteration of the neural network,
namely

/_
v, = Wy;

(8)

where @ represents the initial coefficient. During the iteration
of the neural network, the aggregation function f,,, is used to
obtain the aggregated feature @ at the t-th iteration, and then

o' is passed into an update function to obtain a new v/,

namely
t_
@ _fagg () 9)
v! = o'y, (10)

Based on the f,g, to accept the feedback of backpropagation
during the training process, the dynamic embedding layer will

https://doi.org/10.1021/jacsau.2c00709
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Figure 3. Summary of the crystal structure search by our framework. (a) Scatter diagram plots the volumes and enthalpies of the ~10,000
structures. (b) Selected low-energy region of the scatter diagram plots. (c) Selected stable structure in the low-energy region, in which the known
structures are the stable phases synthesized in the experiment while the new discovery structures are the newly discovered with low enthalpies and

dynamic stability.

automatically optimize the atomic information when the model
reaches the best. The introduction of this embedding layer can
make the initial atomic vectors dense and intrinsically related;
therefore, only a single atomic number encoded into a 128-
dimensional dense vector for every constituent atom is taken as
the input, which is enough to obtain ideal accuracy for ML.
(Supporting Information, Table S1). Details of our Crys-
talGNN framework can be accessed in Supporting Note, S1.

Accordingly, we evaluate the performance of our Crys-
talGNN framework in the prediction of the formation energies
of crystal materials in the C2DB data set' and Materials
Project data set.”® It is found that the mean absolute errors
(MAEs) for two-dimensional and bulk materials can reach 0.08
and 0.10 eV, which are comparable to the benchmark (0.05—
0.2 eV) of other GNNs’' (Figure 1b,c). Specifically, we
compare the performance of Crystal GNN and CGCNN in the
regression task (predicting the formation energies, band gaps,
and absolute energies) and the classification task (predicting
the classifications of metal and semiconductor). The results
demonstrate that the performance of CrystalGNN is
comparable to that of CGCNN, and in some tasks,
CrystalGNN may achieve better performance. (Supporting
Information, Table S2).

In order to emphasize the advantage of the embedding layer,
we decrease the inputs of CGCCN and find that the CGCNN
deteriorates as the MAE increases from 0.11 to 0.16 eV/atom
if only one atom feature is used, whereas the predicting
accuracies of our Crystal GNN barely change when the number
of atom features decreases. (Supporting Information, Figure
S1). Our proposed CrystalGNN can maintain ideal accuracy
regardless of which atom feature is selected, which is mainly
attributed to the introduction of self-updated mechanism for
the atom feature. This also confirms that our proposed
CrystalGNN needs fewer inputs to obtain appropriate
accuracy.

1134

In the search for crystal structures, the number of IrO, formula
units (n) in the crystal cell is a vital parameter, as a larger n
means a more complex structure. At first, we screen the IrO,
crystal space with n = 1-2 and for each n, 1500 initial
structures are optimized. P4,/mnm-IrO,, namely, rutile phase
(where the tag XXX in XXX-IrO, represents the space group of
IrO,), is selected as the most stable phase, which is consistent
with the experimental results.”*>** However, due to their
complex structures, the metastable 14,/ amd-IrO,'* and Pa3-
IrO,”* successfully synthesized in experiments are missing,
which motivates us to perform detailed structure searching for
more unknown complex structures.

Next, we summarize these 3000 structures as the initial data
set and employ CrystalGNN to train an ML model for
enthalpy prediction. The performance of this ML model is
shown in Figure 2a, in which the root mean square errors
(RMSEs) are 0.07, 0.11, and 0.11 eV/atom for the training set,
validation set, and test set, respectively. The inserted error
distribution of the test set reflects that the deviations between
DEFT calculations and ML predictions are mostly located at 0—
0.15 eV/atom (~90%), and only 10% of the error points are
located at > 0.15 eV/atom. At this point, our proposed
CrystalGNN achieves great accuracy for predicting the
enthalpies of IrO, structures in the initial ML model.

Then, we conduct an exhaustive crystal structure search for
complex structures, where # is set from 3 to 7 and for each n,
1500 structures are collected. To reflect the accuracy and
efficiency of our framework, for each n, we illustrate the RMSE
of the prediction and the ratio of the DFT-consumed time to
ML-consumed time in Figure 2b. The RMSE value range from
0.12 to 0.15 eV/atom, whose performances are close to that of
the initial model. We note that the more complex the structure
is, the more computing power consumes, so when the value of
n increases, the accelerating effect becomes more evident.
Meanwhile, the prediction of IrO, crystals with n = 3—7 is still

https://doi.org/10.1021/jacsau.2c00709
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Table 1. Space Group, Lattice Constant, Enthalpy, Ir—O Coordination Number, and Band Gap of the Four Known Structures

and Eight Newly Discovered Structures of IrO,”

space group n a b
P3m1 1 3.14 3.14
P4, /mnm 2 4.54 4.54
Pa3 4 4.94 4.94
I4,/amd 4 5.62 5.62
P6/mmm 3 7.22 7.22
R3m 3 4.86 4.86
P1 3 3.18 442
C2/m 3 523 8.39
Cmmm 3 10.36 7.14
P3m1 3 3.14 3.14
P62 3 6.31 631
Immm 4 7.17 7.40

c enthalpy Ir—O coordination band gap
4.11 —6.81 6 1.94
3.19 —-7.05 6 0
4.94 —6.93 6 0.53
5.62 —6.69 6 0
2.80 —6.83 4 1.04
4.86 —6.82 6 0.52
7.36 —6.80 6 0.64
4.36 —6.79 6 0.24
3.08 —6.77 6, 4 0.29

12.74 —6.77 6 1.74
3.10 —6.75 6 1.00
3.09 —6.78 6, 4 0

“n represents the number of formula units in the simulation cell. g, b, and ¢ represent the lattice constants. The enthalpies (eV) and band gap (eV)

of these structures were obtained by DFT calculations.

accurate even though there are no known structures in the ML
model, reflecting that our CrystalGNN has a good general-
ization ability and thus guarantees the efliciency and accuracy
of exploring complex structures on the basis of simple
structures. We visualize the output of the pooling layer with
t-distributed stochastic neighbor embedding (¢-SNE) in Figure
2¢, whose close points in the same cluster are expected to share
similarities in atomic structures and crystal configuration. This
implies that our Crystal GNN can generate viable representa-
tions and group the crystals delineated by similar enthalpies.
Because CrystalGNN has learned the structure and composi-
tion representations of simple IrO, phases, our model naturally
presents good performance in complex phases.

Moreover, we also extend this framework to similar RuQO,
and MnO, systems because RuO, and MnO, are also reported
to have high stability and activity in the OER.>>~>" We apply
transfer learning to improve the performance by training the
data of RuO, and MnO, based on the IrO, models. As
illustrated in Figure 2d, both the prediction accuracies and
efficiencies for RuO, and MnO, models increase. It is worth
noting that CrystalGNN also achieves high predicting accuracy
(0.12 eV/atom for RuO, and 0.14 eV/atom for MnO,) in
Supporting Information, Table S3 and accelerates the
efficiency of the crystal search in Supporting Information,
Figures S2 and S3. Therefore, our CrystalGNN has an
excellent ability of generalization and transfer learning, while
maintaining accuracy.

After the exhaustive structure search of IrO,, Figure 3a exhibits
the distribution of the formation enthalpies for a total of
10,500 structures. For n = 1, the most stable structure is P3m1-
IrO,, named ,1T-phase IrO,, which has been recently
synthesized.'* For n = 2 and n = 4, P4,/mnm-IrO, is located
at the minimum enthalpy as it is recognized as the most stable
phase both experimentally and theoretically. For n = 4, 14,/
amd-IrO, and Pa3-IrO, are successfully searched. It is clear
that the volumes of IrO, bulks expand with increasing
parameter n, and there is a weak relationship between the
enthalpy and volume. When n is increased to 5—7, the
proportions of stable metastable IrO, decrease. Considering
that the enthalpy (—6.69 eV/atom) of I4,/amd-IrO, is the
largest among four synthesized IrO, structures, we take it as a
threshold and find 10 unreported IrO, phases (Figure 3b).
Then, in order to further verify the thermo- and kinetic
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stabilities of these new configurations, we also analyze their
phonon spectra and S ps ab initio molecular dynamics.
(Supporting Information, Figures S4 and SS). Finally, eight
metastable IrO, candidates are confirmed without imaginary
frequency and geometry distortion, which are promising for
synthesis in experiments. Their relative formation enthalpies
are as follows: P4,/mnm < Pa3 < P6/mmm < R3m < P3ml <
Pl< C2/m < Immm < Cmmm < P3ml < P62 < I4,/amd.

Figure 3c shows the geometric structures of eight novel
metastable phases. P4,/mnm-IrO, has a primitive cell of
tetragonal configuration with the mixed edge- and corner-
sharing octahedral, whereas I4;/amd-IrO, is also in the
tetragonal crystal system with the exclusively edge-sharing
octahedral. Pa3-IrO,, P3ml-IrO,, R3m-IrO,, and P3ml1-IrO,
all belong to the trigonal crystal system. The primitive cell of
R3m-IrO, presents a compact edge-sharing octahedral. P3m1-
IrO, and P3ml1-IrO, have a two-dimensional configuration,
which is structurally similar to 2D transition-metal dichalco-
genides and their main difference is the layered stacking mode.
P6/mmm-1rO, is a one-dimensional phase in the hexagonal
system, whose Ir atoms and O atoms lie nearly in the same
plane. P1-IrO,, belonging to the triclinic system, consists of a
nine-atom primitive cell with an exclusively corner-sharing
octahedral. C2/m-IrO, has a monoclinic configuration, where
the Ir atoms and O atoms form a mixed edge- and corner-
sharing octahedral. Immm-IrO, and Cmmm-IrO, have similar
structures as they are both orthorhombic but present varying
degrees of connectivity. P62—IrO, falls within the hexagonal
system, where one Ir atom and one O atom are located at the
hexahedron face and another Ir atom and three O atoms
located in the interior of the hexahedron. Overall, the Ir—O
coordination numbers of all metastable phases are 4, 6, or a
mixture of 4 and 6, which are common in other transition-
metal dioxides.”’ IrO, prefers to construct an octahedral
configuration, whose Ir atoms share more oxygen to maintain
stoichiometry, resulting in a universal six-coordinated number.
The Ir—O coordination numbers in Immm-IrO, and Cmmm-
IrO, are both 4 and 6 due to the existence of oxygen vacancies.
The planar configuration of P6/mmm-IrO, is accompanied by
the special coordination number of 4.

Moreover, we also evaluate their band structures and find
that P4,/mnm-IrO,, I4,/amd-IrO,, and Immm-IrO, present
metallic properties without band gaps. C2/m-IrO, and Cmmm-
IrO, are semiconductors with narrow band gaps of 0.24 and

https://doi.org/10.1021/jacsau.2c00709
JACS Au 2023, 3, 1131-1140


https://pubs.acs.org/doi/suppl/10.1021/jacsau.2c00709/suppl_file/au2c00709_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/jacsau.2c00709/suppl_file/au2c00709_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/jacsau.2c00709/suppl_file/au2c00709_si_001.pdf
pubs.acs.org/jacsau?ref=pdf
https://doi.org/10.1021/jacsau.2c00709?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

I. Bulk structures

Rutile

II.Surface energy

Joee

(100)  (110)

IV.OER activity

1,0
+1.406V, % £1.68¢V
*0
ko -oon
.
+0.03¢V % 41.84eV

H,0

IT1.Surface coverage

Phase 1 Phase2 Phase3

B B

Phase 4 Phase 5 Phase 6

c 2.04 v Rutile <« P3m1 © P¢/mmm A R3m = PIT

* C2/m @ Cmmm v

—
n

AG.op (eV)
S

0.5

1.0 1.2 14

b 42{ 8G00n =G0y +3) e
.a "o 8O
3.6 o-9% 0
. o
o~ - 0 - nu'
2 3.047°8°
6’ AG.o = 0.94*AG.qy + 1.36] "‘_ -
< 2.4 . - ;
apn LAt
i PPN
1.8 Ay -k A
lA-&8 " A A
1.2
00 02 04 06 08 10 12 14
AG.oy (eV)

0.95 = = ~
Pt P62 1 d v Rutile < P3ml o P6/mmm aR3m =Pl
m o o lmng 0.85 201 xC2/m ¢ Cmmm +P3ml < P62 eImmm
=
075 2 )
o 1.8 voo_-C
0.65 2 *, o
s k.- *
055 © A e -8
5 1.61 Y-
A .-
045 3 vy« vV
A i e
0.35 1.4 -
0.25 T T T T T T
1.6 1.8 2.0 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
AG.oy (V)

AG.q - AG.oy (€V)

Figure 4. The OER activities of the metastable structures. (a) Scheme for computing the OER activities of metastable structures. (b) Scaling
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0.29 eV, respectively. The band gaps of Pa3-IrO,, R3 m-IrO,,
and P1-IrO, are approximately 0.6 eV and the band gaps of
P6/mmm-IrO, and P62—IrO, are approximately 1.0 eV while
P3m1-IrO, and P3m1-IrO, possess relatively wider band gaps
of up to 1.94 and 1.74 eV, respectively. The basic information
and physical properties of these eight novel phases are
summarized in Table 1 and Supporting Information, Figure S6.

Last but not least, we perform ab initio calculations to screen
the OER activities of these eight metastable structures under
the scheme of Figure 4a. For each metastable IrO, bulk, we
cleave its six low-index (100), (010), (001), (110), (011), and
(101) surfaces and compare their surface energies to determine
the stable exposed surfaces. (Supporting Information, Table
S4). Then, we choose the two most stable surfaces of each
metastable IrO, and further analyze their surface Pourbaix
diagrams to understand the equilibrium surface structures
under the OER operating electrochemical potentials. (Support-
ing Information, Figure S7). Under an electrochemical
potential of 1.5-2.0 V, it is found that the fully oxygen-
terminated surfaces for all configurations possess the lowest
thermodynamic potential and are selected to investigate the
free energy evolutions of the four elementary reaction steps,
including the O*, OH*, and OOH* intermediates. In total, the
OER activities of 22 surfaces are evaluated along the
conventional adsorbate evolution mechanism. (Supporting
Information, Table S5).

It is universally acknowledged that scaling relationships exist
for the Gibbs free binding energies of the OER intermedi-
ates.”®" The scaling relationships of AGo+ vs AGoys and
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AGpoons vs AGoys are AGgo: = 0.94AGoy+ + 1.36 and
AGgop+ = 1.00AGgoys + 3.00, respectively, in Figure 4b. The
first-order relationships of AGgop+ and AGgy+ are attributed
to the single bond nature of *OH and *OOH on the active
sites, which are in aégreement with previous studies of OER
catalyst materials.””*’ Based on the scaling relations, we
straightforwardly summarize the volcanic OER overpotentials
vs AGox — AGgy+ in Figure 4c and Supporting Information,
Figure S8. A moderate AGo+ — AGgy+ of approximately 1.5
eV, or a AGoy+ ranging from 0.5—1.5 eV, is linked to a low
overpotential. Detailed information about the theoretical
overpotentials and the PDSs is given in Supporting
Information, Figure S9. It is found that the overpotential of
rutile IrO, at the most stable (110) surface is 0.61 V with the
PDS of OOH* — O,, which corresponds to the previous
theoretical and experimental outcomes.'>>** Although rutile
IrO, (101) and (001) surfaces possess better OER perform-
ance with overpotentials of 0.53 and 0.33 V, respectively, the
high surface energies of these two surfaces mean less exposed
surface area for the OER. For a comparison, at the peak of the
volcano is the (011) surface of C2/m-IrO,, and the (100)
surface of P62—IrO,, whose overpotentials are close to 0.3 V at
the most exposed surfaces. The PDSs of C2/m-IrO, (011) and
P62—1rO, (100) surfaces are at O* — OOH* with
overpotentials of 0.33 and 0.30 V, respectively. So, C2/m-
IrO, and P62—IrO, are two promising OER catalyst materials
as their most stable surfaces are more active than those of rutile
IrO,.

Furthermore, in order to reveal the origin of this OER
enhancement, we analyze the electronic properties and find
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that the Bader charges of the Ir active sites are linearly
dependent on AGgy+ (Figure 4d). When the Bader charge of
the Ir atom is approximately +1.4 lel, its AGoy+ is close to 0
eV, indicating a strong OH* adsorption. In contrast, there is
weak OH* adsorption with AGgy- higher than 0.8 eV when
the Bader charge is up to +1.8 lel. The Bader charge of the Ir
atom in rutile IrO, (110) is +1.51 lel, which results in less
oxidation of the Ir atom, thus making the OH* adsorption
stronger. The experiments have confirmed that the closed
characteristic of the (110) surface leads to the less oxidized Ir
atom.®*®® The Bader charges of the Ir atom in P3m1-IrO,, P1-
IrO,, and P3ml1-IrO, range from +1.4lel to +1.6lel, accom-
panied by the strong OH* adsorptions. Therefore, their Ir
atoms are less oxidized compared to the rest with better OER
activities, which could be used to explain the poor catalytic
performance of these metastable structures. On the contrary,
the Bader charges of the Ir atom in C2/m-IrO, and P62—IrO,
are within the range of +1.6lel— +1.8lel, which are observably
higher than that in rutile IrO, (110), indicating more
oxidization of the Ir atoms. The higher oxidation states of
surface Ir atoms could be attributed to the local configurations
of the metastable phases in which the Ir atoms and O atoms of
monoclinic C2/m-IrO, form the compact mixed edge- and
corner-sharing octahedral while the Ir atoms and O atoms of
hexagonal P62—IrO, are located closely along the z direction
and lead to better electron donation in the OER reaction
compared to rutile IrO,, corresponding to the appropriate
adsorption of hydroxyl and easy desorption steps. Therefore,
constructing specific metastable phases to modify the surface
configurations and to increase the oxidation states of surface Ir
atoms is a feasible strategy to improve the catalytic activity of
IrO,-based catalysts.

For the promising C2/m-IrO, and P62—IrO,, we present
more discussion on their OER mechanism and experimental
prospect. Besides the conventional adsorbate evolving
mechanism (AEM), the lattice oxygen mechanism (LOM) is
competitive in the OER.°° We compare the LOM and AEM on
C2/m-IrO, and P62—IrO, in Supporting Information, Figure
S10. It is found that the LOM on C2/m-IrO, is more energetic
favorable OER pathway. The PDS of four-electron OER along
the LOM is at *O — *Hg_g, with the overpotentials of 0.27
and 0.22 V, which are lower than the AEM overpotentials of
0.31 and 0.32 V for (110) and (011) surfaces, respectively. In
comparison, P62—IrO, still favors the AEM. The electronic-
structure descriptor of oxygen p-band center is successful in
describing catalytic activity trends for the OER in a variety of
catalysts.””*® Supporting Information, Figure S11 shows the
projected density of states (DOS) distribution of the O 2p
orbitals in C2/m-IrO, and P62—IrO,. Compared with Rutile-
IrO,, the O 2p-band centers of C2/m-IrO, and P62-IrO,
clearly shift closer to the Fermi level, corresponding to their
higher oxidation states of surface Ir atoms. Meanwhile, there
exists a clear linear correlation between the OER over-
potentials and O 2p-band center, and a higher O 2p-band
center corresponds to a better OER performance. For C2/m-
IrO,, and P62-IrO,, their unique surface configurations
contribute to the reasonable values of O 2p-band center,
thus reaching the ideal OER activity. More importantly, in
recent experimental report by Liao, et al,*” our experimental
collaborators successfully synthesize monoclinic phase iridium
oxide nanoribbon (IrO,NR), which demonstrated better OER
performance than the commercial Rutile IrO,. Our proposed
C2/m-IrO, shows several similarities with the experimental
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IrO,NR. Their space groups are the same C2/m, in which Ir
and O atoms form the [Ir—Og] octahedron with edge-sharing
mode. The intrinsic catalytic activity of IrO,NR exhibits low
overpotential of 205 mV from the linear sweep voltammetry
(LSV) curves, which are close to our calculated overpotentials
of 0.27 V for (110) surface and 0.22 V for (011) surface,
respectively. (Supporting Information, Figure S12).

In summary, we develop a universal self-learning-input deep
learning framework, namely, the crystal graph neural network
(CrystalGNN), for predicting the formation energies of bulk
and two-dimensional materials and it exhibits high prediction
accuracy, and excellent generalization and transferring abilities.
The highlight of our CrystalGNN framework is the
introduction of a dynamic embedding layer to self-update
the atomic features adaptively along with the iteration of the
neural network. Then, we realize an efficient workflow for
accelerating the search for metastable IrO,, where Crystal GNN
learns from a simple structure data set to accurately predict the
properties of complex IrO, structures. Under this workflow, we
discover eight unreported metastable IrO, phases with enough
kinetic and thermodynamic stabilities, which are promising for
synthesis in experiments. Meanwhile, two metastable IrO, with
the space groups of C2/m and P62 are confirmed as
distinguished OER electrocatalysts because the theoretical
OER overpotentials at their most stable exposed surfaces are
much lower than the benchmarked rutile IrO, and reach the
theoretical volcanic limit. Their outstanding OER enhance-
ment originates from the increasing oxidation states of surface
Ir atoms. Our work not only proposes a new deep learning
GNN framework for rapid crystal structure search but also
successfully identifies two promising metastable IrO,, which
provides a targeted guideline for improving OER catalyst
materials.

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/jacsau.2c00709.

Detail introduction of CrystalGNN, hyperparameters of
the model, performance of CrystalGNN, phonon
spectra, molecular dynamics, and band structure of
newly discovered structures, OER activity of newly
discovered structures, comparison of OER mechanism,
density of states, similarities between the experimental
IrO,NR and our proposed C2/m- IrO,, CrystalGNN, is
open-source and available at https://github.com/Aus-
tin6035, and data sets generated during the current
study (PDF)
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