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Abstract

Accurate prediction of the properties of crystalline
materials is crucial for targeted discovery, and
this prediction is increasingly done with data-
driven models. However, for many properties
of interest, the number of materials for which a
specific property has been determined is much
smaller than the number of known materials. To
overcome this disparity, we propose a novel self-
supervised learning (SSL) strategy for material
property prediction. Our approach, crystal denois-
ing self-supervised learning (CDSSL), pretrains
predictive models (e.g., graph networks) with a
pretext task based on recovering valid material
structures when given perturbed versions of these
structures. We demonstrate that CDSSL models
out-perform models trained without SSL, across
material types, properties, and dataset sizes.

1. Introduction

Recent years have seen the development of efficient and
accurate machine learning (ML) methods for predicting
properties of crystalline materials using descriptors based
on composition (Ward et al., 2016; Goodall & Lee, 2020;
Wang et al., 2021; Pogue et al., 2023) and structure (Xie &
Grossman, 2018; Chen et al., 2019; Choudhary & DeCost,
2021; New et al., 2022; Ruff et al., 2024). These methods
have demonstrated success across different material classes
and properties (Dunn et al., 2020). They typically rely on
graph networks (GNs) (Battaglia et al., 2018), in which
nodes are atom, and edges capture inter-atom distances.

However, for many properties of interest, the number of
material structures for which a property value is known is
much less than the total number of stable materials that have
a known structure. For example, the Novel Materials Dis-
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covery (NOMAD) computational database (Scheidgen et al.,
2023) contains more than three million materials, and the
Open Quantum Materials Database (OQMD) (Kirklin et al.,
2015) contains more than one million. However, the shear
modulus dataset in MatBench (Dunn et al., 2020) contains
only ten thousand materials. This disparity in relative sizes
will only increase as generative models are increasingly
used to predict novel material structures (Xie et al., 2022;
Zhao et al., 2023; New et al., 2023; Zeni et al., 2024).

In order to make use of these large general-purpose
databases and to avoid needing to invest time and effort
in annotation for properties with little data, a natural so-
lution is self-supervised learning (SSL) (Balestriero et al.,
2023). Unlike traditional supervised learning (SL), in SSL,
models are trained on pretext tasks without need for labels,
and then they are fine-tuned on the prediction task of interest.
SSL has been used widely in conjunction with GNs (Xie
et al., 2023), especially in the context of molecular property
prediction (Hu et al., 2020; Godwin et al., 2022). Some
work has also used SSL for crystalline material property
prediction (Magar et al., 2022; Huang et al., 2024).

Zaidi et al. recently developed a novel SSL method
for molecular property prediction based on structure-
denoising (Zaidi et al., 2023). In particular, they showed that
perturbing the atom positions in a molecule with noise and
then training a model to predict that noise corresponded to
learning an approximate force field for that molecule. This
enabled accurate predictions of varied molecular properties.

In this work, we develop a similar denoising SSL approach
for crystalline structures. Our method, crystal denoising
self-supervised learning (CDSSL), works by perturbing the
position of atoms in a material structure multigraph (Sec-
tion 2.1 and Figure 1) and then trains a model to predict
the original structure’s inter-atom distances (Section 2.2).
In Section 2.3, we demonstrate how to combine CDSSL
with crystal property prediction models for specific predic-
tion tasks. In Section 3.2, we evaluate CDSSL, including
assessments that vary the amount of training data, the ma-
terial class of interest, and the target property. We show
that CDSSL consistently yields more accurate property-
prediction models than those only using SL. In Section 3.3,
we demonstrate that the CDSSL representation space cap-
tures some variation in properties even without finetuning.
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Figure 1. We summarize CDSSL. The node positions of a structure G are perturbed with Gaussian noise to create a structure G. The ML
model hg takes the perturbed structure GG as input and seeks to output the edge embeddings of the original structure G.

2. Methods

2.1. Multigraph representations of materials

Let M be a space of material crystal structures. We
follow the crystal graph convolutional neural network
(CGCNN) (Xie & Grossman, 2018) approach and represent
materials g as directed multigraphs G = (V, E) consisting
of sets of nodes V' = {v} and edges F = {(v,v’, k)}. Each
node v has a node embedding =, € R% and a Cartesian
position vector p, € R3, and each edge (v,v’, k) has an
edge embedding e, ./ 1 € R. Because G describes a peri-
odic tiling of a unit cell, a pair of nodes v and v’ may be
connected by multiple edges, indexed by k = 1,..., K, ..

In the CGCNN multigraph construction, the edge embed-
ding e, ., reflects the distance between v and v': it is a
function of both the node positions p,, and p,- and the edge
index k. Given a material structure, edges (v,v’, k) are
constructed using nearest-neighbor calculations based on
a given structure’s lattice. See Table 5 in Appendix A for
further details on the multigraph representation.

2.2. Crystal denoising self-supervised learning

Figure 1 outlines CDSSL. Given a graph GG, we generate a
perturbed version G of it by perturbing each node’s position
with Gaussian noise p, ~ N (p,,o2I), for some variance
o2. Note that, compared to G, G has the same nodes, node
embeddings, and edges, but different node positions and

edge embeddings.

Let hg : G — {yu, .k} be a neural network (NN), parame-
terized by a vector 6, that maps a graph G to a set of scalars
{év,v" 1}, one for each of G’s edges. Then we define the
CDSSL pretext task as the following minimization problem:

0 = argnbinIEp(élg)p(G) [th(é) _EHT e

Here, p(G) samples graphs G from the training set,
p(G|G) generates perturbed graphs, the loss is calculated

as ||hg(G) — E||* = 3, 1 [owk — € i|*, and E is
the set of normalized edge embeddings for G:

_ B €y k — mean{e, ., 1}
E = e} =4 w2
{evarnd { Std {eymr 1} } &

When every edge of a graph G has the same embedding, we
set each entry of E to 0.

We present an interpretation of eq. 1. If the training set
consists of structures at equilibrium, then the perturbation
moves them away from locally minimizing the potential
energy distribution. Thus, a model hy that solves eq. 1
has learned to identify small shifts €, . ; that move a non-
equlibrium structure into equilibrium. As has been argued
in previous work for non-periodic molecules (Zaidi et al.,
2023), learning this task of predicting equilibrium structures
for arbitrary materials is equivalent to learning to minimize
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general interatomic potential functions. This justifies why
we expect such an hy to have learned a general-purpose
representation of materials space.

The CDSSL noise hyperparameter scale o requires tuning.
If it is too small, then the perturbed edge distances &, .- j
are too similar to the original edge distances e, , 1, and
CDSSL pretraining objective (eq. 1) is minimized when the
network hg memorizes the training set structures. If o is too
large, then the perturbed G is too different from the original
structure G for the objective to be minimizable. Here, we
show results only for a single value of o and leave further
exploration to future work.

The construction of the CDSSL pretext task is independent
of the precise form of hy. All that is required of hg is
that it can ingest node and/or edge embeddings and output
per-edge quantities. This means that CDSSL can be used
in conjunction with general structure-based property pre-
diction architectures, such as CGCNNs (Xie & Grossman,
2018), MatErials Graph Networks (MEGNets) (Chen et al.,
2019), universal material graph with three-body interactions
neural networks (M3GNets) (Chen & Ong, 2022), atom-
istic line graph neural networks (ALIGNNs) (Choudhary &
DeCost, 2021), crystal Hamiltonian graph neural networks
(CHGNets) (Deng et al., 2023), or others.

2.3. Crystal denoising with MEGNets

In this work, we focus on using MEGNets as the base for
hg. We summarize our approach in Figure 2. The MEGNet
graph convolution is defined by:

{zo}o, {evwk}) = (@} ok}, 8), ()

where £, are node-level output vectors, 4, ., are edge-
level output vectors, and § is a graph-level output vector.
During pretraining, we map edge-level output vectors to
predicted edge embeddings é,, . j with a linear layer:

Linear(uy o k). 4)

Ev'k =

When finetuning a pretrained model for a property predic-
tion task, we follow typical practice for MEGNets and use
Set2Set (Vinyals et al., 2016) modules to aggregate {Z, }
and {4, . 1} into single vectors, and then we predict prop-
erties y with multi-layer perceptrons (MLPs):

g = MLP(Set2Set({Z,}), Set2Set({ty o' k}), §). (5)

We jointly train the MEGNet module, the Set2Set modules,
and MLP for a target property, using the mean-squared error
(MSE) of standardized property values as the loss.

3. Results
3.1. Evaluation details

We rely on Materials Graph Library (MatGL) (Ko et al.,
2021) for general data ingestion and loading procedures
and for the MEGNet (Chen et al., 2019) implementation.
In particular, this leverages pymatgen (Ong et al., 2013)
to ingest crystallographic information files (CIFs). The
pymatgen structures are then converted into Deep Graph
Library (DGL) (Wang et al., 2020) multigraphs.

We evaluate CDSSL on a variety of scalar regression mate-
rial property-prediction tasks provided by MatMiner (Ward
et al., 2018)'. The dataset, dataset size, and target prop-
erty are given in Table 1. We use the matbench_mp_e_form
dataset (which contains 132,752 structures) as the train-
ing set for pretraining with CDSSL. Further details on the
datasets are in Table 6 in Appendix A.

All hyperparameters for pretraining and training are in Ap-
pendix A. We pretrain and train with Adam (Kingma &
Ba, 2014); MEGNets use SoftPlus2(x) = log(exp(z) +
1) — log(2) activation. We set the CDSSL noise scale to
o = 0.5, which we chose after experimentation using mat-
bench_log_grvh as the pretraining and evaluation dataset.

SSL is especially relevant in the setting where the amount
of available labeled data is very small. Thus, we evaluate
CDSSL in both low-data and high-data settings. Specifically,
we vary the training dataset size to be between 10% and
70% of the total dataset size (in increments of 10%).

Dataset Size Property
boltztrap_mp 8,924 s-n
dielectric_constant 1,056 log10(poly_total)
jarvis_dft_2d 636 exfoliation_en

matbench_log_gvrh 10,987 logl0O(G_-VRH)

matbench_log_kvrh 10,987 log10(K_-VRH)
matbench_perovskites | 18,928 e_form

matbench_phonons 1,265 | logl0(last phdos peak)
matbench_mp_e_form | 132,752 Not used

Table 1. The dataset name, size, and target property used in our
evaluation of CDSSL. The matbench_mp_e_form dataset is used
only for pretraining and not for property prediction. Datasets range
in size from less than a thousand structures to tens of thousands
of structures, and target properties include mechanical, electronic,
and thermodynamic quantities.

3.2. Evaluation results

We use the matbench_mp_e_form dataset for pretraining a
MEGNet with CDSSL, with 80% for training and 20% for
validation. In Figure 3, we show that the CDSSL pretraining

'https://hackingmaterials.lbl.gov/
matminer/dataset_summary.html
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Figure 2. We summarize the application of our CDSSL framework to a property prediction task. In the top row, a MEGNet is trained to
denoise crystal structures (Figure 1 and eq. 1) with predicted edge embeddings €, .’ . Once the MEGNet module has been trained, we
can finetune it on property prediction. This entails passing the node-level outputs ., edge-level outputs .., x, and graph-level output 5
through Set2Set (Vinyals et al., 2016) modules to output the predicted property 7.

task can be solved over the course of training and demon-
strates no evidence of overfitting. However, it has some
instability in later epochs. Thus, when finetuning CDSSL
models on SL tasks, we identify the checkpoint that attained
minimal pretraining loss and use that as the initial model.

Figure 4 shows the results of our study. In particular, MEG-
Nets finetuned after pretraining with CDSSL achieve lower
evaluation error than MEGNets trained only with SL in 37
out of the 49 (dataset, dataset size) configurations. This is
an improvement in error across a wide variety of material
classes, dataset sizes, and material property types. This
suggests that a model pretrained with CDSSL could be the
basis for general-purpose material property prediction.

3.3. Assessing the CDSSL representation space

Our hypothesis for why CDSSL works is that the pretext task
(eq. 1) enables hg to learn a general representation of materi-
als space. To test this hypothesis, we assess the quality of the
CDSSL’s learned representation for prediction tasks with-
out additional fine-tuning. In particular, we choose 4,096
points from the validation split of matbench_mp_e_form and
calculate their CDSSL embeddings:

z = Concat (mean,{&, }, mean, , g{tyv k}, 5) (6)
where &, 1, . 1, and § are the outputs of the MEGNet graph
convolution module, as in Section 2.3.

We can estimate how informative the CDSSL represen-
tation space is for material properties by using a linear
probing strategy (Balestriero et al., 2023). We use 80%
of these points to train ridge regressors to predict the log-
transformed structure densities and volume, as calculated
by pymatgen (Ong et al., 2013). We find that the density-
prediction regressor attains an R2 of 70.3%, and the volume-

Quantity
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Figure 3. We show metrics from pretraining a MEGNet with the
CDSSL pretraining objective. Training yields slow but consistent
decreases in both the training loss (eq. 1) and the MAE of the
ho(G) — E quantity (for both the training and validation set).
MAE:s for the training and validation set overlap, indicating that
overfitting is not happening. The CDSSL pretraining task retains
instabilities during training, as evidenced by the jump in metrics
and gradient norm of the loss at the end of training.

prediction regressor attains an R? of 75.6%.

These results show that, even without the additional expres-
sivity granted by MEGNet’s Set2Set modules, the CDSSL
pretraining task enables models to learn representations of
materials space. In Figure 5, we present additional evidence
for this claim, where we use uniform manifold approxi-
mation and projection (UMAP) (Mclnnes et al., 2020) to
visually show that the CDSSL space captures variation in
material density.
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Figure 4. We demonstrate the effects of using CDSSL vs. SL across a variety of datasets and dataset sizes. Each bar reports error on
the evaluation set, averaged over 3 data splits and network initializations, and error bars show standard errors in estimating that mean
accuracy. The model finetuned after CDSSL has a lower error than the SL model in 37 out of 49 (dataset, dataset size) configurations.

Figure 5. We use UMAP (Mclnnes et al., 2020) to learn a reduced
representation of the matbench_mp_e_form dataset used for pre-
training with CDSSL (eq. 6). We shade points by their corre-
sponding structure’s density. Within the reduced representation,
structures with similar densities are near each other. This suggests
that the representation space learned via CDSSL has captured gen-
eral notions of material properties. Error metrics are reported in
the unit of each dataset’s property.

4. Discussion

In this work, we have introduced a novel method, CDSSL,
for pretraining material property-prediction models. Our
method works by taking a crystal structure, perturbing the
positions of its constituent atoms with noise, and then task-
ing the predictive model to recover the structure’s original
edge embeddings. This enables the predictive model to
learn a general, property-agnostic representation of material
structure space. CDSSL is generally applicable to structure-
based property prediction models, but here we focused on
the MEGNet (Chen et al., 2019) architecture.

We showed that using CDSSL for pretraining MEGNets
yielded an increase in accuracy across a variety of datasets
and material properties, compared to a MEGNet trained only
with SL. However, we believe further work can enhance the
effectiveness of CDSSL. In particular, modification of the
CDSSL training loss might make its minimization process
more stable. Such modification might come from the devel-
opment of theory that can rigorously link the denoising task
to statistical mechanics.
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A. Supplemental data

Hyperparameter Value
Perturbation scale o 0.5
hidden_ layer_ sizes_input (128,64)

hidden_layer sizes_conv | (128,128,64)
hidden_layer_sizes_output (64, 32)
dim_node_embedding 16
dim_edge_embedding 100
dim_state_embedding 2
n_blocks 3
nlayers_set2set 1
niters_set2set 2
Optimizer Adam
Activation SoftPlus2
Minibatch size 256
Number of epochs 4096

Table 2. Hyperparameters used when

pretraining models. See

the MatGL (Ko et al., 2021) documentation for details on what
MEGNet-specific hyperparameters mean.

Hyperparameter Value
hidden_ layer_ sizes_input (64, 32)
hidden_layer_sizes_conv | (64,64, 32)
hidden_layer_sizes_output (32,16)
dim_node_embedding 16
dim_edge_embedding 100
dim_state_embedding 2
n_blocks 3
nlayers_set2set 1
niters_set2set 2

Table 3. Hyperparameters used for the MEGNet model trained

from scratch. See the MatGL (Ko et al.

, 2021) documentation for

details on what MEGNet-specific hyperparameters mean.

Hyperparameter Value
Optimizer Adam
Activation SoftPlus2

Number of epochs 96
Learning rate le—3
Minibatch size 128

Table 4. Hyperparameters used both by the MEGNet model trained
from scratch and the model finetuned after pretraining.

Parameter | Setting
Cutoff distance for edge construction 5
# of centers in Gaussian radial expansion 100
Width of Gaussian functions 0.5

Table 5. Parameters used when constructing multigraph represen-

tations of material structures.
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Dataset Property Property description
boltztrap_mp s-n n-type Seebeck coefficient
dielectric_constant poly_total average of eigenvalues of total contributions to the dielectric tensor
jarvis_dft_2d exfoliation_en exfoliation energy
matbench_log_grvh g_vrth Voigt-Reuss-Hill average shear modulus
matbench_log_kvrh k_vrh Voigt-Reuss-Hill average bulk modulus
matbench_perovskites e_form Heat of formation
matbench_phonons last_phdos_peak Frequency of the highest frequency optical phonon mode peak

Table 6. The target property for each dataset used in our studies. More details are available at MatMiner (Ward et al., 2018) (https:
//hackingmaterials.lbl.gov/matminer/dataset_summary.html).
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