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Graph neural networks (GNNs) have proven effective in understanding and predicting
diverse material properties, even when working with limited datasets. An important step in
training GNN is to use an appropriate and informative graph embedding that can adequately
represent the structural and compositional information in the chemical space. Current graph
embeddings consist of composition and structure-agnostic element-level encodings, which are
static in nature. This makes it challenging to differentiate between different compounds on
the element level, especially for datasets with limited data size, thereby relying more on

the complex input and architecture for model training. Here, we present a novel framework
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for GNN-based prediction tasks that use dynamic embedding to significantly improve the
models’ predictive ability on materials properties with limited data size. We evaluated the
proposed framework on multiple materials datasets across various domains to find that the
model trained using dynamic embedding outperforms the models trained using conventional
static embedding and features obtained using a pre-trained model. The proposed framework

holds significant potential for expediting artificial intelligence (AI)-driven materials discovery.

Introduction

The field of materials science has experienced an increasing utilization of artificial intelligence
(AI) and machine learning (ML) methods, boosting the development of various data-driven
models for forward ' and inverse design problems. * % Among these methodologies, graph
neural networks (GNNs), in particular, have become increasingly sought-after owing to their
ability to aid the discovery process of novel materials and molecules for various applica-

tions 710

. In recent years, the development of fast and efficient GNN models for forward
predictive modeling of materials properties with desired properties has arguably received
the most interest for its potential to accelerate materials design 12, Broadly speaking, the
quality of the predictive model trained using GNN depends on several factors, including the
capability of the model architecture to effectively extract relevant information from the input
data, the amount of data available for training the model, and the meaningful information

contained within the graph embedding used to represent the chemical compound. There has

been ongoing research to improve the model’s performance by taking one or more of these
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factors into consideration 3715,

Various works have attempted to improve the performance of the GNN model by
modifying the architectures used for predicting material properties such as Crystal Graph
Convolutional Neural Networks (CGCNN) ¢ Representation Learning from Stoichiome-
try (Roost) 7, SchNet '8 MatErials Graph Network (MEGNet) 1°, DimeNet++ 2°, and
Atomistic Line Graph Neural Network (ALIGNN) 2!. Several works have also attempted
to improve the performance of the model when dealing with limited datasets??, either via
materials property specific feature engineering performed before training the model 2327

or utilizing the knowledge learned from a trained model on a large dataset to boost the

performance of the small dataset using advanced data mining techniques such as feature

28-30 31-33

extraction and architectural optimization . Additionally, graph-based descriptors
and topological index methods have been widely developed for molecular systems, including
benzenoid hydrocarbons and molecular trees, with well-known indices such as the Zagreb
and Szeged indices. However, these approaches are primarily designed for specific classes of
organic molecules characterized by well-defined molecular graphs. Consequently, there is less
visibility of works that focus on developing informative input descriptors in the form of graph
embeddings for the GNN designed for solids with well-defined structures. Conventionally, a
crystalline material, when represented as a graph, comprises of nodes corresponding to con-
stituent atom features and edges corresponding to bond features. As the fundamental node
and edge information available to use are limited 3*, recent works have tried to improve the

model performance by incorporating more information (such as angle-based information 2!+3%)
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or implementing complex components in the model architecture. Moreover, publicly used
and available graph embeddings often use atom-level encodings that are composition and
structure agnostic. This means that the embeddings represent individual atoms (such as Co
or O) the same way, regardless of the molecule’s overall structure or complexity 3637, For
example, the atom-level embedding for cobalt (Co) in a simple molecule like Co304 (cobalt
oxide) would be identical to that in a more complex structure like LiCoOy (lithium cobalt
oxide). This uniform representation does not take into account how the atom’s bonding
environment or the molecule’s composition might affect its chemical properties, which can
limit the expressiveness of the embeddings. Additionally, these uniform representations can
be problematic, particularly when working with properties that depend heavily on the pre-
cise chemical environment, such as electronic, mechanical, or thermal properties. This issue
becomes more pronounced when large, diverse datasets are unavailable for model training,
as the models have fewer opportunities to effectively extract relevant information. Thus, the
problem is not just the structure-agnostic nature of the embeddings, but also the challenge
of training effective models in low-data regimes, where simple model training frameworks

may not be able to compensate for these limitations.

In this work, we present a novel framework that uses composition and structure aware
element-level encodings to represent a chemical compound in a graph neural network (GNN)
to improve the predictive performance of the model for materials properties with limited
data size. The workflow comparison of the traditional and proposed approach for training

graph neural networks is shown in Figure 1. Here, we first apply a GNN architecture that
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Figure 1: Comparison of traditional static embedding and proposed dynamic embedding
approaches for materials property prediction. (a) Traditional approach: Pre-defined static
embeddings are retrieved from pre-calculated look up table. Each element (e.g., Co, Li,
O) has identical embedding vectors regardless of its structural environment, resulting in
the same representations despite their different crystal structures. (b) Proposed approach:
Dynamic embeddings are extracted from a pre-trained structure-aware ALIGNN model that
processes atomic positions, bond lengths, and bond angles. Each element receives different
embedding vectors depending on its local struetural environment, enabling the same element

(e.g., Co) to have distinct representations in different materials (Co304 vs. LiCo02).
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incorporates composition and structure information as model input to capture the under-
lying chemistry associated with the existing large data containing crystal structures. The
resulting model is then used as an embedding extractor to extract dynamic graph embed-
dings to represent each input of the target dataset. We use an ALIGNN 2! model as the
embedding extractor, as it takes atom, bond, and angle-based information as the model
input and has been shown to learn meaningful information from large materials datasets 3%.
The ALIGNN-based embedding extractor consists of one embedding layer, followed by four
ALIGNN layers and four GCN layers, all connected in a linear sequence. This structure re-
sults in a total of nine embedding layers. While the ALIGNN 2! work focuses on learning the
chemistry between elements in compounds using conventional CGCNN embeddings (static),
our method leverages this learned chemistry from ALIGNN to extract more meaningful rep-
resentations (dynamic). These representations are expected to better capture interactions
and be more effective for downstream tasks. For training the target model, we use Roost 7
as it takes element-level graph embedding as the model input and has been shown to out-
perform various deep learning (DL) models for training materials properties with limited
data points. We compare models trained using the proposed framework with models trained
using conventional static embedding and methodologies that use embedding and/or features
obtained using a pre-trained model. As, the performance difference between the models
trained on the GNN and the conventional DL architectures are already explored in %, here

we mainly compare the results with models trained on the conventional static embedding

and methodologies that use embedding and/or features obtained using a pre-trained model.
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We observe that the proposed framework can readily accommodate the continuously ex-
panding datasets and evolving model training techniques, facilitating further enhancements
to the models. These improvements are anticipated to aid materials science researchers in

39-41 This can enable more reliable and accu-

effectively leveraging data mining techniques
rate screening and identification of potential material candidates, thereby accelerating the

materials discovery process.

Results

Datasets We use two datasets of density functional theory (DFT)-computed properties in
this work: Materials Project (MP) *? and Joint Automated Repository for Various Integrated
Simulations (JARVIS) 4341 MP dataset was downloaded from 2! and the JARVIS dataset

from the following figshare link https://figshare.com/collections/ALIGNN_data/5429274.

The MP dataset with Formation Energy 2! is used to train embedding extractor model,
which is then used to extract dynamic embedding and train small target datasets, which
correspond to materials properties with limited data points, to improve their predictive
performance. Formation energy is selected as the materials property as it has shown to learn

28,38 Materials properties in the

to meaningful representations from large source datasets
JARVIS datasets are used to train target model. Once trained, the target model is used to

make predictions and evaluate material properties for compounds in holdout test set. We use

dataset without structural polymorphs for a few of the analyses by keeping the most stable
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structure available in the database, i.e., data entry corresponding to the lowest formation
energy among all compounds with the same composition. The target datasets are randomly
split into training, validation, and holdout test sets in the ratio of 80:10:10 with a fixed
random seed. The data size corresponding to each materials property in the two datasets
are shown in Supplementary Table 1, modifications applied to certain materials properties
within the target dataset to align with the model input are shown in Supplementary Table
2, and data distribution for training and test sets for all properties of JARVIS dataset are
shown in Supplementary Figure 1 (a) to (ar). We use mean absolute error (MAE) as the
primary evaluation metric for all models. Due to the extensive range of materials properties
examined in this study and the constraints posed by limited computational resources, we
did not explore the aleatoric uncertainty resulting from the random initialization of the
models. Additionally, since the performance differences between models trained directly
on pre-trained GNNs and those trained via transfer learning—using either fine-tuning or
extracted features—have already been explored in prior work %4546 our focus is primarily on
comparing downstream models. Specifically, we evaluate models trained using conventional
static embeddings against those utilizing embeddings or features derived from pre-trained

models.

Dynamic Embedding Extractor We use a structure-aware GNN-based architecture,
ALIGNN 2! as the base architecture to train the embedding extractor and extract dynamic
embedding as it takes atom, bond, and angle based information as the model input and has

been shown to learn meaningful information from the large materials datasets using crystal
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Figure 2: Outline of the operation performed to create dynamic embedding from ALIGNN-
based embedding extractor. The embedding comprises of 256 vector dynamic representation
of elements. We take element-wise mean (depicted with @) of embeddings for the compound
with multiple atoms for the same element. The final set of embeddings are used as an input

to the graph neural network.

structure information as the model input 2*. For the initial set of input features used to
train ALIGNN, please refer to the publication ?'. To extract embeddings from ALIGNN, we

design a novel ALIGNN-based Embedding Extractor, shown in Figure 2.

The structure file containing information on the atomic positions and lattice geometry
of a chemical compound is divided into atom, bond, and angle based encodings before being
fed into an ALIGNN-based embedding extractor, where we perform embedding extraction.
The ALIGNN-based embedding extractor consists of one embedding layer, followed by four
ALIGNN layers and four GCN layers, all connected in a linear sequence. This structure

results in a total of nine embedding layers. We extract the element-level encoding before

and after the ALIGNN and GCN (Graph Convolution Network) layers in the ALIGNN ar-
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chitecture. We call these encodings dynamic embeddings as they vary depending on the
layer they are extracted from and for each element in every compound. After performing
embedding extraction, we obtain nine sets of dynamic embeddings, each with a unique 256-
vector atom-level representation of the elements of the chemical compound. Due to the
nature of the model architecture, all the embeddings extracted from the embedding extrac-
tor contain atom, bond, and angle based structure information. For a detailed explanation
of the pre-processing of the structure-based encoding associated with the embedding ex-
tractor, please refer to the methods section. Note that the concept of dynamic embedding
representations—where features extracted from a neural network are used for downstream
tasks—has been explored in recent years, existing methods predominantly employ frame-
works that extract one-dimensional embeddings which can only be used with feed-forward
neural networks 2%47 to train models for the downstream tasks. Our work distinguishes
itself by introducing a framework that extracts atom-wise dynamic embedding representa-
tions, which are then utilized as inputs for a GNN which requires a more complex form of
input for model training. To the best of our knowledge, no previous work has employed this
approach, making our framework novel in its application of atom-level embeddings to GNN
architectures for enhanced structural representation and improved predictive performance
on the downstream task. We show the difference between the traditional framework and

proposed framework for feature extraction in Figure 3.

Next, we perform model training using the above-defined set of embeddings as input

t17

for the deep graph neural network where we use Roost ** as the base architecture as it takes

10
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Figure 3: Workflow comparison of the traditional and proposed framework for feature ex-
traction. Traditional methods predominantly employ frameworks with one-dimensional em-
beddings as the final output which can only be used with artificial neural networks (ANN)
to train models for the downstream tasks. Our proposed framework extracts atom-wise dy-
namic embedding representations, which are then utilized as inputs for a GNN which requires

a more complex form of input for model training.

element-level graph embedding as input for model training. We use the formation energy of

the JARVIS dataset as the materials property for the property prediction task.

Table 1 shows that, in general, dynamic embeddings obtained from the last layer of
the GNN architecture perform better than other layers. Hence, for the rest of the analysis,
we only use the dynamic embedding extracted from the last layer to perform model training

on the target datasets.

Static Embedding vs. Dynamic Embedding Here, we compare the performance of the
model trained on dynamic embeddings against conventional static embeddings using multiple
target properties in the JARVIS dataset. For static embeddings, we use OneHot, Magppie 5,

CGCNN 6 MEGNet 2, Mat2Vec 4° and Matscholar *° representations to train the target

11
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Table 1: The table shows the test mean absolute error (MAE) when run on embeddings ex-

tracted from different layers of embedding extractor on formation energy of JARVIS dataset.

Layer Number Validation MAE (eV /atom) Test MAE (eV /atom)
1 0.107 0.108
2 0.068 0.068
3 0.061 0.059
4 0.057 0.055
5 0.051 0.049
6 0.047 0.046
7 0.046 0.045
8 0.047 0.045
9 0.045 0.043

model which are shown to be meaningful high-dimensional representations of chemical ele-
ments 3*. OneHot and Magpie *® embeddings only take composition-based information into
consideration. CGCNN 6 and MEGNet ' embeddings are derived from crystal graph convo-
lutional neural networks trained to predict materials properties using structure information
contained in crystalline materials as input. Mat2Vec *° and Matscholar ®° are literature word
embeddings obtained by using over 3.27 million materials science related abstracts. While
OneHot and Magpie utilize domain-driven feature engineering, CGCNN, MEGNet, Mat2Vec,
and Matscholar use atom-level embeddings obtained from pre-trained models, representing a
form of transfer learning. Note that all models use Roost as the base architecture for training
with the respective embeddings (i.e., they correspond to OneHot+Roost, CGCNN+Roost,
etc). Interested readers can refer to their respective publications for more details. Table 2
presents the prediction accuracy for 44 target materials properties trained on different sets

of embeddings.

Table 2 indicates that models trained using dynamic embedding significantly outper-

12



Table 2: The table shows the test MAE, and % error change between proposed and best
performing static embedding for each of the target materials properties trained on different

sets of embeddings using Roost for the prediction task of “Static Embedding v/s Dynamic

Embedding”.

Property Data Onehot Magpie CGCNN MEGNET Mat2Vec Matscholar Dynamic % Error
Size [39] [16] [19] [40] [41] (proposed) Change
Eg OPT (eV) 39760 0.227 0.223 0.239 0.224 0.229 0.219 0.172 -21.5
Ef (eV /atom) 39760 0.090 0.086 0.092 0.093 0.087 0.086 0.043 -50.0
KLU (A) 39578 12.19 11.86 12.25 12.24 12.08 11.65 10.47 -10.1
Ehull (eV/atom) 39487 0.051 0.052 0.062 0.054 0.051 0.052 0.097 90.2
Encut (eV) 39461 148.6 144.9 148.4 142.4 146.0 140.4 136.5 -2.8
Magoszi (np) 37574 0.446 0.438 0.470 0.438 0.442 0.429 0.342 -20.3
Magout (up) 37932 0.548 0.565 0.574 0.547 0.545 0.531 0.452 -14.9
Epsx 31227 29.34 28.68 29.28 28.94 28.72 27.60 22.85 -17.2
Epsy 31227 29.09 28.66 28.77 28.87 29.08 27.65 23.03 -16.7
Epsz 31227 28.10 27.75 27.87 28.47 28.18 27.02 22.26 -17.6
PPF (uW'anlez) 16443 568.8 525.0 545.5 527.6 553.9 521.9 470.2 -9.9
NPF (;LW'rn_lK_2) 16443 570.9 552.8 543.1 543.4 558.4 534.8 496.8 -7.1
NSB (uV/K) 16387 57.31 57.28 56.75 54.92 55.49 53.91 42.53 -21.1
PSB (uV/K) 16400 64.81 63.04 63.38 60.88 64.21 59.04 49.01 -17.0
Nem300k (mq) 15252 0.400 0.417 0.407 0.412 0.422 0.408 0.371 -7.3
Pem300k (mq) 14364 0.686 0.656 0.645 0.624 0.671 0.617 0.475 -23.0
ETC33 (GPa) 13195 45.07 45.22 43.51 44.92 43.60 43.44 34.22 -21.2
ETC22 (GPa) 13098 43.59 41.78 42.71 40.95 40.86 41.34 32.79 -19.8
ETC11 (GPa) 13107 44.59 43.26 42.79 42.69 42.58 41.59 34.23 -17.7
BulkKV (GPa) 12789 18.60 18.21 18.46 19.22 17.46 17.31 13.74 -20.6
ETC13 (GPa) 13056 18.55 18.16 17.84 17.80 18.08 17.30 15.10 -12.7
ETC12 (GPa) 12895 22.11 20.85 21.91 21.61 20.67 20.62 17.61 -14.6
Poisson 12676 0.234 0.236 0.222 0.204 0.223 0.230 0.187 -8.3
ShearGV (GPa) 12179 13.75 12.82 12.86 12.87 13.00 12.77 9.89 -22.6
Eg MBJ (eV) 12281 0.410 0.379 0.401 0.369 0.371 0.345 0.285 -17.4
ETC44 (GPa) 11863 18.98 18.76 18.27 18.14 17.96 17.98 14.34 -20.2
AvgME (electron mass unit) 12637 0.100 0.103 0.098 0.111 0.099 0.097 0.083 -14.4
AvgMH (electron mass unit) 12637 0.164 0.162 0.170 0.161 0.176 0.159 0.130 -18.2
ETC55 (GPa) 11673 16.61 16.50 16.26 15.34 15.46 15.41 12.40 -19.2
ETC66 (GPa) 11538 17.14 16.51 16.49 16.36 16.48 16.31 12.79 -21.6
Mepsx 11380 32.79 32.26 31.59 30.94 32.00 30.62 27.36 -10.6
Mepsy 11380 32.65 30.93 31.25 30.61 31.14 31.50 26.62 -13.0
Mepsz 11380 30.59 29.59 30.25 31.30 30.37 28.91 25.02 -13.5
MaxM (Crn_l) 9156 55.51 50.72 53.38 54.17 52.65 55.19 41.63 -17.9
MinM ((:771,71) 8644 21.55 20.03 20.68 20.34 19.87 20.56 14.95 -24.8
MaxEFG (1021 Vm72) 7286 32.33 30.58 28.83 30.08 30.23 29.52 23.27 -19.3
Spillage 8755 0.415 0.398 0.407 0.394 0.402 0.406 0.343 -12.9
SLME (%) 5877 6.479 5.900 5.764 6.289 5.867 5.700 4.948 -13.2
PMEij (0171_2) 2711 0.134 0.116 0.133 0.118 0.129 0.127 0.112 -3.4
PMDi 2649 20.63 19.05 18.60 18.63 18.83 19.41 16.07 -13.6
PMDIiEIl (e171) 2592 2.959 3.167 3.410 3.184 2.866 2.948 2.631 -8.2
PMDilo (e11) 2496 3.864 3.516 3.399 3.841 3.434 3.465 3.037 -10.7
PMDij (L"m.71) 1885 8.878 8.702 7.9001 3 8.461 7.954 7.763 5.771 -25.7
Exfoli (meV /atom) 499 48.83 42.86 47.26 42.83 43.37 40.78 40.62 -0.4
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form the models trained using conventional static embeddings in 43/44 cases, i.e., in ~ 98 %
of the cases. Although we observe improvement across all the target materials properties,
the most improvement (i.e., &~ 50 %) is shown with the formation energy as the target
property (0.086 to 0.043 eV /atom). The improvement can be attributed to the fact that
the embedding extractor was trained using the formation energy as the materials property.
The proposed model performed worse only for Ehull as the materials property. Ehull is
unique among our tested properties as it represents relative stability rather than an intrinsic
material property. It measures the energy difference between a compound and the thermo-
dynamically stable phase-separated state. This relative nature may explain why embeddings
trained on absolute formation energy do not transfer as effectively. It would be interesting to
explore why the proposed framework performed worse only for Ehull by analyzing its relation
with the embeddings in future work by training embedding extractors directly on convex-
hull-related objectives or by using multi-task learning frameworks that jointly optimize for
both absolute and relative thermodynamic properties. Overall, the results illustrate that the
embedding extractor can learn and extract useful and widely applicable embeddings during
model training on source data and improve the performance of the target model trained on

materials properties with limited data size.

Comparison Against Other Methods In this section, we investigate the performance
of the proposed framework against other well-known deep neural networks and methodolo-
gies that use embedding and/or features obtained using a pre-trained model to improve the

performance of the model for small datasets, i.e., CrabNet 5!, and AtomSets 5. CrabNet °!

14
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9 as input representation with attention-based

uses literature word embedding mat2vec *
network to train the model. AtomSets 4> comprises compositional and structural descrip-
tors extracted from pre-trained MEGNet ' model. These features serve as input to train
conventional DL models, thereby implementing transfer learning similar to the approach
proposed in this work. We also compare the proposed framework with conventional deep
learning (ElemNet 47) and traditional machine learning (AutoML ®?) models. As they require
one-dimensional vector representation as input, we use elemental fraction (EF) 47 physical
attributes (PA) ¥, and atom-wise averaged value of dynamic embedding as the inputs to
the model. As we have multiple trained models for AtomSets, ElemNet, and AutoML, we

use the model with the least test MAE to compare the performance in Table 3 and show the

rest of the results in Supplementary Tables 3, and 4.

Table 3 indicates that models trained using dynamic embedding outperform other
embedding and/or features based methods in 33/44 cases, i.e., in &~ 75 % of the cases. For
the remaining 11 properties, the model trained on ElemNet using atom-wise averaged value
of dynamic embedding performed the best for 7/11 cases. It is interesting that the methods
that incorporate dynamic embedding in one form or another can outperform other methods
in 40/44 cases, i.e., in & 91 % of the cases. We also observe close error values for some of
the materials properties between the proposed method and ElemNet trained using atom-
wise averaged value of dynamic embedding. However, as both the models are trained using
default hyperparameter settings, the proposed methods train for 250 epochs, and ElemNet

trains with patience of 100 epochs (i.e., stop the model training if the validation loss does not

15



Table 3: The table shows the test MAE, and % error change between proposed method
and (1) best performing existing method and (2) method using embedding extracted from
ALIGNN as input for each of the target materials properties trained on different models for

the prediction task of “Comparison Against Other Methods”.

Existing Embedding % Error % Error
Property Data | CrabNet | AtomSets | AutoML | ElemNet Dynamic Change Change
Size [42] [36] [43] [38] (proposed) (Existing) (Embedding)

Eg OPT (eV) 39760 0.302 0.237 0.283 0.171 0.172 -27.4 0.6
Ef (eV/atom) 39760 0.108 0.066 0.075 0.043 0.042 -36.4 -2.3
KLU (A) 39578 10.50 12.10 10.62 10.23 10.47 -0.3 2.3
BEhull (eéV/atom) 39487 0.089 0.168 0.142 0.156 0.097 9.0 -31.7
Encut (eV) 39461 124.0 164.7 152.9 138.1 136.5 10.1 -1.2
Magoszi (ug) 37574 0.504 0.431 0.537 0.373 0.342 -20.6 -8.3
Magout (up) 37932 0.641 0.614 0.665 0.466 0.452 -26.4 -3.0
Epsx 31227 25.10 31.32 25.98 23.96 22.85 -9.0 -4.6
Epsy 31227 25.40 31.69 26.90 23.61 23.03 -9.3 -2.5
Epsz 31227 24.60 31.74 25.84 22.98 22.26 -9.5 -3.1
PPF (uWm~1K=2) 16443 487.0 575.1 526.9 471.4 470.2 -3.4 -0.3
NPF (uWm~1K—2) 16443 520.0 601.9 541.4 484.7 496.8 4.5 2.5
NSB (uV/K) 16387 50.50 57.70 50.28 45.67 42.53 -15.8 -6.9
PSB (uV/K) 16400 51.50 62.27 56.78 49.69 49.01 4.8 S1.4
Nem300k (mq) 15252 0.389 0.475 0.438 0.357 0.371 -4.6 3.9
Pem300k (mg) 14364 0.658 0.642 0.633 0.501 0.475 -26.0 -5.2
ETC33 (GPa) 13195 38.60 47.62 40.82 35.74 34.22 -11.3 -4.3
ETC22 (GPa) 13098 36.40 44.58 40.05 34.79 32.79 -9.9 -5.7
ETC11 (GPa) 13107 37.70 45.67 40.67 35.07 34.23 -9.2 2.4
BulkKV (GPa) 12789 14.50 19.50 17.83 14.15 18.74 5.2 -2.9
ETC13 (GPa) 13056 15.30 20.41 16.87 15.63 15.10 -1.3 -3.4
ETC12 (GPa) 12895 18.80 23.53 19.72 18.02 17.61 -6.3 -2.3
Poisson 12676 0.168 0.234 0.181 0.173 0.187 11.3 8.1
ShearGV (GPa) 12179 12.30 14.60 12.39 10.27 9.89 -19.6 -3.7
Eg MBJ (eV) 12281 0.489 0.428 0.406 0.354 0.285 -33.4 -19.5
ETC44 (GPa) 11863 15.60 19.56 16.47 14.58 14.34 -8.1 -1.6
AvgME (electron mass unit) 12637 0.103 0.111 0.113 0.090 0.083 -19.4 -7.8
AvgMH (electron mass unit) 12637 0.171 0.178 0.183 0.142 0.130 -24.0 -8.5
ETC55 (GPa) 11673 14.20 16.61 15.25 12.50 12.40 -12.7 -0.8
ETC66 (GPa) 11538 14.60 17.20 14.61 13.21 12.79 -12.4 -3.2
Mepsx 11380 28.50 36.11 30.58 27.61 27.36 -4.0 -0.9
Mepsy 11380 27.40 35.07 29.69 26.68 26.62 -2.8 -0.2
Mepsz 11380 27.90 34.92 29.28 25.88 25.02 -10.3 -3.3
MaxM (ecm 1) 9156 60.60 62.70 55.58 57.47 41.63 -31.3 -25.1
MinM (em 1) 8644 20.60 24.92 23.12 15.70 14.95 -27.4 -4.8
MaxEFG (1021 vm—2) 7286 27.80 31.70 27.65 25.82 23.27 -16.3 -9.9
Spillage 8755 0.372 0.451 0.375 0.350 0.343 7.8 -2.0
SLME (%) 5877 6.460 7.058 6.184 5.690 4.948 -23.4 -13.0
PMEij (cm™2) 2711 0.112 0.132 0.133 0.101 0.112 0.0 10.9
PMDi 2649 16.50 19.73 19.53 15.07 16.07 -2.6 6.6
PMDIEL (e11) 2592 2.800 3.088 3.248 2.733 2.631 -6.0 -3.7
PMDilo (e11) 2496 3.480 3.935 16568 3.330 3.037 -12.7 -8.8
PMDij (em™1) 1885 6.560 9.407 8.305 5.685 5.771 -12.0 1.5
Exfoli (meV /atom) 499 40.10 30.37 36.92 42.07 40.62 33.8 10.0
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improve after 100 epochs and save the model with the best validation error). This can cause
ElemNet to train for more epochs, leading to longer training time. It would be interesting
to see if the performance of the proposed method improves if we increase the number of
epochs to train the model. Additionally, as the AtomSets framework provides different
features for composition and structure based information, analyzing the results provided in
Supplementary Table 4 can provide insights on what information is beneficial to train which
materials properties. Overall, the results demonstrate that the proposed framework performs
better with respect to other embeddings and other methodologies that use embedding and /or
features obtained using a pre-trained model to improve the performance of the model for

small datasets.

Including Structural Polymorphs in Dataset In the previous sections, we used a
dataset without structural polymorphs entries. This is because the model used to train
the small target dataset was designed to work with static, structure-agnostic embeddings.
These embeddings cannot differentiate between various structural polymorphs of the same
composition, so polymorph entries had to be removed during model training. However, as
the proposed dynamic embedding framework uses different sets of element-level encodings
for each element in every compound, by using them as embeddings for training the model,
we can effectively convert the composition-based models into structure-based models and
thereby mitigate the shortcomings of models trained on composition-based inputs only. We
compare the performance of the proposed framework with AtomSets, which uses structure-

based features obtained using a pre-trained model along with ElemNet and AutoML trained
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using atom-wise averaged value of dynamic embedding. We could not use structure-based
representations such as classical force-field inspired descriptors (CFID) ®* and voronoi tes-

4 as model input to ElemNet and AutoML as their respective

sellations based descriptors °
libraries failed to featurize substantial amount of training, validation and test sets. More-
over, using only structure information as input to the deep learning and traditional machine
learning model has been shown not to improve the performance of the model . As we have

multiple trained models for AtomSets, we use the model with the least test MAE to compare

the performance in Table 4 and show the rest of the results in Supplementary Tables 5.

Table 4 indicates that models trained using dynamic embedding outperform other em-
bedding and/or features based methods in 34/44 cases, i.e., in &~ 77 % of the cases. For the
remaining 10 properties, the model trained on ElemNet using atom-wise averaged value of
dynamic embedding performed the best for 10/10 cases. Similar to the observations made
in the previous section, the methods that incorporate dynamic embedding in one form or
another can outperform other methods, and for the materials properties with close error
values between the proposed method and ElemNet trained using atom-wise averaged value
of dynamic embedding, we can explore the effect of epochs for training the model with the
performance. We also observe a clear benefit of using dynamic embeddings as features when
working with datasets that include structural polymorphs. These embeddings capture more
meaningful structural differences between compounds with identical compositions but dis-
tinct crystal structures, as evidenced by improved model performance. It is quite encouraging

to observe that the model that was originally designed to take composition-based inputs only

18



Table 4: The table shows the test MAE, and % error change between proposed method
and (1) best performing existing method and (2) method using embedding extracted from
ALIGNN as input for each of the target materials properties trained on different models for

the prediction task of “Including Structural Polymorphs in Dataset”.

Existing Embedding % Error % Error
Data | AtomSets | AutoML | ElemNet Dynamic Change Change
Property Size [36] [43] [38] (proposed) (Existing) (Embedding)
Eg OPT (eV) 54934 0.227 0.265 0.158 0.140 -38.3 S11.4
Ef (eV/atom) 54934 0.075 0.073 0.047 0.046 -38.7 -2.1
KLU (A) 54606 11.45 9.99 9.41 9.92 4.1 -13.4
Ehull (eV/atom) 54546 0.191 0.231 0.159 0.075 -60.7 -52.8
Encut (eV) 54469 161.0 152.4 129.9 122.0 -24.2 6.1
Magoszi (k) 51443 0.431 0.504 0.297 0.289 -32.9 -2.7
Magout (ug) 52125 0.588 0.700 0.446 0.430 -26.9 -3.6
Epsx 43760 30.07 24.97 21.81 21.48 -28.6 -1.5
Epsy 43760 29.32 25.00 22.10 21.381 -27.3 -3.6
Epsz 43760 28.78 24.76 21.94 21.93 -23.8 0.0
PPF (uWm~1K=2) 22692 585.5 490.0 445.3 457.2 -21.9 2.7
NPF (uWm~1K—2) 22692 587.1 518.8 468.2 481.9 -17.9 2.9
NSB (uV/K) 22609 58.56 51.43 43.69 42.70 -27.1 -2.3
PSB (uV/K) 22634 59.62 55.05 45.84 45.35 -23.9 S1.1
Nem300k (mg) 20899 0.439 0.460 0.318 0.310 -29.4 -2.5
Pem300k (mgq) 19730 0.630 0.660 0.454 0.497 -21.1 9.5
ETC33 (GPa) 19530 48.78 38.44 34.45 34.44 -29.4 0.0
ETC22 (GPa) 19416 44.83 38.21 34.35 32.73 -27.0 4.7
ETC11 (GPa) 19381 47.58 38.18 35.03 33.89 -28.8 -3.3
BulkKV (GPa) 19003 20.46 19.14 14.30 12.90 -37.0 -9.8
ETC13 (GPa) 19023 22.06 18.73 15.38 14.90 -32.5 -3.1
ETC12 (GPa) 18945 25.21 20.92 18.61 18.12 -28.1 -2.6
Poisson 18902 0.218 0.161 0.143 0.160 -26.6 11.9
ShearGV (GPa) 18004 12.607 10.787 8.878 8.683 -31.1 -2.2
Eg MBJ (eV) 17578 0.416 0.445 0.273 0.243 -41.6 -11.0
ETC44 (GPa) 17231 19.62 15.83 14.40 14.03 -28.5 -2.6
AvgME (electron mass unit) 17181 0.106 0.136 0.081 0.080 -24.5 -1.2
AvgMH (electron mass unit) 17181 0.157 0.192 0.121 0.115 -26.8 -5.0
ETC55 (GPa) 16859 16.34 14.36 12.17 12.27 -24.9 0.8
ETC66 (GPa) 16650 15.76 13.63 11.88 11.71 -25.7 -1.4
Mepsx 16349 31.23 28.36 24.69 23.36 -25.2 5.4
Mepsy 16349 34.46 28.72 23.91 23.24 -32.6 -2.8
Mepsz 16349 34.09 29.36 24.02 24.55 -28.0 2.2
MaxM (cm 1) 13379 52.58 81.74 46.05 35.12 -33.2 -23.7
MinM (em 1) 12678 30.83 30.28 20.59 20.45 -33.7 -0.7
MaxEFG (1021 vm—2) 11506 31.51 26.47 22.66 22.05 -30.0 2.7
Spillage 11203 0.464 0.408 0.349 0.351 -24.4 0.6
SLME (%) 8923 6.228 5.849 4.996 4.445 -28.6 -11.0
PMEij (em™2) 4745 0.143 0.139 0.109 0.098 -31.5 -10.1
PMDi 4600 23.57 22.61 15.35 15.27 -35.2 -0.5
PMDIEL (£11) 4495 3.798 4.035 3.173 3.585 -5.6 13.0
PMDilo (£11) 4307 4.249 3.591] Q 3.160 3.122 -26.5 -1.2
PMDij (em ™ 1) 3290 14.29 13.87 10.05 9.92 -30.6 -1.3
Exfoli (meV /atom) 801 44.14 44.66 38.83 45.42 2.9 17.0




271

272

273

274

275

276

277

278

279

281

282

283

284

285

286

287

289

290

201

as input can outperform other methods when including structure-based information. Ad-
ditionally, we performed model training by incorporating an additional set of meaningful
information in the dynamic embedding to train Roost to observe if the current set of embed-
ding works well with other chemical information associated with a compound. The dynamic
embedding uses different element-level encoding to represent each element of every com-
pound. However, as we know that the ALIGNN uses bond and angle based features to train
the model, it can also be extracted from a given layer in the architecture. As each compound
has a different number of bond and angle information associated with it, we take the aver-
age across all that information and create one-dimensional compound-level encoding, which
will be different for every compound. Next, we concatenate this compound-level encoding
with element-level encoding to create a more informative dynamic embedding. We then use
this large dynamic embedding that combines compound-level encoding with element-level
encoding as the model input to train the model. Additionally, we can also concatenate static
embeddings with dynamic embeddings to improve the results. Hence, we try combinations
for a couple of static and dynamic embeddings with element-level encoding and compound-
level encoding for the analysis. The prediction accuracy of the proposed framework with
different combinations of embeddings as shown in Supplementary Table 6 indicates that
adding compound-level encodings, i.e., bond and angle representation, to the element-level
encodings helps improve the model’s performance. On the other hand, training model using
the combination of dynamic embeddings with static embedding does not contribute towards

improving the performance of the model. This, along with the other results, demonstrates
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that the proposed framework can significantly and consistently help improve the prediction
of the materials properties across various domains with limited datasets, thereby potentially

saving time and resources in the process of future materials discovery.

Discussion

In this paper, we presented a novel framework that uses composition and structure aware
element-level encodings to represent a compound in a graph neural network (GNN) to build
accurate models with limited datasets for improved materials property prediction across a
wide variety of materials properties. Additionally, our framework offers a principled method
for incorporating structural polymorphs during training, even in neural network architectures
originally designed to accept only a single structure per composition. To show the benefit of
the proposed approach, we built an embedding extractor using a GNN architecture ALIGNN
that incorporates composition and structure based information as input and formation en-
ergy of the MP dataset as the materials property. This model was used to extract dynamic
embeddings to train a target model on 44 different materials properties to find that the pro-
posed framework produces accurate and robust models for datasets with limited data size.
We compare the performance of the target model trained using dynamic embedding with
conventional static embedding and methodologies that use embedding and/or features ob-
tained using a pre-trained model. We also observed that adding compound-level encodings,
i.e., bond and angle representation, to the element-level encodings helps improve the model’s

performance. On the other hand, training model using the combination of dynamic embed-
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dings with static embedding does not contribute towards improving the performance of the
model. Hence, one can also explore different sets of embeddings to train the target dataset or
use more sophisticated architectures for the target model in a bid to boost the performance
of the target model for a specific materials property. To check the robustness of the proposed
framework even further, we perform additional experiments using the formation energy of
the JARVIS dataset to examine the other applications of the dynamic embedding obtained
using the embedding extractor. First, we performed model training using other deep neural
network architecture that uses embeddings as input, i.e., CrabNet 5! to see if dynamic em-
bedding produces similar performance improvements as observed in the Roost. The model
trained on original mat2vec embeddings gives a test MAE of 0.108 eV /atom, whereas the
model trained on proposed dynamic embeddings gives a test MAE of 0.066 eV /atom, which
is &~ 39 % improvement in accuracy. This shows that dynamic embedding can be applied to
other types of deep neural network architectures that take embeddings as input for datasets
with limited data size. Next, we evaluate the computational overhead associated with the
proposed dynamic embeddings relative to conventional static embeddings (matscholar) when
training the Roost model, using formation energy (a widely studied materials property)from
the JARVIS dataset, using 10-fold cross-validation in Supplementary Table 7. We find that
both the per-epoch training time and the total training time for Roost models employing dy-
namic embeddings are comparable to those using static embeddings, despite the substantial
gains in predictive accuracy achieved with dynamic embeddings. The principal additional

cost arises during the initial embedding extraction stage; however, this step is performed only
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once and the resulting embeddings can be reused across multiple downstream tasks without
re-extraction. Consequently, dynamic embeddings provide a computationally efficient and
reusable representation that consistently enhances model performance across diverse target
material properties. At last, we present the training time per epoch (in seconds) and the
total number of epochs for each target material property trained using ElemNet or Roost
in Tables 3 and 4 in Supplementary Table 8. Although both Roost and ElemNet perform
similarly, with Roost showing slightly better average performance, it is notable that Roost

takes more time per epoch, while ElemNet requires more epochs to train.

The proposed framework is thus flexible and robust, and can leverage a wide variety
of deep neural networks to improve upon the performance using a rich set of embeddings.
This model is primarily designed for solids with well-defined structures. However, existing
studies ?%3® have demonstrated that transfer learning can be applied to various materials
properties across domains with limited datasets making such approaches agnostic to the
type of downstream application. This indicates potential transferability to materials with
less precise structures, such as polymer melts or ionic liquids. Previous works °%°7 that have
applied TL to materials with less precise structures have used simple ML /DL techniques to
train the models. Extending this approach to more recent models, such as the one proposed
in our work, could offer significant improvements and represents a promising direction for
future research. The proposed framework is expected to easily adapt to ever-increasing data,
ever-advancing model training techniques, and other scientific domains beyond materials

science. Moreover, the presented framework is conceptually easy to implement, understand,
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use, and build upon. For future work, it would be interesting to explore the effect on the
performance of the target model when materials properties other than formation energy
are used as the material property and GNN architecture other than ALIGNN is used for
training the embedding extractor. It would also be interesting to see the effect of dynamic
embedding when used as input for the state-of-the-art GNN architecture or when training
even larger target datasets. Additionally, we can also explore the uncertainty associated
with the materials property prediction by incorporating neural network components that
help perform uncertainty estimation, such as dropout within the network architecture, or
by creating an ensemble model using multiple graph neural networks. One can also explore
different combinations of embeddings to train the neural network or use more sophisticated
neural network architectures for the target model in a bid to boost the performance of the

target model for a specific materials property.

Methods

Embedding Extractor In this work, we implement an embedding extractor to extract
element-level encoding from DFT-relaxed structures to train the target model. The model
pre-trained on ALIGNN using formation energy from the MP dataset is used as an embedding
extractor to extract atom-based information from a given layer, each containing a variable
number of rows depending on the number of the atom information present in the input file
and 256 columns as embedding for each row. For example, let us consider a hypothetical

compound W,, XY, Z. where w + x + y + 2z = () and the number of unique elements is 4.
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Next, we extract the embeddings before and after every ALIGNN and GCN layer, where the
dimensions of the extracted embeddings will be (@, 256). We then take the element-wise
mean of all embeddings across each column to create a (4, 256) embedding representation
where each row represents the element-wise embedding for a given compound of the target
dataset. The extracted embeddings from a given layer can then be used as a dynamic

embedding for any GNN network that uses embedding as a form of model input.

Network Settings and Model Architecture Roost !” and ALIGNN 2! were implemented
using Pytorch. The hyperparameters used in the Roost comprise of the following: Adam as
the optimizer with weight decay parameter of 10~%, LeakyReLU as the base activation func-
tion, mini-batch size of 128, and learning rate as 0.0003. We train all Roost models for 250
epochs as done in the original work 7. The hyperparameters used in the ALIGNN comprise
of the following: Adaptive Moment Estimation with decoupled weight decay (AdamW) as
the optimizer with normalized weight decay of 107, Sigmoid Linear Unit (SiLU) as the base
activation function, mini-batch size of 64, and learning rate as 0.001. We train all ALIGNN
models for 300 epochs with a fixed random seed as done in the original work ?!. Readers
interested in in-depth hyperparameter settings for Roost and ALIGNN models are referred
to those publications 72! for details. We use mean absolute error (MAE) as the loss function
as well as the primary evaluation metric for all models. Each model is trained on a single
Tesla V100-PCIE-16GB Graphics processing unit (GPU). For all other downstream models
we used the default hyperparameters and training procedures for training the models. For all

other downstream models, we retained the default hyperparameters and training procedures

25



395

396

397

398

399

400

401

402

403

404

406

407

408

410

411

412

413

recommended in the original publications and reference codebases referenced in the code

availability section.

Data availability The datasets used in this paper are publicly available from the corresponding
websites- MP 42 from https://materialsproject.org/ and JARVIS 4344 from https://jarvis.

nist.gov.

Code availability The code for extracting dynamic embeddings from the pre-trained ALIGNN
model used in the proposed framework is available at https://github.com/GuptaVishu2002/
DynamicEmbedding. For the downstream prediction models, we used publicly available imple-
mentations from the following repositories: Roost (https://github.com/CompRhys/roost), Elem-
Net (https://github.com/NU-CUCIS/ElemNet), CrabNet (https://github.com/anthony-wang/
CrabNet), AtomSets (https://github.com/materialyzeai/maml), and AutoML (https://github.com/automl/au

sklearn).
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