Deep learning the properties of inorganic perovskites
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The ability to accurately and quickly predict the stability of materials and their structural
and electronic properties remains a grand challenge in materials science. Density func-
tional theory is widely used as a means of predicting these material properties, but is known
to be computationally expensive and scales as the cube of the number of electrons in the
material’s unit cell. In this article, for a previously published dataset of inorganic per-
ovskites, we show that a single neural network model using only the elemental properties
of the compounds’ constituents can predict lattice constants to within 0.1 A, heat of for-
mation to within 0.2 eV, and band gaps to within 0.7 eV RMSE . We also compare the
performance of the trained network to two widely used regression techniques, namely ran-
dom forest and Kernel ridge regression, and find that the neural network’s predictions are
more accurate for each of the properties. The simultaneous accurate prediction of multiple
key properties of technologically relevant materials is promising for rational design and

optimization in known and novel chemical spaces.
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I. INTRODUCTION

Rapid screening of the synthesizability and electronic and structural properties of materials is
vital to accelerated materials design and synthesis, especially for energy relevant applications'.
High-throughput computation and machine learning (ML) have assisted the discovery of novel
candidates for battery cathodes?, new and improved catalysts®, NiTi alloys for thermal hysteresis®,
polymer dielectrics for capacitors”, scintillator materials®, and a host of other materials for a vari-
ety of applications. The development and availability of materials datasets has been as important
to this progress as the adoption of best practices from the world of artificial intelligence (AI), ML
and data science, leading to the uncovering of previously unknown correlations, design rules and
predictive models. Deep neural networks provide the ability to train classification and regression
models on medium to large scale datasets with high accuracy’-. In addition, techniques such as
support vector machines, ridge regression, random forests, LASSO and logistic regression have

aided the learning and prediction of material properties while also providing physical and chemi-

cal understanding.

Today, there are various materials databases such as Materials Project (MP), Computational
Materials Repository (CMR), Inorganic Crystal Structure Database (ICSD), Open Quantum Ma-
terials Database (OQMD) and others which are available to the community and provide a wealth
of data and knowledge on large chemical spaces of interest that was unconceivable even 15 years
ago’. One dataset of interest is made available in CMR by LE. Castelli et al.'?, where the struc-
tural, energetic and electronic properties of nearly 19,000 cubic inorganic perovskites have been
computed using density functional theory. All compounds in this dataset exist in the prototype
cubic ABX3 structure shown in Figure 1, where A and B are selected from the pool of 52 elements
highlighted in the periodic table, and X is selected from the pool of 7 possible anions (N3, O;F,
OzN, 0,85, O3, OFN, ONj), which leads to a total set of 52*52*7 = 18,928 compounds. This
dataset has been presented and analyzed in the past to unearth correlations and trends in the heat
of formation and band gap, and to screen for suitable candidates for applications such as water
splitting and transparent shields against corrosion'%'2. Other possible applications of these ABX3
compounds include as absorbers in solar cells and photoelectrochemical cells, as transparent con-
ducting materials for LEDs and solar cells, and as dielectrics, piezoelectrics and ferroelectrics.

While the prediction of material stability in terms of the heat of formation is paramount, it is
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FIG. 1: The prototypical cubic ABX3 structure used for each of the 19,000 perovskites in this
work, and the possible choices for A, B and X highlighted in the periodic table.

crucial for optoelectronic applications to predict the band gap (for instance, a band gap of ~ 1.3
eV is ideal for high solar cell efficiency whereas wide band gaps > 4 eV are suitable for power
electronics) as well as the difference between direct and indirect band gaps, which determines the

nature of optical absorption.

The perovskite dataset described above provides a fertile space for the application of regression
techniques and neural networks, and the testing of different optimization and training schemes
leading to the development of accurate predictive models. Not only can optimized models be
applied for future prediction and screening of completely novel compounds, this exercise helps
create a framework that may be supplemented with fresh data leading to even better models with
minimal tweaking of parameters and without re-training from scratch. In this article, we show
that deep neural networks (DNN) trained on the perovskite dataset can simultaneously predict
four properties of interest, namely the lattice constant, heat of formation, direct band gap and
indirect band gap, with more than 90% accuracy each, and perform better on average for each
property than competing algorithms, random forest regression (RFR) and kernel ridge regression
(KRR). In the following sections, we present our results on training predictive models using DNN,
RFR and KRR, with a description of each technique in terms of dataset splitting and parameter

optimization, followed by a comparison of test set root mean square errors (RMSE).



II. RESULTS
A. Dataset

We reduce the dataset of 19,000 perovskites to only 735 compounds by eliminating all the sys-
tems with a computed direct band gap of zero, which are likely to be unstable and unsuitable for
optoelectronic applications. A visualization of the property ranges of compounds in the dataset
can be obtained from previously published work!%-!2. We split the set of 735 compounds into
training (510), validation (75), dev (75) and test sets (75), which approximately represents a 70-30
training-val/dev/test split. We focus on 4 different perovskite properties here, namely (i) the cubic
lattice constant, (ii) the heat of formation, defined in terms of decomposition of the perovskite
into elemental standard states and other possible phases'!, (iii) the direct band gap, and (iv) the

indirect band gap.

B. Fingerprinting

To train a material — property model given a dataset of (computed) material properties, a key
intermediate step is defining a unique numerical representation of each material in such a way that
(a) it is significantly less expensive to estimate than the property of interest, (b) it is generalizable
to the entire chemical space, in this case the space of cubic ABX3 perovskites, (c) it has fewer
dimensions than the dataset size, and (d) it can be easily mapped to the output (properties) to yield
predictive models. For the chemical space of ABX3 perovskites, we believe a suitable descriptor
or fingerprint is the set of elemental properties of the constituent atoms that reside in the A, B
and X sites. We start with a list of 25 elemental properties each for every element and reduce the
number to 15 after eliminating correlated features, that is, features that show a Pearson correlation
coefficient of > 85% with each other. The list of 15 elemental properties is given in Table I, while
all 25 features for all elements are listed in the SI. Any ABX3 compound is expressed as a 15%5 =
75-dimension feature vector based on the elemental properties of the A atom, the B atom and the

three X3 atoms (for eg., O-O-O for O3 and O-F-N for OFN).
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FIG. 2: A Structure of the neural network used in this study. 115 elemental features are input to
the network. Two hidden layers of 900 and 1200 with a dropout fraction of 0.1 and 0.25 map the
input space to the 4 output properties. B Evolution of training and validation loss as a function of

training epoch

C. DNN model

Our neural network architecture consists of a feed forward fully-connected neural network with
two hidden layers as shown in Figure 2 A. The network takes as input the 75 elemental properties
as described above. The hidden layers consist of 900 and 1200 nodes respectively with ReLU
activation functions. We introduce randomized dropout in each of the hidden layers to mitigate
overfitting by the network. Dropout acts as a regularizer by randomly removing a fraction of the
nodes (including their connections) during training. Such a scheme forces the network to learn
multiple representations of the same input feature space, since the network can no longer rely on
the same nodal connectivity being available during each training batch.!®> The choice of network
hyper-parameters (number of nodes and dropout) was based on a neural architecture search as
described in the next section. We train the network for 500 epochs while monitoring the error on
the validation set at each epoch. We consider the optimized network weights to be the weights cor-
responding to the epoch at which the error on the validation set is the lowest. This early-stopping
of the network’s training mitigates overfitting by ensuring that the network generalizes well to
samples outside of the training data.'* Fig. 2 B shows the evolution of the training and validation

losses as a function of training epoch.



TABLE I: List of 15 elemental properties used as descriptors for A, B and X atoms.

Property

Ionic Radius
Boiling Point
Density
Atomic Weight
ICSD Volume
Electron Affinity
Mendeleev Number
First Ionization Potential
Thermal Expansion Coefficient
Specific Heat Capacity
Thermal Conductivity
Heat of Fusion
Electronegativity
Valence

Oxidation State

D. DNN hyper parameter optimization

To evaluate the influence of different architectures and combination of hyper-parameters on
model accuracy, we use a grid search over the nodes in the network and the fraction of dropped
nodes in each layer. The search space is 4 dimensional over the number of nodes in the first layer
and second layers, and fraction of nodes to be dropped (dropout) in each layer. Each candidate

architecture is trained as described previously and the trained network is then further evaluated
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on the dev set. Fig. 3 shows the performance of different network architectures obtained from
the grid search. The axes of the plot correspond to the RMS errors in predicted lattice constant,
formation energy and averaged RMSE of the predicted band gaps (direct and indirect). Points are
colored by the number of nodes, i.e. size of the network. From the candidate neural architectures
along the pareto front, we choose a hyperparameter set that provides a good balance in accuracy
between the different quantities of interest. Figure 2 A shows the optimized network architecture

obtained through this grid search.
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FIG. 3: Performance of various network architectures evaluated through a grid search. Points are

colored by the number of neurons i.e. size of the network.

E. Performance of the optimized and trained network

We evaluate the performance of the trained, architecture-optimized network over the test set
which has been kept completely distinct from any of the training or architecture optimization.
Figure 4 shows the accuracy of the of the model predictions over the four target properties. We
observe a RMS error of <0.1 A in lattice constant, <0.2 eV in heat of formation and <0.7 eV in di-
rect and indirect band gaps. These errors are less than 10% of the range of values adopted by each

property, which is a reasonable machine learning error and provides confidence for predictions on
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FIG. 4: Performance of the trained neural network on the training and test sets for the four

properties of interest.

F. Comparison to alternative regression techniques: Random forests and Kernel ridge

Next, we compare the performance of the trained network model to two other machine learning
algorithms: random forest regression (RFR) and kernel ridge regression (KRR). Both of these re-
gression techniques have been extensively used in the materials informatics communities to train
accurate predictive models for band gap'®, formation energy'®, dielectric constant® and atomic
forces and energies'’. RFR is based on ensemble learning through decision trees, where each tree
is built using bootstrap samples randomly drawn from the dataset. By optimizing the number of
trees and the number of necessary features, RFR prepares a final predictive model as an ensemble,
provides error bars in predictions based on standard deviation across individual trees, and assigns a
relative importance to the different features. KRR is a similarity-based regression algorithm where
the output is expressed as a weighted sum over Kernel functions, which are defined in terms of the
Euclidean distance between data points (which is a measure of the similarity). We use a Gaussian

kernel in this work, and the hyperparameters that are optimized are the Kernel coefficients and the



Gaussian width.
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FIG. 5: Performance of the trained random forest regression models on the training and test sets

for the four properties of interest.

As seen from Figures 5 and 6, models trained with RFR and KRR yield similar accuracies as
DNNss for the lattice constant and heat of formation, hinting at the good predictability of these
properties and a sufficient diversity in the dataset to capture the variances in both. However,
predictions for direct and indirect band gaps are less accurate than DNN for the same training-
validation-dev-test split. Table II lists the RMSE, R and R? for each model and each predicted
property. The higher band gap accuracy and the ability to predict 4 properties simultaneously
make the DNN models more advantageous than conventional regression models. Accurate band
gap estimates are crucial for screening of materials for solar cells, transparent conductors, and
other related applications, and also provide the opportunity for multi-fidelity and transfer learning
approaches when combined with more modest quantities of high-accuracy (but more expensive)

computational band gaps or experimental measurements. Given the high chemical diversity in the
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dataset (encompassing 52 cation choices across the length and breadth of the periodic table), and
errors in prediction generally reported for such properties in the literature, we find that our neural
network models have a good accuracy and can be used for initial screening of promising materials

prior to the application of more involved and expensive computations as well as experimental

synthesis and characterization.
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FIG. 6: Performance of the trained kernel ridge regression models on the training and test sets for

the four properties of interest.

III. CONCLUSION

In conclusion, using a class of inorganic perovskites as a representative example, we have
demonstrated the use of deep learning to rapidly estimate the stability and electronic and structural

properties of compounds only using information about the compounds’ elemental constituents.
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Model Lattice Formation Direct Gap Indirect Gap
DNN 0.08 0.18 0.66 0.64

RMSE " RFR 006 020 0.75 0.77
KRR 0.04 0.13 0.74 0.73
DNN 091 0.80 0.80 0.86

R? RFR 094  0.78 0.74 0.65
KRR 0.97 0.88 0.73 0.64
DNN 0.96 0.90 0.90 0.94

R RFR 0.97 0.89 0.87 0.81
KRR 0.98 0.94 0.86 0.82

TABLE II: Root Mean Squared Error (RMSE), Coefficient of determination (R?) and Pearson R
for the deep neural net (DNN), random forest (RFR) and kernel ridge regression (KRR) models.

We have compared our deep learning model to widely used ML methods such as random forest
and kernel ridge regression and find that the deep neural network performs as well or slightly
better. While the performance of the DL model and the RFR and KRR models in this work are
comparable, we expect the relative performance of DL models to increase when more training data
is available. Additionally, while we have demonstrated training of a single model to predict four
properties of interest, the model can be extended to predict any number of quantities of interest
provided relevant training data. We also emphasize that a high accuracy of prediction is achieved
by using simply the tabulated elemental properties as descriptors, which means that generating
inputs for new materials takes next to no time at all, and extensions could potentially even be made
to mixed compositions (that is, alloying at cation or anion site) or completely new element choices
using weighted averages of elemental properties. Finally, we expect that similar approaches could
be applied to wide range of compound materials, potentially accelerating the materials discovery

pipeline.
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