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study of atomistic line graph
neural networks for materials property prediction†

Kangming Li, *a Brian DeCost, b Kamal Choudhary b and Jason Hattrick-
Simpers acde

Use of machine learning has been increasingly popular in materials science as data-driven materials

discovery is becoming the new paradigm. Reproducibility of findings is paramount for promoting

transparency and accountability in research and building trust in the scientific community. Here we

conduct a reproducibility analysis of the work by K. Choudhary and B. Brian [npj Comput. Mater., 7, 2021,

185], in which a new graph neural network architecture was developed with improved performance on

multiple atomistic prediction tasks. We examine the reproducibility for the model performance on 29

regression tasks and for an ablation analysis of the graph neural network layers. We find that the

reproduced results generally exhibit a good quantitative agreement with the initial study, despite minor

disparities in model performance and training efficiency that may be resulting from factors such as

hardware difference and stochasticity involved in model training and data splits. The ease of conducting

these reproducibility experiments confirms the great benefits of open data and code practices to which

the initial work adhered. We also discuss some further enhancements in reproducible practices such as

code and data archiving and providing data identifiers used in dataset splits.
1. Introduction

As science continues to evolve, it is transitioning towards what
is now oen referred to as its “fourth paradigm”, characterized
by the pivotal role that data-driven approaches are playing in
advancing our understanding of the natural world.1,2 In this
landscape, machine learning (ML) has become an indispens-
able tool in materials science, where it aids in tasks ranging
from materials discovery to property prediction.3–6 As the reach
of ML expands, the issue of reproducibility has come to the
forefront.7–10 Reproducibility is the cornerstone upon which
scientic credibility is built; it fosters trust, transparency, and
accountability in data-centric research. However, despite the
growing support for sharing data, code, and workows to
facilitate replication,10–13 ensuring reproducibility is generally
recognized as an ongoing issue in both the scientic14–17 and
neering, University of Toronto, 27 King's

kangming.li@utoronto.ca; jason.hattrick.

l Institute of Standards and Technology,

nto, 27 King's College Cir, Toronto, ON,

61 University Ave, Toronto, ON, Canada

and Society, 101 College St, Toronto, ON,

tion (ESI) available. See DOI:

the Royal Society of Chemistry
machine learning communities.7–10 So far, there has been a lack
of systematic reproducibility assessments in the eld of ML for
materials science.18

We present a case study aiming to reproduce the main
results of K. Choudhary and B. DeCost centering on the devel-
opment of Atomistic Line Graph Neural Network (ALIGNN).19

Indeed, among the variety of machine learning architectures,
Graph Neural Networks (GNNs) have demonstrated state-of-the-
art performance in capturing complex atomistic relationships
and predicting material properties.20–25 As one of the rst GNN
architectures that account for many-body interactions, ALIGNN
performs message passing on both the interatomic bond graph
and its line graph corresponding to bond angles. This explicit
inclusion of angle information was demonstrated to improve
performance on multiple atomistic prediction tasks.19 While
a number of advanced architectures (in particular equivariant
GNNs)26–29 have been proposed with improved performance in
some cases,30 it is still an open question whether equivariant
GNNs have a substantial and systematic advantage over
invariant ones.31 In addition, recent benchmarks show that
ALIGNN model remains competitive with respect to other
leading GNNs in terms of accuracy and robustness.32–34 As
ALIGNN is oen used as a representative GNN in many ML
studies,32–36 we feel it is an important target for reproducibility
assessment.

The original ALIGNN study incorporated an evaluation of the
model's performance on 52 crystal and molecular properties
across the JARVIS-DFT,37 Materials Project,38 and QM9
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databases,39 supplemented by an ablation analysis of ALIGNN
models trained on formation energy and band gap data from
the JARVIS-DFT database. Here we focus on evaluating the
reproducibility of (1) the model performance on all of the 29
regression tasks from the JARVIS-DFT database, and (2) of the
ablation analysis using models trained on the formation energy
data from the JARVIS-DFT database.

The remainder of this paper is organized as follows: Section
2 details the procedure to set up the model training. Section 3
and 4 present the reproducibility analysis of the model perfor-
mance and ablation analysis, respectively. Finally, Section 5 is
devoted to discussing the observed challenges and providing
suggestions for better reproducibility.
2. Computational setup
2.1 Python environment setup and package installation

The ALIGNN model training code is provided as a Python
package , registered on the Python package index
(https://pypi.org/project/alignn/2023.5.3) with public source
code available on GitHub at https://github.com/usnistgov/
alignn including an installation guide. To avoid potential
dependency conicts, we rst created a new
environment. We then followed the installation guide to
install the package with support on a Ubuntu
20.04 desktop equipped with an RTX 3080 Ti 12GB graphics
processing unit (GPU). The 11.6 version and the
2.31 version were used during the installation.

While no obvious warnings or errors occurred during the
installation process, subsequent ALIGNN training with GPU
support encountered errors linked to the version of .
The latter is the Deep Graph Library (DGL)40 utilized for the
model's implementation. This issuemight be attributable to the
deprecated package name recommended in the

installation guide. On the other hand, updating to
a newer version induced installation errors due to depen-
dency conicts between and involving the

library used by for conguration parsing
and validation. Moreover, the training failure persisted. Upon
further examination, it was found that the order of package
installation was a critical factor: successful ALIGNN training
could only be achieved when an updated version of was
installed prior to , and not vice versa. This sequence still
generated dependency conicts but these did not impede the
ALIGNN training. The exact cause of this delicate dependency
on the installation order is not exactly clear. However, our
hypothesis is that the package installs the CPU-only
version of , so that the package manager skips
installation of the explicitly-requested version of
without providing a clear warning.

We chose to use the current version 2023.5.1 of in
our reproducibility study rather than using the specic revision
from the original ALIGNN study due to ongoing updates in the
codebase. Regardless, the modications in training efficiency
and model performance are anticipated to be minimal as there
has been no major update in the relevant components.
1124 | Digital Discovery, 2024, 3, 1123–1129
2.2 Data retrieval

The datasets used in the original ALIGNN study can be retrieved
using the package,37 which is installed as
a dependency for general utilities. Instructions to
retrieve and import the data are provided on the
online documentation. Here we focus on the reproducibility of
the results related to the JARVIS-DFT dataset. The database
version utilized in the ALIGNN paper has been preserved as
a snapshot and can be accessed under the database name

, facilitating our reproducibility study.
The interpretation of the retrieved data is generally

straightforward with the provided property labels, albeit not
always intuitively so. For instance, the retrieved data includes
properties labeled as “magmom_oszicar” and “magmo-
m_outcar”, and it is unclear which one corresponds to the
magnetic moment data discussed in the paper. Nonetheless,
the mean absolute deviation (MAD) of the data was provided in
the original paper, which can be used to disambiguate the
property labels' signicance.

2.3 Model training setup

The package includes a script, with
a training tutorial on the GitHub webpage. The hyper-
parameters can also be readily congured via a congu-
ration le, simplifying the entire training process, particularly
for novice users. In this work, the same hyperparameters as in
the original paper were used, and all the ALIGNN models were
trained on a Ubuntu 20.04 desktop using a single GPU (RTX
3080 Ti 12GB) and 8 CPU cores (AMD Ryzen 9 5900X).

3. Reproducibility of model
performance

Here we aim to examine the reproducibility of the ALIGNNmodel
performance on all the 29 regression tasks in the JARVIS-DFT
dataset.37 For each task, we evaluated the model performance
with a single 8 : 1 : 1 random train-validation-test split, which is
the splitting strategy used in the ALIGNN paper. The precise
allocation of specic materials across splits may not exactly
match the original dataset partitions because the original
manuscript relies on a specied random seed and the imple-
mentation details of the particular version of the random
number generator used instead of specifying unambiguous
identiers for each training, validation, and test instance. For
each property, we performed ve independent model training
runs using different random seeds for the model parameter
initialization on the same train-validation-test split. For each run,
we computed the deviation of the mean absolute error (MAE):

MAE deviation ¼ MAER �MAEO

MAEO

(1)

where MAER and MAEO denote the MAE obtained in this study
and the MAE reported in the original ALIGNN paper,
respectively.

Fig. 1 presents the minimum, maximum, mean, and stan-
dard deviation of the MAE deviations for the selected
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Deviation in MAE for the ALIGNN performance on various material properties in the JARVIS-DFT database. A 10% (or −10%) deviation
suggests that the MAE obtained in this work is 10% higher (or lower) than the original one, while a 0% deviation signifies a perfect replication. For
each property, 5 independent training runs are performed. The bar plot shows the total number of data for each property.
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properties, along with the corresponding total number of
entries. Two general observations emerge from these results.
Firstly, the variability in the reproduced MAE is more conspic-
uous for properties with fewer entries, with the exception of the
models for predicting p-type Seebeck coefficients, which exhibit
a relatively large MAE variance despite having over 20k entries.
Since the MAE variance stems from the random seeds used for
model parameter initialization and random batch construction
for stochastic gradient optimization, this suggests that model
performance on smaller datasets is more susceptible to
parameter initialization and other sources of training variation.
This is expected because model training with smaller datasets is
expected to fall into the high variance regime and poses chal-
lenges for convergence towards a model with consistent
predictive behavior. Furthermore, we anticipate that the vari-
ance could potentially increase if different data splits (even if
the split ratio is the same) were employed. Secondly, the model
performance reported in the original ALIGNN paper is reason-
ably well reproduced in this study. As can be seen from Fig. 1,
the original MAE values are covered within the ranges of the
reproduced MAE for 19 out of the 29 tasks. For the remaining 10
tasks whose reproduced MAEs do not cover the original ones,
the minimum absolute MAE deviation is no more than 5%,
which means that the original MAE can be matched within the
5% deviation by one of our independent runs.
4. Reproducibility of ablation analysis

An ablation study serves to assess the individual components'
contributions to the overall model architecture. In the original
paper, a layer ablation study was conducted to evaluate the
© 2024 The Author(s). Published by the Royal Society of Chemistry
contributions of the ALIGNN and Graph Convolution Network
(GCN) layers to model performance and training cost.19 Here we
followed the original paper's procedure by altering the numbers
of the ALIGNN and GCN layers from 0 to 4, while keeping other
parameters constant. We carried out the ablation analysis
focusing on the JARVIS-DFT formation energy target.

First, we note that the model performance on various prop-
erties in the previous section was obtained with 4 ALIGNN and 4
GCN layers. In particular, for the formation energy prediction,
we obtained the sameMAE (0.033 eV per atom) as in the original
paper. We use this value as the baseline to normalize the MAEs
obtained with different numbers of ALIGNN and GCN layers in
the ablation analysis. The resulting normalized MAEs from the
original paper and this work are shown in Table 1. Overall,
similar effects of the layers on the model performance are
reproduced, with a maximum deviation of 6% from the original
value when using 1 ALIGNN and 1 GCN layer. Such a deviation is
expected to be within the error bar of the performance, since
here we performed only a single model training run with a xed
random seed for each layer combination due to the high
training cost.

The original ALIGNN paper also documented the training
time per epoch as a function of the number of layers. Since we
did not use the same hardware as the original paper, it is not
suitable to compare directly the training time. Instead, we
normalize the training time per epoch with respect to that of the
4 ALIGNN + 4 GCN layer conguration and compare the
normalized training cost as shown in Table 2. Compared to the
effect of number of layers on the model performance, repro-
ducing the effect on the training time proves more challenging.
For instance, using no ALIGNN and GCN layer requires only
Digital Discovery, 2024, 3, 1123–1129 | 1125
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Table 1 Effect of ALIGNN and GCN layers on the model performance
(MAE). The MAE is normalized with respect to that obtained with 4
ALIGNN and 4 GCN layers

Original paper GCN-0 GCN-1 GCN-2 GCN-3 GCN-4

ALIGNN-0 13.48 1.97 1.52 1.36 1.33
ALIGNN-1 1.94 1.24 1.12 1.09 1.12
ALIGNN-2 1.18 1.09 1.03 1.03 1.03
ALIGNN-3 1.09 1.03 1.00 1.03 1.03
ALIGNN-4 1.03 1.03 1.03 1.03 1.00

This work GCN-0 GCN-1 GCN-2 GCN-3 GCN-4

ALIGNN-0 13.66 1.95 1.48 1.30 1.27
ALIGNN-1 1.95 1.16 1.11 1.09 1.09
ALIGNN-2 1.22 1.06 1.08 1.06 1.04
ALIGNN-3 1.07 1.03 1.02 1.03 1.02
ALIGNN-4 1.04 1.02 1.00 1.01 1.00

Table 2 Effect of ALIGNN and GCN layers on the training time. The
training time is normalized with respect to that obtained with 4
ALIGNN and 4 GCN layers

Original paper GCN-0 GCN-1 GCN-2 GCN-3 GCN-4

ALIGNN-0 0.11 0.22 0.22 0.28 0.33
ALIGNN-1 0.33 0.50 0.56 0.56 0.56
ALIGNN-2 0.56 0.67 0.63 0.72 0.67
ALIGNN-3 0.67 0.78 0.78 0.83 0.78
ALIGNN-4 0.83 0.89 0.94 0.94 1.00

This work GCN-0 GCN-1 GCN-2 GCN-3 GCN-4

ALIGNN-0 0.19 0.24 0.28 0.31 0.35
ALIGNN-1 0.33 0.41 0.44 0.47 0.49
ALIGNN-2 0.51 0.59 0.60 0.63 0.64
ALIGNN-3 0.68 0.77 0.79 0.82 0.84
ALIGNN-4 0.83 0.95 1.03 0.98 1.00

Fig. 2 ALIGNN accuracy-cost ablation analysis for the JARVIS-DFT
formation energy models. The values of the plotted normalized MAE
and training time per epoch are given in Tables 1 and 2, respectively.
The numbers in square brackets (or parentheses) indicate the corre-
sponding numbers of the ALIGNN and GCN layers for the reproduced
(or original) points. The solid lines indicate the original and reproduced
Pareto fronts.
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11% of the training cost of that using 4 ALIGNN and 4 GCN
layers according to the original paper, whereas using no
ALIGNN and GCN layer is found to require 19% of the training
cost of that using 4 ALIGNN and 4 GCN layers in this work. In
other words, the relative deviation of our reproduced effect of

layers on the training cost can be as large as
19� 11

11
% ¼ 70%.

This is not surprising because training time is sensitive to
hardware and operating system conguration and using layer
combinationmay induce varying system loads that could lead to
discrepancies in training efficiency. Training efficiency for deep
learning workloads in particular can be sensitive to memory
bandwidth and the ability of the dataloading pipeline to satu-
rate the GPU.

With the above results of the model performance and
training time, we can construct an accuracy-cost Pareto plot as
shown in Fig. 2. Deviations between the original and repro-
duced Pareto fronts occur when the normalized training time is
below 0.6. On the other hand, the layer congurations on the
1126 | Digital Discovery, 2024, 3, 1123–1129
Pareto fronts are largely the same: the original Pareto fronts
include (0,1)-(0,2)-(0,3)-(0,4)-(1,1)-(1,2)-(1,4)-(1,3)-(2,2), with the
rst and second numbers indicating the numbers of the
ALIGNN and GCN layers; the reproduced Pareto front includes
(0,1)-(0,2)-(0,3)-(0,4)-(1,1)-(1,2)-(1,3)-(1,4)-(2,1). The sources of
deviations include the uncertainty in the model performance
related to the model parameter initialization and potential
sensitivity of training efficiency to changes in memory band-
width relative to the compute capability of the different GPUs.
These factors may inuence the performance ranking, training
cost ranking, and ultimately the Pareto fronts.
5. Discussion

In this work, we examine the reproducibility of the model
performance and the ablation analysis in the atomistic line
graph network (ALIGNN) paper originally conducted by K.
Choudhary and B. DeCost.19 The reproduced results generally
exhibit a good quantitative agreement with the initial study. The
relative ease to reproduce their work can be attributed to the
adherence to the open data and code practices as their datasets,
codes, and training scripts are readily found on the public
repositories. A clear description of important details in the
original work and documentation of model installation and
training also contributed to the reproducibility experiments.

Nonetheless, minor disparities in model performance and
training times emerge. The variations observed in model
performance likely stem from the innate variance associated
© 2024 The Author(s). Published by the Royal Society of Chemistry
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with the random initialization of the model parameters and the
stochastic training process. The discrepancy in training time,
on the other hand, is likely attributable to external factors such
as hardware congurations and operating system variances. In
addition, we cannot completely dismiss the potential inuence
of updates to the codebase on these discrepancies. Indeed, in
a practical setting it is recommended to re-optimize certain
training pipeline hyperparameters, such as the batch size, to
maximize training throughput on the available hardware.
Typically this also requires re-tuning the learning rate and
regularization hyperparameters, which works against the goal
of using the same hyperparameters as in the original work.

From the perspective of reproducibility, it would be advan-
tageous to make available a snapshot of the code and data
version utilized in any published computational research.
Primarily, this would eliminate the potential inuence of
codebase updates when determining the root causes of any
discrepancies between the original and reproduced results. For
instance, the Zenodo repository supports automated Github
code release archiving that can be referenced with digital object
identiers (DOIs). As an example, the snapshot of the Github
code used in this work is archived at https://zenodo.org/records/
10042567 with a DOI of 10.5281/zenodo.10042567.

Additionally, providing the snapshots would simplify the
task of correctly setting up the package installation. Indeed, the
frequency of updates to the installation guide is typically less
than that of codebase updates, and the compatibility checks
between newer versions of dependencies are conducted less
regularly. This could make the installation process more
susceptible to unforeseen issues, which may be hard to solve for
new users. For this work, we nd that a smooth setup of
a workable installation appears to be more challenging than
reproducing the ALIGNN results; the latter is straightforwards
by simply following the ALIGNN tutorial.

Another good practice would be to provide the data identi-
ers used in the training-validation-test splits, which can
guarantee that exactly the same data splits are used in the
model training and evaluation. While the effects of different
random splits may be small especially for large data, using the
same data splits can remove such uncertainty and enhance
reproducibility, and is a common practice in the community
benchmarks (due to the need for fair model comparison).22,24,25

Future ML work on existing datasets could use the same data
splits as in those benchmarks to avoid this additional reporting
task. Alternatively, it is straightforwards to generate such
outputs in the ML pipeline and include them as a part of the
ESI,† as is done in this work.

Another challenge surfaced in reproducing the ablation
analysis when the model training failed due to the number of
ALIGNN layers being set to zero. This failure was traced back to
an inappropriate data type check in the latest code.
Although the remedy in this case required merely a one-line
correction, it could prove challenging for users unfamiliar
with the code or uncertain about potential side effects from
making such modications. Providing a snapshot of the version
would therefore bolster the reproducibility study by mitigating
© 2024 The Author(s). Published by the Royal Society of Chemistry
such unforeseen issues that could emerge during the codebase
update.
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