
49

Citation: Abenza E, Alonso C, Sobrados I, Amarilla JM, Rodrí guez JL, Alonso JA, et al. Regularization Strategy for Battery Materials Using Lattice Scaling. Trends 
Comput Sci Inf Technol. 2026;11(2):49-57. Available from: https://dx.doi.org/10.17352/tcsit.000110

https://dx.doi.org/10.17352/tcsitJournal DOI: 2641-3086ISSN: 

E
N

G
IN

E
E

R
IN

G
 G

R
O

U
P

OPEN ACCESS
JOURNAL

Computer Science and Information Technology
Trends in

Abstract

Artifi cial iIntelligence (AI) has emerged as a powerful tool for accelerating materials discovery; however, its effectiveness in battery research remains constrained 
by the limited size and heterogeneity of available materials datasets. In this work, we introduce a physically informed regularization strategy based on lattice scaling of 
crystalline structures to reduce overfi tting and enhance machine-learning performance in lithium-ion battery materials prediction. The proposed framework generates 
structurally perturbed variants through controlled isotropic and anisotropic modifi cations of unit-cell volumes within experimentally realistic limits (±5-30%), mimicking 
chemo-mechanical variations occurring during electrochemical cycling. The method is evaluated using Crystal Graph Convolutional Neural Networks (CGCNN) trained 
on electrode materials from the Materials Project Battery Explorer database to predict seven electrochemical and four intrinsic material properties. We demonstrate that 
lattice scaling - particularly anisotropic scaling within the physically meaningful range of ±5% volume variation - systematically improves predictive accuracy compared 
with both baseline oversampling and established crystal regularization techniques, achieving improvements of up to 10.5% in the MAD/MAE ratio for key electrochemical 
descriptors. The results highlight the importance of physically meaningful transformations in materials model regularization and reveal a property-dependent response 
to regularization strategies. The proposed approach provides a simple, computationally effi  cient, and architecture-independent pathway to improve data effi  ciency and 
generalization in AI-driven battery materials discovery.
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Abbreviations

AI: Artifi cial Intelligence; ML: Machine Learning; CGCNN: 
Crystal Graph Convolutional Neural Network; GNN: Graph 
Neural Network; DA: Data Augmentation; LIBs: Lithium-Ion 
Batteries; CIF: Crystallographic Information File; MAE: Mean 
Absolute Error; RMSE: Root Mean Squared Error; MAD: Mean 
Absolute Deviation; DFT: Density Functional Theory

Introduction

The development of advanced functional materials is central 
to addressing global challenges associated with sustainable 
energy generation, storage, and conversion. In particular, 
rechargeable batteries, photovoltaic technologies, and low-

power electronic devices critically depend on continuous 
improvements in materials performance, stability, and 
effi ciency [1,2]. Despite substantial advances in computational 
materials science and high-throughput simulations, the 
discovery of optimized materials remains a slow and resource-
intensive process due to the combined cost of experimental 
validation and fi rst-principles calculations.

AI and Machine Learning (ML) methodologies have emerged 
as transformative tools for accelerating materials discovery, 
enabling rapid exploration of complex chemical and structural 
spaces [3-8]. Modern ML frameworks [9] are increasingly 
capable of predicting materials properties directly from atomic 
structure and closed-loop active learning strategies [10] and 
generative deep learning models [11] are being developed 
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to identify stable materials with targeted functionalities. 
However, the predictive performance and reliability of these 
models remain fundamentally limited by the availability 
and quality of training data. Although materials repositories 
have expanded signifi cantly in recent years [12], materials 
datasets remain orders of magnitude smaller and substantially 
more heterogeneous than those available in conventional 
AI domains such as computer vision or natural language 
processing [13]. This limitation is particularly critical in battery 
materials research, where datasets often combine theoretical 
calculations and experimental measurements obtained under 
diverse conditions. The resulting data scarcity and variability 
hinder model generalization and frequently lead to overfi tting 
or reduced transferability.

Addressing limited data availability without compromising 
physical realism therefore represents a major challenge in 
materials informatics. Regularization strategies, including 
those inspired by Data Augmentation (DA), offer an attractive 
approach to enhance model robustness and reduce overfi tting. 
While DA has proven highly effective in image and signal 
processing applications, its extension to crystalline materials 
remains nontrivial. Unlike images, crystal structures obey 
strict physical and chemical constraints, and naïve geometric 
transformations - such as arbitrary rotations, translations, or 
symmetry-breaking distortions - may generate confi gurations 
that are structurally unrealistic or inconsistent with underlying 
structure-property relationships [14-18]. Developing 
regularization strategies that preserve physical meaning 
while enriching structural variability thus constitutes an open 
problem in AI-driven materials science.

Recent efforts have explored regularization approaches 
based on random perturbations or unit-cell distortions 
to increase dataset size and mitigate overfi tting [19,20]. 
Although these methods can improve learning effi ciency, they 
often lack a direct connection to experimentally accessible 
structural variations. From a physical chemistry perspective, 
effective regularization should ideally reproduce structural 
fl uctuations naturally experienced by materials under realistic 
operating conditions. Insertion-type battery electrodes 
provide a compelling framework for such physically grounded 
regularization. During electrochemical cycling, these materials 
undergo reversible chemo-mechanical expansion and 
contraction arising from ion insertion and extraction processes 
[21,22]. These volume variations modify interatomic distances 
while largely preserving crystallographic topology, suggesting 
a natural pathway for generating physically meaningful 
structural diversity (Figure 1).

Here, we introduce a lattice scaling regularization 
framework in which crystal structures are systematically 
perturbed through isotropic and anisotropic modifi cations of 
their unit cell volume. A key strength of this approach lies in 
the use of ±5% volume variations, which directly mimic the 
chemo-mechanical expansion experimentally observed in 
insertion-based electrode materials during electrochemical 
cycling. This physically grounded perturbation range 
provides realistic structural variability while maintaining 

physicochemical relevance and most reliably preserving 
property labels, making it an especially effective and safe 
regularization choice for battery materials prediction. The 
proposed strategy is model-agnostic and can be incorporated 
as a plug-in into both conventional ML algorithms and modern 
deep-learning architectures, including Graph Neural Networks 
(GNNs). In this work, we evaluate its effectiveness using 
the Crystal Graph Convolutional Neural Network (CGCNN) 
framework [26], applied to cathode materials relevant to 
metal-ion batteries. Within CGCNN, crystalline structures 
are represented as atomistic graphs derived directly from 
Crystallographic Information Files (CIFs), enabling property 
prediction from structural information alone. By comparing 
models trained on original and lattice-perturbed datasets, we 
quantify the impact of physically informed regularization on the 
prediction of electrochemical and intrinsic material properties. 
By embedding experimentally grounded structural variability 
into machine-learning workfl ows, this work establishes lattice 
scaling as a physically motivated route toward improving data 
effi ciency, model generalization, and predictive reliability in 
AI-assisted battery materials discovery. More broadly, the 
proposed framework highlights the importance of integrating 
physical insight into data-centric methodologies for next-
generation materials design.

Figure 1 illustrates the workfl ow of the proposed pipeline. 
The chemical structures obtained from individual CIF fi les 
are used as input data, followed by an automated lattice-
scaling procedure to generate the regularization dataset. 
As schematically shown, the CGCNN model is trained using 
both the original crystal structures and the lattice-perturbed 
data produced through lattice scaling, representing datasets 
relevant to battery materials and their associated chemical and 
electrochemical properties.

The resulting prediction error metrics demonstrate that the 
lattice-scaling regularization strategy signifi cantly enhances 
the effectiveness and predictive performance of the CGCNN 
model. Furthermore, the proposed approach is systematically 
compared with previously reported crystal-structure 
regularization methods, including random perturbation, 
random rotation, random translation, and axis-swapping 

Figure 1: General framework describing the lattice scaling data augmentation 
method and the pipeline using this data augmentation for the predictive CGCNN 
model.
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values. For intrinsic properties such as Fermi energy and band 
gap energy, which are more sensitive to structural details, a 
±5% volume variation may induce small shifts in the electronic 
band structure; however, these perturbations remain within 
the range of thermal and quantum fl uctuations that materials 
experience under experimental conditions. Consequently, while 
label preservation is not strictly guaranteed for all properties - 
particularly for structure-sensitive quantities - it constitutes 
a reasonable approximation within the ±5% volume variation 
regime employed here. In data augmentation contexts, the 
safety of a transformation has been defi ned as the likelihood 
that the transformed data retains the same label as the original 
data [21]. While label preservation is not guaranteed, a change 
of ± 5% in volume will be more likely to maintain the labels 
than a greater modifi cation (e.g., ± 30%). Furthermore, 
volume changes up to 5% have been experimentally observed 
in insertion-based LIBs during the charge/discharge steps of 
their life cycle, supporting the notion that such small volume 
changes can preserve the labels of the data [23-25].

In symmetric lattice scaling, the volume of the unit cell has 
been increased or decreased randomly (within limits), but the 
relationships between the three lengths of the unit cell (a,b,c) 
are kept constant. In asymmetric lattice scaling, unit cell lengths 
(a,b,c) have also been increased and decreased randomly (and 
therefore also the volume) but changing the values of a, b, and 
c independently. Results are shown for two cases where the 
maximum limits of volume variation were chosen to be 5% and 
30%. To feed CGCNN, the crystalline systems are represented 
as graphs, where atoms constitute the graph's nodes. The 
bonds in these systems are represented by the edges between 
the nodes, where all atoms within an appropriate radius are 
considered bonded. Nodes and edges are associated with vector 
representations (attributes) that enhance the model training. 
In fact, node attributes encode chemical information about the 
chemical element in each node. In contrast, edge attributes 
encode the bond distance between the corresponding pair 
of atoms. The lattice scaling regularization method slightly 
changes the interatomic distances. Hence the CGCNN graphs 
are only modifi ed at the edge level, representing the bonds 
between atoms. Because the atomic bonds are based on the 
interatomic distance, some atoms might be considered bonded 
when they previously were not, or vice versa. Furthermore, 
the edge attributes will also be modifi ed as the distance 
varies. These changes at the edge level are the reason why the 
lattice scaling method increases the amount of data present 
in the dataset. For each initial material, there will be multiple 
different crystal graphs that will be processed by the CGCNN 
model.

We have focussed on the results of the recent high-
throughput search on cathode materials. The CGCNN model has 
been applied to predict the seven electrochemical properties 
and four material properties described in Table 1. The model 
has learned from a,b initio computational results available in 
Battery Explorer. Briefl y, the properties of potential cathodes 
for LIBs are obtained through fi rst principles computations 
and high-throughput computational screening approaches 
described in previous reports [34,35].

transformations, using identical datasets and computational 
protocols. To facilitate adoption and promote dissemination 
of the lattice-scaling regularization methodology, we provide 
an open-source Python-based library that can be readily 
implemented with only a few lines of code. The package includes 
tutorials and example scripts for testing and application, and 
it is available upon request from the corresponding authors.

Modeling design, motivation, and methods

The proposed regularization framework applies systematic 
modifi cations of crystal unit cells to generate structurally 
realistic training variants. Rather than primarily aiming to 
expand dataset size, the central objective is to reduce overfi tting 
by exposing the model to physically plausible structural 
perturbations during training. We propose a regularization 
transformation that can be automatically applied to a materials 
dataset by slightly modifying the unit cell of the materials 
which constitute the original dataset. Transformations 
based on volume variations produced by small bond distance 
changes, distortion of angles, or anisotropic bond distance 
modifi cations are widespread in crystal structures and can 
occur spontaneously. Therefore, regularization based on 
slightly modifying the size and shape of the unit cells provides 
a physically meaningful mechanism to improve model 
generalization in property prediction [27].

This work uses the properties reported at the Battery 
Explorer - Materials Project platform [28], which is a customized 
search tool for Li-ion electrode materials. This platform 
offers information about existing materials and predicts the 
properties of new ones related to cathodes and anodes of LIBs. 
In it, relevant properties like the voltage, capacity, energy 
density, specifi c density, voltage profi le, oxygen evolution, 
and lithium positive ion diffusivity, among others, describe the 
materials. This Database mainly integrates results from high-
throughput computing research based on quantum mechanics, 
solid state physics and statistical mechanics, and selected 
experiments. This approach, led by the Ceder group, is widely 
described in the following scientifi c reports, [29-33]. This 
work uses this database with and without the regularization 
process to train the graph-based predictive model CGCNN. 
The selected input structures are materials with application 
in insertion-based batteries, such as metal-ion batteries, in 
the discharged state (i.e., where the cathode is "full" of the 
mobile ion). For the lattice scaling regularization technique, 
the volume of the materials has been modifi ed in different 
ranges of percentages. We consider that the most physically 
meaningful range of percentages has been from -5% to +5%. 
Performing the regularization transformation with such a 
small volume variation is aimed at increasing the 'safety' of the 
transformation. The label-preservation assumption underlying 
this approach deserves careful justifi cation. A ±5% change in 
unit cell volume induces small perturbations of interatomic 
distances that do not alter the chemical identity, oxidation states, 
or coordination topology of the material. For electrochemical 
properties such as voltage and capacity, which are primarily 
governed by the thermodynamic energy difference between 
charged and discharged states, minor isotropic or anisotropic 
volume changes are unlikely to signifi cantly modify these 
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Datasets 

The initial dataset was formed by 4401 electrode active 
materials for metal-ion batteries, obtained from the Battery 
Explorer of the Materials Project database on 2021-12-21. To 
train a CGCNN model, this initial dataset is split into a training 
set, validation set and test set. The training set, composed by 
80% of the materials of the initial set, is used to directly train the 
model. The validation set, composed by 10% of the materials, 
guides the training of the model. Finally, the remaining 10% of 
the materials form the evaluation set, which will be used for 
the fi nal evaluation of the trained model's performance.

For each regularization technique, the initial training set 
was augmented, generating a new perturbed training set. In 
each dataset, the initial training set was repeated 10 times, and 
the materials were subjected to the pertinent regularization 
transformation. This results in a dataset in which, apart from 
the original materials present in the initial training set, there 
are ten new materials for each original material. The validation 
and evaluation sets remained non-augmented, encouraging a 
fairer evaluation of the technique.

Four datasets have been generated for the lattice scaling 
regularization technique.

• First, two datasets were generated with randomly 
sampled volumes between 95 and 105% of the volume 
of the original material. This ±5% volume range 
is highlighted as the most physically meaningful 
regularization choice, directly refl ecting the volume 
changes experimentally observed in insertion-based 
LIBs during charge/discharge cycling, and most reliably 
preserving material property labels. Regarding these 
two datasets, transformations were applied in both 
an isotropic and an anisotropic fashion. In isotropic 
regularization, all lattice lengths change in the same 
proportion, while in anisotropic transformations the 
lattice lengths vary in different proportions.

• The remaining two datasets were generated with 
randomly sampled volumes between 70 and 130% of the 
volume of the original material. Transformations were 
also applied in an isotropic and anisotropic manner.

All lattice scaling transformations were applied using the 
Python library "pymatgen" [36].

In summary, the size of the training, validation, and 
evaluation sets before and after the lattice scaling regularization 
is indicated in Table 2.

To compare the effi ciency of the lattice scaling regularization 
method presented in this work, we have carried out similar 
experiments from the same initial dataset described in Table 2 
but employing four additional state-of-the-art regularization 
transformations for crystalline chemical structures. These four 
regularization transformations were (1) Random Perturbation, 
(2) Random Rotation, (3) Random Translate, and (4) Swap 
Axes. The same splits described in Table 2 have been used for 
all tested regularization transformations.

These transformations, performed using the Python library 
"AugLiChem", are briefl y described as follows:

• Random Perturbation: This regularization 
transformation perturbs all the sites of the crystalline 
compound unit cell by a short distance between 0 and 
0.5 Å. This approach is very effective because, with such 
a small perturbation, the main symmetry elements of 
the system are usually radically changed.

• Random Rotation: In the Random Rotation regularization 
transformation, all the sites in the crystal are randomly 
rotated between 0 and 360 degrees.

• Random Translate: In this regularization 
transformation, only a few crystal sites are displaced by 
a distance ranging from 0 to 0.5 Å.

• Swap Axes: In this regularization transformation, the 
coordinates of the sites in the crystal are swapped 

Table 1: List of the electrochemical and material properties predicted using the CGCNN model.

Property category Property Description

Electrochemical Average voltage Amount of electrical potential a battery holds. Units: V.

Electrochemical Gravimetric capacity Amount of electric charge an electrode material can store normalized by weight. Units: mAh/g.

Electrochemical Gravimetric energy
The specifi c energy of a battery is a measure of how much energy a battery can store normalized by 

weight. Units: Wh/kg.

Electrochemical Maximum voltage
The maximum voltage of a battery is the highest voltage among the different steps between total charge 

and total discharge. Units: V.

Electrochemical Minimum voltage
The minimum voltage of a battery is the lowest voltage among the different steps between total charge 

and total discharge. Units: V.

Electrochemical Volumetric capacity Amount of electric charge an electrode material can store normalized per volume. Units: Ah/l.

Electrochemical Volumetric energy
Energy density of a battery is a measure of how much energy a battery can store normalized per volume. 

Units: Wh/l.

Material Formation energy Energy of the material with respect to standard states (elements), normalized per atom. Units: eV/atom.

Material Energy Potential energy of the material, normalized per atom. Units: eV/atom.

Material Fermi energy Energy required to add an electron to the material. Units: eV.

Material Band gap energy
Energy difference between the top of the valence band and the bottom of the conduction band in the 

electronic structure of the material. Units: eV.
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between two axes, for example, between the x- and 
y-axes. With this transformation, the locations of all 
the crystal sites are considerably displaced.

Additionally, we have also prepared a baseline dataset 
using oversampling, in which each instance of the initial 
training dataset has been repeated ten times, but without 
any regularization transformation. The motivation of this 
baseline dataset is to have a dataset that is not transformed, 
but that contains the same amount of training samples as the 
regularized datasets. Therefore, the regularization techniques 
will be compared with this baseline dataset, so that the 
difference in performance cannot be attributed to differences 
in the amount of training data employed by the CGCNN model.

To obtain a more robust performance evaluation, the entire 
process has been replicated three times for each method (e.g., 
for anisotropic lattice scaling 5%, three different datasets 
have been created). In each replicate, we have followed the 
procedure described above, only changing the random seed. 
This affects which materials belong to the training, validation, 
and evaluation sets; the regularization transformations; and 
the training of the CGCNN model.

The complete dataset generation is described in Figure 2.

Results and discussions

The enhancement in property prediction performance 
of the CGCNN model due to the lattice scaling regularization 
has been evaluated by carrying out experiments to predict 
seven electrode materials' electrochemical properties and four 
material properties based on the chemical structure datasets 
listed in Table 2. These eleven properties have been documented 
in Table 1. The same procedure has been performed using the 
baseline dataset, and the regularized datasets. The fi rst metric 
considered to evaluate the models is the Mean Absolute Error 
(MAE), defi ned as the mean of the errors (in absolute value) 
that the model commits when predicting the corresponding 
property. The lower the MAE value, the better the model 
behaves. In addition, the Root Mean Squared Error (RMSE) 
has been calculated as another performance metric. It is the 
square root of the mean of the errors (in quadratic value) that 
the model commits when predicting the respective property. A 
lower RMSE value indicates a better performance of the model.

Furthermore, since each property has associated different 
units and variance, the Mean Absolute Deviation (MAD) of 
each predicted property has been calculated in the evaluation 
set to facilitate an unbiased comparison of the behaviour of 
the model applied to properties with different natures. MAD 
measures how spread out the data is in the evaluation set, like 

the standard deviation; it is the mean of the absolute difference 
between all the data and the mean value of the corresponding 
property [37]. The value of MAD represents the MAE that would 
be obtained by a random model that predicts the mean value 
of the dataset for any instance. Therefore, the MAD/MAE ratio 
has been evaluated, as it allows a better comparison between 
different properties. A model with a high MAD/MAE ratio (5 
or more) is considered an excellent predictive model. Finally, 
all metrics and predictions have been obtained using the 
same CGCNN model architecture but applying the different 
regularization methods to the dataset.

Regarding the prediction of the electrochemical properties, 
Table 3 compares the lattice scaling regularization methods 
and the previous state-of-the-art regularization techniques 
with the baseline dataset. For the lattice scaling regularization, 
the anisotropic lattice scaling (5%) improves the prediction 
of every property except for gravimetric capacity, for which 
this technique is neutral. The anisotropic lattice scaling (30%) 
improves every property prediction, except for minimum 
voltage, where it is neutral, and gravimetric capacity, where it 
worsens the performance. On the other hand, isotropic lattice 
scaling (5%) improves the prediction of every electrochemical 
property except for minimum voltage, where it is neutral, or 
gravimetric energy, where it performs worse than the baseline 
dataset. Lastly, isotropic lattice scaling (30%) only improves 
the predictions of gravimetric capacity, volumetric capacity, 
and maximum voltage, worsening the predictions of the rest 
of the properties.

For every electrochemical property except gravimetric 
energy, one or multiple lattice scaling regularization 
methods give the best MAD/MAE improvement out of all the 
regularization techniques, performing better than the state-
of-the-art approaches. It is particularly noteworthy that the 
±5% anisotropic lattice scaling - grounded in experimentally 
observed chemo-mechanical volume changes in electrode 
materials - consistently delivers strong improvements across 
electrochemical properties, underscoring the value of this 
physically motivated regularization choice. We see remarkable 

Table 2: Overview of the datasets used as input for property prediction using the 
CGCNN model, with and without Regularization. Regularized materials are used only 
for training.

Datasets
Training dataset
Nº of materials

Validation dataset
Nº of materials

Evaluation dataset
Nº of materials

Initial Dataset 3515 439 440

After Regularization 38665 439 440

Figure 2: General framework describing the lattice scaling data augmentation 
method and the pipeline using this data augmentation for the predictive CGCNN 
model.
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improvements, up to 10.5% in the case of anisotropic lattice 
scaling (30%) applied to maximum voltage prediction. 
Regarding gravimetric energy, although anisotropic lattice 
scaling performs better than the baseline, the best results are 
obtained by the random perturbation regularization method.

An additional model was also trained with the initial 
dataset, but it consistently showed a worse performance than 
the other methods, since it contained 10 times less data than 
the baseline or the regularized datasets.

It should be noted that, except for a few cases, the state-
of-the-art regularization techniques for crystalline materials 
perform worse than the baseline dataset, where we are simply 
oversampling 10 times the initial dataset without any additional 
transformation. This topic will be discussed later (Table 3).

The same strategy has been followed to evaluate 
the effectiveness of the lattice scaling regularization 
transformation on the enhancement of the materials' 
properties prediction using the CGCNN model. Apart from 
the electrochemical properties of the electrode materials, the 
CGCNN models were also trained to predict four materials 
properties: formation energy, energy, Fermi energy and band 
gap energy. The applicability of the proposed regularization 
strategy differs importantly across these properties, and it is 
necessary to clearly delineate its limitations. For formation 
energy, every regularization technique performed worse than 
the baseline. This result has a clear physical interpretation: 
formation energy depends strongly on interatomic distances 
and the exact geometry of the coordination environment. 
Since the lattice scaling transformation directly modifi es these 
structural parameters, the assigned labels no longer accurately 
refl ect the true formation energy of the scaled structures. 
In other words, the label-preservation assumption breaks 
down for formation energy, and any structural regularization 
transformation necessarily introduces label noise that 
degrades predictive accuracy. The method is therefore not 
recommended for formation energy prediction, and caution 
should be exercised for any property that is tightly coupled 
to specifi c bond lengths or angles. For energy per atom, the 
impact of every regularization technique was either neutral 

or positive, with isotropic lattice scaling (5%) providing the 
greatest improvement, followed by isotropic lattice scaling 
(30%). In the case of Fermi energy and band gap energy - both 
intrinsic electronic properties known to be sensitive to crystal 
structure - the label-preservation assumption requires careful 
consideration. The Fermi energy depends on the electronic 
density of states, which shifts as the band structure changes 
with lattice parameter variations. Similarly, band gap energy is 
affected by crystal fi eld splitting and orbital hybridization, both 
of which are modulated by interatomic distances. Despite these 
sensitivities, both types of lattice scaling at ±5% had a positive 
impact on Fermi energy prediction, and anisotropic lattice 
scaling (5%) provided the greatest improvement for band gap 
energy. This indicates that within the physically meaningful 
±5% range, the regularization benefi t - reduced overfi tting 
- outweighs the label noise introduced by the perturbation. 
In contrast, most state-of-the-art regularization methods 
impaired performance for these properties, suggesting that 
physically grounded, small-magnitude perturbations are 
essential when regularizing predictions of structure-sensitive 
electronic properties. For larger volume variations (30%), 
results become mixed, consistent with the increased label 
inconsistency expected at greater structural distortions beyond 
the physically realistic regime. In the case of Fermi energy, both 
types of lattice scaling (5%) had a positive impact, while most 
of the state-of-the-art regularization methods impaired the 
performance of the model. Finally, band gap energy improved 
the most with anisotropic lattice scaling (5%), having mixed 
results with the other techniques (Table 4).

In summary, lattice scaling regularization, and especially 
anisotropic lattice scaling with a maximum volume change 
of 5%, generally improve the performance of the CGCNN 
predictive model in comparison to the baseline dataset and 
to the other state-of-the-art regularization techniques 
(with some exceptions). The ±5% volume variation range is 
particularly highlighted as a key strength of this framework: it 
directly mimics the chemo-mechanical expansion observed in 
insertion-based battery electrodes during cycling, constitutes 
a physically meaningful perturbation, and most reliably 
preserves material property labels - making it the recommended 
regularization setting for battery materials prediction.

Table 3: Comparison of electrochemical property prediction with different techniques of Regularization strategy, expressed as the mean MAD/MAE improvement with respect 
to the baseline dataset. For MAD/MAE ratio, a higher metric is indicative of a better performance. The higher, the better. For a recapitulative of the comparative metrics on the 
prediction of the CGCNN model for all methods (MAE, RMSE, and MAD/MAE ratio), see Tables S1-S7.

Average Voltage 
(V)

Gravimetric Capacity 
(mAh/g)

Gravimetric Energy 
(Wh/kg)

Maximum voltage 
(V)

Minimum voltage 
(V)

Volumetric capacity 
(Ah/l)

Volumetric Energy 
(Wh/l)

Anisotropic Lattice 
Scaling (5%)

4.6% 0.5% 4.2% 3.1% 3.3% 7.3% 9.2%

Anisotropic Lattice 
Scaling (30%)

6.0% -1.1% 6.9% 10.5% 0.7% 2.4% 7.8%

Isotropic Lattice 
Scaling (5%)

2.5% 1.4% -2.2% 4.4% -0.3% 3.0% 7.8%

Isotropic Lattice 
Scaling (30%)

-3.0% 1.8% 0.6% 2.4% -5.0% 4.8% -1.5%

Random Translate -1.8% -3.8% -6.1% -2.4% -1.9% 1.6% 2.7%

Random Perturb -3.4% -7.8% 10.7% 9.3% -0.2% -0.6% 4.3%

Random Rotate -8.1% -2.5% -3.1% -0.8% -8.9% 0.7% 1.8%

Swap Axes -7.5% -1.0% -7.2% -7.1% -12.8% -1.6% -2.2%
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In most of the cases, the state-of-the-art regularization 
techniques tend to perform worse than the baseline dataset. 
In this study, we have used the default confi guration for 
the different regularization methods, which could be one 
of the reasons for this substandard performance. Using 
hyperparameter tuning to select the best confi guration for each 
technique could be essential in improving their performance 
in material and electrochemical property prediction. Likewise, 
this tuning could be applied to our lattice scaling method to 
further increase the predictive performance of the CGCNN 
model (Figure 3).

It should be noted that the performance of each 
regularization technique seems to be related to the property 
that is being predicted. The prediction of some material 
properties, such as formation energy, is always impaired 
when using structural regularization, independently of the 
transformation. As discussed above, this is not a coincidental 
observation but refl ects a fundamental limitation: lattice scaling 
regularization modifi es the very structural parameters that 
govern formation energy, invalidating the label-preservation 
assumption for this property. Practitioners should therefore 
be aware that the applicability of lattice scaling regularization 
is property-dependent: it is most benefi cial for properties 
governed by long-range structural features or overall material 
composition, and least suitable for properties tightly coupled 
to specifi c short-range bonding geometries. On the contrary, 
properties such as volumetric energy improve with almost 
every regularization transformation when comparing it to 
the baseline. By applying a regularization transformation 
while maintaining the same labels, we are biasing the model 
into considering that this transformation does not affect the 
predicted property. For instance, in the case of formation 
energy, we hypothesize that the volume of the unit cell and, 
in general, atomic displacements, affect the fi nal value of 
the property. Therefore, when applying any regularization 
technique, the prediction would not improve on this property, 
because it depends on the parameters that we are modifying. 
The same reasoning could be applied to the other materials and 
electrochemical properties.

Furthermore, the initial dataset from Materials Project 
contains electrode active materials of different metal-ion 
batteries. A recent work on image regularization via data 
augmentation shows that certain regularization techniques 
can enhance the prediction on certain classes, while impairing 
the prediction on other classes [38]. In this work, we evaluate 
the regularization techniques without distinguishing between 
the different inserted metal ions. However, it is known that 
insertion-based batteries with different metal ions experiment 
different volume changes during their charge and discharge 
steps, as seen in the Materials Project database [39-42]. 
Given the difference in volume changes and the fact that 
the lattice scaling works by modifying the volume of the 
materials, it would be interesting to analyse the performance 
of this technique on the batteries with different mobile ions to 
evaluate whether it depends on the type of ion. This knowledge 
could be useful for practical applications, to choose the method 
that better improves the prediction on LIBs instead of metal-
ion batteries in general.

Limitations of the study

Although the proposed lattice-scaling regularization 
strategy demonstrates signifi cant improvements for several 
electrochemical and intrinsic material properties, certain 
limitations should be acknowledged. First, the effectiveness of 
the method is strongly dependent on the structural sensitivity 
of the target property. Properties such as formation energy, 
which are highly dependent on precise interatomic distances 
and local bonding environments, may experience degraded 
predictive performance due to violations of the label-
preservation assumption.

Second, the present study focuses primarily on insertion-
based battery materials obtained from the Materials Project 
Battery Explorer database and does not explicitly distinguish 
between different mobile-ion chemistries. Since different 
battery systems may exhibit distinct chemo-mechanical 
behaviors and volume expansion characteristics, the optimal 
regularization regime may vary across material classes.

Additionally, the regularization parameters employed in 
this work were selected based on physically motivated volume 
ranges rather than systematic hyper-parameter optimization. 
Further tuning of augmentation magnitude and transformation 

Table 4: Comparison of material property prediction with different techniques 
of Regularization strategy, expressed as the mean MAD/MAE improvement with 
respect to the baseline dataset. For MAD/MAE ratio, a higher metric is indicative of a 
better performance. For a recapitulative of the comparative metrics on the prediction 
of the CGCNN model for all methods (MAE, RMSE, and MAD/MAE ratio), see Tables 
S8-S11.

Formation energy 
(eV/atom)

Energy (eV/
atom)

Fermi 
energy (eV)

Band gap 
energy (eV)

Anisotropic Lattice 
Scaling (5%)

-0.6% 0.2% 2.6% 3.7%

Anisotropic Lattice 
Scaling (30%)

-15.6% -1.9% -0.1% 1.6%

Isotropic Lattice 
Scaling (5%)

-8.3% 3.8% 2.2% 0.1%

Isotropic Lattice 
Scaling (30%)

-1.1% 1.8% -3.6% -4.0%

Random Translate -9.2% 0.6% 1.6% 1.4%

Random Perturb -16.9% -4.5% -6.2% 0.2%

Random Rotate -8.0% -0.8% -3.2% -4.5%

Swap Axes -4.1% -2.9% -4.8% -5.4%

Figure 3: Comparison of the mean MAD/MAE ratio between isotropic and 
anisotropic lattice scaling (5%), the Swap Axes DA transformation, and the baseline 
dataset.
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strategies may yield additional improvements in predictive 
performance.

Finally, while the proposed approach improves model 
generalization, the augmented structures should not be 
interpreted as fully independent ground-truth confi gurations. 
Instead, they represent controlled perturbative approximations 
intended to improve learning robustness within physically 
realistic structural regimes.

Conclusion

In conclusion, lattice scaling is a powerful regularization 
technique to improve the prediction of some electrochemical 
and material properties. Its effectiveness is most pronounced 
within the physically meaningful ±5% volume variation range, 
which stands out as a key strength of the proposed framework 
by directly refl ecting real chemo-mechanical processes 
in insertion-based battery electrodes. It could have many 
possible near-future applications in predicting electrochemical 
properties, as it can ensure substantial gains over other standard 
regularization approaches, given that, with some exceptions, 
the standard state-of-the-art regularization transformations 
produce a worse performance than simply oversampling the 
initial dataset.
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