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Machine Learning for Accelerating Energy Materials
Discovery: Bridging Quantum Accuracy with Computational

Efficiency

Kwang S. Kim

Machine learning (ML) has revolutionized energy materials discovery through
two key paradigms: ML potentials enabling quantum-accurate atomistic
simulations with 2-4 orders of magnitude speedup over density functional
theory, and ML-driven screening that efficiently navigates vast chemical
spaces for rapid materials optimization. Advanced approaches, including
graph neural networks and sparse Gaussian process regression incorporate
physical symmetries and conservation laws, going beyond traditional
statistical methods. Applications span battery materials, electrocatalysts, solar
cells, phase change memory, and hydrogen storage systems, enabling
simulations of thousands of atoms over extended timescales beyond the
reach of quantum mechanical methods. Together, these complementary ML
approaches enable predictive computational models spanning atomic to
macroscopic scales. Current challenges include data quality, extrapolation to
new chemical spaces, and physical interpretability. Emerging solutions
involve equivariant architectures, active learning strategies, and
physics-informed neural networks. The convergence of ML methodologies
with experimental workflows can accelerate materials discovery and
optimization. This addresses critical sustainable energy challenges in
conversion, storage, and utilization while supporting the development of

utilization. This need has catalyzed
the development of computational
approaches to accelerate materials dis-
covery and optimization across batteries,
catalysts, solar cells, and other energy
systems.'#*l  The vast combinatorial
space of elements, structural configu-
rations, and surface compositions in
the search for novel materials renders
exhaustive investigation using conven-
tional approaches impractical.l’) Because
conventional approaches suffer from
low efficiency, long timescales, and high
computational cost, exploration and
design of energy materials increasingly
rely on innovative strategies. The in-
tegration of high-throughput material
screening with predictive modeling
has emerged as a pivotal focus area.

This perspective offers several con-
tributions beyond prior reviews: 1) a
comprehensive and contemporary inte-
gration of machine learning (ML) poten-

autonomous discovery platforms. In this way, ML helps overcome
computational limitations in multiscale energy materials research and
supports the efficient design of novel materials with tailored properties.

1. Introduction

The global transition to sustainable energy systems requires
rapid innovation in materials for energy conversion, storage, and
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tials with materials screening, showing
how these paradigms can be unified;
2) a detailed comparison of sparse
Gaussian process regression (SGPR)
with graph neural networks (GNNs),
including  practical implementation
guidelines; 3) introduction of the “materials digital twins (MDT)”
concept with frameworks for multiscale modeling; 4) an ex-
panded treatment of compositional ML approaches for broader
chemical coverage; and 5) practical decision-making frameworks
for method selection based on dataset characteristics and appli-
cation requirements.

ML has emerged as a powerful approach to address these
challenges, offering complementary pathways to accelerate en-
ergy materials research. The recent advancements in artificial
intelligence (Al), neural network (NN), and big data techniques
have significantly increased expectations that data-driven materi-
als science would revolutionize scientific discoveries, establish-
ing new paradigms for energy materials development.[®’] The
screening of high-performance materials alongside the develop-
ment of models that link structural characteristics to functional
properties has become central to the field.®]

ML facilitates energy materials development through two pri-
mary approaches:
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1) ML Screening (MLS) methodologies that efficiently nav-
igate vast chemical spaces by establishing relationships
between material properties and performance, reducing
the computational burden associated with high-throughput
screening®12]

2) ML Potentials (MLPs) methodologies bridging the gap be-
tween quantum mechanical accuracy and classical force-field
efficiency, enabling simulations of complex material sys-
tems with near—first-principles fidelity and high computa-
tional speed,1 and providing high-throughput screening
databases spanning both well-studied materials and unex-
plored chemical or structural spaces.

MLPs, also referred to mostly as machine-learned inter-
atomic potentials (MLIPs), have emerged as a critical bridge
between highly accurate but computationally intensive den-
sity functional theory (DFT) and empirically derived classi-
cal potentials.'78] In 1995, Doren and coworkers employed
ML techniques to construct interatomic potentials by map-
ping atomic structures to their potential energies.['”! These ap-
proaches promise to fill the gap between quantum mechani-
cal methods and classical potentials, offering accuracy compara-
ble to the former with computational efficiency approaching the
latter.

Conventional MLS approaches relying on training with
existing data encounter fundamental limitations when ap-
plied to novel materials lacking relevant data. Overcom-
ing these limitations necessitates a new paradigm for novel
materials design. Fortunately, the behavior of material sys-
tems is governed by quantum mechanical laws, and ac-
curate solutions to these quantum mechanical equations
could enable the prediction and creation of novel material
phenomena.

Despite this quantum mechanical foundation, critical chal-
lenges persist in conventional computational materials sci-
ence. DFT, providing essential quantum mechanical accu-
racy, exhibits cubic scaling with respect to system size, ren-
dering it computationally prohibitive for systems exceeding
a thousand atoms and ab initio molecular dynamics (MD)
simulations beyond tens of picoseconds.®! This constraint
limits the applicability of quantum mechanical methods to
many critical energy materials problems that inherently re-
quire large system sizes and extended time scales, such as ion
diffusion mechanisms, interfacial dynamics, and degradation
processes.[20]

This perspective examines recent advances in both MLS and
MLP developments, with particular focus on their revolution-
ary impact on discovery and design of energy materials. We
address the creation of efficient and accurate interatomic po-
tentials using ML, and the application of diverse ML architec-
tures for predicting critical properties. The fusion of these mutu-
ally reinforcing ML strategies establishes predictive simulations
that connect atomic-level phenomena to macroscopic behavior
and engineering-scale properties, creating what we term MDTs.
These are real-time, bidirectionally coupled computational repli-
cas that continuously update based on experimental feedback,
providing novel insights into ion diffusion, phase transitions, and
interfacial dynamics beyond what conventional multiscale mod-
eling can achieve.
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2. Machine Learning Approaches for Property
Prediction and Materials Screening

While MLPs focus on accurate energy and force predictions
for atomistic simulations, MLS approaches are used in direct
prediction of materials properties to enable high-throughput
screening.22!] Figure 1 illustrates the comprehensive landscape
of ML approaches for energy materials discovery, showcasing the
interconnected methodologies from data preprocessing through
advanced neural architectures to practical applications.

2.1. Database Construction and Data Infrastructure

High-quality databases are critical for ML in energy materials re-
search, as data reliability significantly influences model accuracy.
Community-driven efforts such as the Materials Genome Initia-
tive, Materials Project, AFLOW, OQMD, NOMAD, and Google
DeepMind’s GNoME project provide large repositories of first-
principles-calculated properties,[?%] while platforms like Cit-
rine Informatics and the Materials Data Facility standardize ex-
perimental data access.®! However, major challenges remain.
Experimental protocols vary across studies, published datasets fa-
vor successful results over failed experiments,[?-2] and data qual-
ity issues limit model generalizability.

Concrete solutions include: 1) Standardized experimental pro-
tocols through international collaboration; 2) Automated data ex-
traction using natural language processing; 3) “Negative result”
databases to counteract publication bias; 4) Uncertainty quantifi-
cation (UQ) in all ML models; 5) Cross-validation protocols ac-
counting for chemical similarity; and 6) Physics-informed mod-
els encoding conservation laws for improved robustness.

2.2. Feature Engineering and Descriptor Development

Feature engineering strongly influences materials ML perfor-
mance, as it depends on appropriate descriptor selection.!??3(]
Key descriptors for energy materials include adsorption ener-
gies of intermediates, 3121 d-band centers determining adsorbate
interactions,®*] coordination environments influencing elec-
tronic properties,3* bond-orientational order parameters cap-
turing local geometric arrangements,!**! and elemental proper-
ties (electronegativity, atomic radii, valence electrons).>**’] Fea-
ture analysis uses filter, embedded, wrapper, and deep learning
methods,3¥! with deep neural networks (DNNs) showing partic-
ular success in nonlinear modeling.*"]

2.3. Machine Learning Architectures for Materials Property
Prediction

Various ML architectures have been applied to materials prop-
erty prediction, each with specific advantages for different prob-
lem types.[“#21 ML approaches are categorized into supervised
learning (labeled datasets for regression/classification),[*>*! un-
supervised learning (pattern discovery without labels),[*] and re-
inforcement learning (RL).*”) Although RL is attracting inter-
est for materials discovery and optimization, its practical use
in experimental discovery is still limited, with most success in
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Machine Learning Screening (MLS)

Machine Learning Potentials (MLPs)

* Feature Engineering: Descriptors/Fingerprints for Materials Representation
* ML algorithms
Classification: SVM, Random Forests,
Regression: Kernel Ridge Regression (KRR), Gaussian Process (GPR,SGPR)
Deep Learning: Feed-Forward NNs, Graph NNs (GNNs)
Linear Model: Atomic Cluster Expansion (ACE) for small data
Nonlinear Model: Alternating conditional expectations for small data
« Advanced Strategies
Active Learning, Bayesian Optimization
Transfer Learning: Multi-fidelity, cross-domain knowledge
Ensemble Methods: Mode combination, uncertainty estimation
¢ Current Challenges
Data Quality/Availability: Limited experimental datasets, Inconsistent data
Extrapolation Capability: Prediction outside training distribution, Novel features
Model Interpretability: Black-box nature of complex ML models

Neural Network Kernel Method

* Behler-Parrinello NNs * GAP:
Atom-centered symmetry functions Gaussian Approximation
« SchNet, MPNNs (Message Passing NNs) Potential
Graph-based methods * GPR:
« Invariant-feature-based GNNs Gaussian Process
M3GNet (Materials 3-body Graph Network) Regression
CHGNet (Crystal Hamiltonian Graph Network) * SGPR:

Sparse Gaussian
Process Regression
*« SGPR-RBCM:
Robust Bayesian
Committee Machine

« Equivariant GNNs
SE(3)-Transformers
E(3)-equivariant representations
NequlP (Neural Equivariant Interatomic Potential)
MACE (Message-passing Atomic Cluster Expansion)

Energy Applications

Integration with Experimental workflows; Autonomous Materials discovery;

Batteries (Solid electrolytes, Cathode materials, Li/Na conductors, Electrolytes, Charging); Catalysts (HER/OER/ChER/HRR/NRR/CO,RR, Single-atom/2D-materials Catal.);
Solar Cells (Perovskites, Organic photovoltaics, Interface engineering, Charge transport); Phase change memory materials;

H, storage & CO, capture materials;
g, Multi-scale simulation integration)

Modeli

Materials Digital Twins (Predictive

Future Directions

Transfer learning Uncertainty Quantification

Physics-informed ML High Throughput Integration

Reliable confidence estimation
Risk assessment frameworks
Bayesian model averaging
Ensemble uncertainty methods
Prediction interval calibration
Decision support systems

Cross-domain knowledge transfer
Few-shot learning approaches
Meta-learning strategies

Domain adaptation techniques
Pre-trained foundation models
Multi-modal integration

Integration of physical constraints
Domain knowledge incorporation
Conservation laws enforcement
Thermodynamics consistency
Multi-physics coupling
Interpretable model design

Al-driven experimental workflows
Autonomous laboratories

Robotic synthesis platforms
Closed-loop optimization
Real-time decision making
Experimental design automation

Figure 1. Machine learning approaches for energy materials discovery.

computational or simulated environments that require sequen-
tial decision-making and optimization. RL applications include
autonomous experimental design, where agents learn to select
optimal synthesis conditions through trial-and-error interactions
with experimental systems, and inverse materials design, where
RL algorithms navigate vast compositional spaces to discover ma-
terials with target properties. Recent examples include RL-driven
optimization of catalytic reaction conditions, automated synthe-
sis protocols for novel compounds, and adaptive screening strate-
gies that learn from previous experimental outcomes to guide
future material selections. In crystal structure optimization, RL
agents modify atomic arrangements to achieve desired electronic
or mechanical properties, receiving feedback from DFT calcu-
lations to design semiconductors with specific bandgaps. Alloy
composition discovery uses RL to navigate multi-component sys-
tems, successfully identifying high-entropy alloys with superior
mechanical properties. Graph-based RL frameworks represent
materials as networks of atoms and bonds, enabling system-
atic exploration of chemical space. Multi-objective approaches
balance competing properties like strength versus ductility for
aerospace applications, while hierarchical RL operates across
multiple length scales for composite materials design, and pro-
cess optimization controls manufacturing parameters and defect
engineering.

Key Algorithms:

Regression Models: Linear regression provides fast, accurate pre-
dictions for small experimental datasets.*®] Logistic regression
enables rapid high-performance materials identification through
classification.l*”] Gaussian process regression (GPR) discovers

Ady. Energy Mater. 2026, 16, 03356 e03356 (3 0f31)

complex relationships using unlimited parameters, particularly
valuable for battery and solar cell materials.[>%>1]

Neural Networks: Mathematical models imitating biological
networks with fault tolerance, parallel processing, and strong
nonlinear fitting capabilities.>>*] Deep learning algorithms in-
clude convolutional NN (CNN), recurrent NN (RNN), and long
short-term memory network (LSTM).15]

Classification Algorithms: Support vector machines (SVM) di-
vide datasets into categories with high accuracy for limited
samples.>®%”] Decision trees and random forests (RFs) provide
interpretable mapping relationships, with RFs sampling multi-
ple subsets for improved performance.l>®*]

Small Dataset Techniques: The alternating conditional expec-
tations (ACE) method finds optimal regression transformations
without prior assumptions, proving valuable for predicting per-
ovskite bandgaps with only 126 samples.[®0-62]

2.4. Machine Learning Model Analysis

ML model evaluation uses cross-validation with metrics such as
root mean square error (RMSE) and coefficient of determination
(R?).[63] Common validation methods include leave-one-out, k-
fold cross-validation, and holdout validation. Effective ML models
must balance prediction accuracy with practical utility, since high
accuracy alone does not guarantee stability or generalization.[%]

Tables 1 and 2 provide comprehensive overviews of super-
vised and unsupervised/RL approaches in materials science, de-
tailing theoretical foundations, advantages, limitations, and ap-
plications. These frameworks serve as practical guides for al-
gorithm selection based on dataset characteristics and problem
requirements.
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Table 1. Supervised learning approaches in materials science.
Category/ML-algorithm? Theoretical foundation Advantages Limitations Applications

o Linear Method®)
Linear Regression,
Ridge, Lasso,
Elastic Net

o Logistic Method®)
Logistic Regression

o Support Vector Method®)
SVM,
SVR

o Tree-Based Method®)
Decision Trees,
Random Forest,
Extra Trees

e Ensemble: Boostingf)
XGBoost, LightGBM,
CatBoost, AdaBoost

o Ensemble: Bagging®
Random Forest, Bootstrap
Aggregating

o Ensemble: Stacking”
Stacking,
Multi-level Ensembles

® Deep Learning:
Feedforward)

Multilayer Perceptrons,
DNN

o Deep Learning: CNN))
CNN, ResNet, DenseNet

o Deep Learning: GNNY
GCN, CGCNN, MEGNet

® Deep Learning: RNN
LSTM, GRU, Transformers

o Bayesian Method™
Bayesian Regression, BNN,
Variational Inference

o Kernel Method™
KRR,
Gaussian Process, SVM

o Gaussian Process®)
GPR,

SGPR,
SGPR-RBCM

PAC learnable,

convex optimization,
Tikhonov regularization,
consistent learners

convex log-likelihood,
probabilistic framework,
MLE with guarantees,
generalized linear model
maximum margin (y),
VC-dim.: O(R?/y?) [R:
radius], kernel trick, convex
optimization

finite VC-dimension,
non-parametric, recursive
splitting, information criteria

boosting theory,
weak-to-strong learning,
sequential correction,
margin bounds
bootstrap sampling,
bias-variance decomp.,
majority voting,
variance reduction
meta-learning,
cross-validation,
generalization theory,
diversity exploitation
universal approx.,
gradient descent,
backpropagation,
capacity control
translation invariance,
hierarchical features, weight
sharing, depth benefits

graph theory, permutation
invariance, message
passing, spectral theory

sequence modeling, attention,
memory networks, gradient
flow

Bayes’ theorem,
posterior inference,
prior incorporation,

uQ

RKHS,

Mercer's theorem,
representer theorem,
implicit feature mapping
Bayesian non-parametric,
RKHS,

probabilistic predictions,
posterior inference

fast training O (nd?)

(n: data size,

d: feature dimension);
Reg. prevents overfitting

probabilistic output,
fast inference O(d),
handles small datasets,
natural uncertainty
high-dim. efficiency,
memory efficient,
kernel flexibility,

global optimum

interpretable rules, handles
non-linearity, robust to outliers,
automatic selection

high accuracy,

handles mixed data,
built-in regularization,
automatic selection
variance reduction,
parallel training,

robust predictions,
feature importance
diverse strengths,

highest accuracy,
bias/variance reduction,
complementary algorithm
automatic features, universal
capability, scalable,
complex patterns

spatial patterns, parameter
efficiency, translation invariant,
hierarchical abstraction

structure-aware, permutation
invariant, variable structures,
local/global interactions

sequential processing, long-term
dependencies, attention
mechanisms, variable length

principled uncertainty, prior
knowledge, overfitting robust,
probabilistic outputs

high-dim. mapping, non-linear
modeling, theoretical
foundation, global optimum

natural uncertainty,
prior incorporation,

works with small to large datasets

(SGPR-RBCM)

linear boundaries only, poor
extrapolation, sensitive to
outliers, assumes
independence

linear boundary,
requires feature scaling,
assumes feature indep.,
high-dim. overfitting

critical kernel selection,
O(n?) complexity,

poor scalability, no
probabilistic output

overfitting tendency, instability,
biased features,
exponential complexity

hyperparameter tuning,
overfitting risk,
sequential training,
less interpretable

high memory use,
Potential bias,

less interpretable,
limited gains
implement. complexity,
computational cost,
overfitting risk,
interpretation

large datasets required,
black-box nature,
hyperparameter sensitivity,
local minima

large datasets, architectural
complexity, computational
intensity, grid-limited

limited theory,
over-smoothing, scalability:
O(n), architectural
complexity

vanishing gradients,
sequential bottlenecks,
memory requirements,
training complexity
comput. complexity, prior
specification, approximation
quality, scalability

kernel selection, O(n?)
complexity, hyperparameter
sensitivity, scalability

kernel selection,

GPR: O(n?) complexity,
[SGPR: O(nm?),
RBCM: O (nm?/p?)]

property prediction, feature
analysis, initial screening
of materials database

phase classification,
stability prediction,
synthesis feasibility,
property classification

non-linear prediction,
limited data,
high-dim. descriptors,
similarity learning
classification, feature
ranking, catalyst
screening, defect
prediction

high-accuracy prediction,
catalyst discovery,
synthesis optimization

robust prediction,
uncertainty estimation,
feature selection,
high-dim. data
competition settings,
high-stakes prediction,
maximum accuracy,
benchmark perform.
complex prediction,
spectroscopy anal.,
large-scale screening,
non-linear relationships
image analysis,
microscopy, crystal
recognition,
microstructure

crystal properties,
molecular design,
catalyst discovery,
structure-property
synthesis planning,
reaction prediction,
time-series analysis,
sequential design
decision with UQ,
small data scenarios

non-linear regression,
similarity learning,

small datasets,

materials similarity
uncertainty-aware design,
active learning, Bayesian
optimization
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Table 1. (Continued)

Category/ML-algorithm?) Theoretical foundation Advantages Limitations Applications

o Transfer Learning® learning theory, domain shift,

Domain Adaptation, representation learning,
Fine-tuning, inductive bias transfer transfer
Multi-task

o Active Learningd) information theory, optimal
Uncertainty Sampling, design,
Query by Committee, exploration-exploitation,

Expected Improvement acquisition optimization selection
inductive transfer,

shared representations,

o Multi-task Learning
Multi-task Networks,
Multi-output Regression data efficiency,

shared features

task relationships,
joint optimization
o Few-shot Learning®)

meta-learning theory, few-shot rapid adaptation,

Meta-learning, generalization, minimal data,

Prototypical Network, gradient-based prior experience,

MAML meta-learning

e Online Leaming‘) regret minimization, online

Online Gradient Descent, optimization, mistake

Perceptron bounds, competitive analysis

pre-trained models, reduced data,
accelerated training, knowledge

minimizes labeling, informative
samples, iterative
improvement, principled

concurrent related tasks,
improved generalization,

cross-task generalization
streaming data, memory efficient,
distribution adaptation,
theoretical guarantees

domain mismatch, negative
transfer, fine-tuning
complexity, source
dependence

interaction required,
acquisition design, cold
start, computational
overhead

task relationships, objective
balancing, increased
complexity, negative transfer

meta-training required,
comput. complexity,
limited task diversity,
implementation challenge
no batch benefits,
ordering sensitivity,
assumption required,
limited statistical analysis

cross-domain prediction,
limited data,
related materials

experimental design,
high-throughput
screening, low-cost
validation

multiple properties, related
classes, shared features,
correlated properties

novel materials discovery,
rapid screening, minimal
data scenarios

real-time monitoring,
streaming analysis,
adaptive systems,
continuous learning

* p: data size, d: feature dimension, m: inducing points, p; ensemble samples. Supervised Learning: All methods require labeled training data for learning input-output
mappings. PAC: Probably Approximately Correct, MLE: Maximum Likelihood Estimation, VC: Vapnik-Chervonenkis, ResNet: Residual Network, DenseNet: Densely Connected
Convolutional Network, GCN: Graph Convolutional Network, GRU: Gated Recurrent Unit, RKHS: Reproducing Kernel Hilbert Space, MAML: Model-Agnostic Meta-Learning;

®) (272-275]; 9 [49,276]; ¥ [277-279]; © [280-282); 0 1283-285]; ¥ (280,286]; " [287,288]; " [289,290]; " [291-293]; ¥ [46,71,79,294]; " [295-297); ™ [223,298]; " [278,299,300];
°) [68,69,92,94,101,301]; P [302-304]; ¥ [101,204,305]; " [306-308]; ¥ [309-311); " [312,313].

3. Theoretical Foundations of Machine Learning
Potentials

MLPs represent an important advance in computational materi-
als science, bridging the accuracy of quantum mechanical meth-
ods with the efficiency of classical force fields. They learn rela-
tionships between atomic configurations and their correspond-
ing energies and forces by training on quantum mechanical ref-
erence data. This enables prediction of material properties with
near-quantum accuracy while achieving computational speeds 2—
4 orders of magnitude faster than traditional DFT calculations.
The key principle is to represent atomic environments with de-
scriptors that capture local chemical information while respect-
ing physical symmetries, then use these descriptors to predict
energies and forces through various ML architectures.

3.1. Evolution of Machine Learning Potentials

The development of MLPs has progressed through increas-
ingly sophisticated representations and architectures.!*®! Early
approaches handled mainly low-dimensional systems such as
small molecules in vacuum, often relying on empirically de-
rived force fields.®® The Behler-Parrinello NN was a major
breakthrough, transforming atomic coordinates into symmetry-
adapted fingerprints before processing with fully connected
NNs.[13] This ensured invariance under rotation, translation, and
permutation of atoms, although it required careful feature en-
gineering. These symmetry-preserving representations reduced
the NN search space, improving accuracy and transferability.
Kernel-based methods, notably Gaussian approximation poten-

Ady. Energy Mater. 2026, 16, 03356 e03356 (5 Of31)

tials (GAPs) by Bartok et al.[% offered an alternative by defining
similarity measures between atomic environments using GPR.
These methods achieved excellent accuracy but faced scalabil-
ity challenges with large datasets.[>®’] A significant advancement
was the development of the SGPR framework to address the
O(n?) scaling of standard GPR (n: data size), which becomes com-
putationally intractable for training datasets n exceeding ~10*
samples. SGPR introduces a low-rank approximation using a
reduced set of m inducing points that capture essential statis-
tics of the full dataset, reducing the computational complexity to
O(nm?), where m << n.1%8]

Recent ensemble approaches have further addressed scaling
issues. The Bayesian committee machine (BCM) potentiall® 7]
divides training data among multiple “local expert” SGPR
models, combining predictions through principled weighting
schemes. The robust BCM (RBCM) framework can improve the
scaling of kernel regressors, with training complexity approach-
ing O(nm?[p?) where p is the number of local experts under ideal
conditions of non-overlapping expert domains, while maintain-
ing accuracy comparable to full GPR models.”" Actual perfor-
mance improvements depend on data distribution and expert as-
signment strategies.

Concurrently, message passing NNs (MPNNs)!"»72 made sig-
nificant advances by treating molecules and materials as graphs,
with atoms as nodes and interactions as edges. This represen-
tation naturally captures atomic connectivity and facilitates effi-
cient information exchange. SchNet,[”>7* a pioneering MPNN
for materials, demonstrated continuous-filter convolutional lay-
ers to model quantum interactions while respecting physical
symmetries.
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Table 2. Unsupervised learning and reinforcement learning approaches.

Category/ML-algorithm? Theoretical foundation Advantages Limitations Applications

o Dimensionality Reduction®
PCA,

t-SNE,

UMAP

o Clustering®)

k-means,

DBSCAN,

HDBSCAN, Hierarchical

o Deep Learning — Generative®)
VAE,

GANs,

Normalizing Flows

o Bayesian Methods®)
Bayesian Clustering, Mixture
Models, Dirichlet Processes

o Online Learning

Online Clustering, Streaming
PCA,

Online NMF

o Reinforcement Learning®)
Q-Learning,

DQN, Actor-Critic,

Policy Gradients

spectral methods,
manifold learning,
random projection,
concentration inequalities,
eigenvalue decomposition
Lloyd’s algorithm,
density-based clustering,
graph theory,

spectral theory,

linkage criteria

variational inference,
adversarial training,
likelihood maximization,
invertible transformations,
latent variable modeling

Bayesian non-parametrics,
Dirichlet processes,
variational inference,
Markov Chain Monte Carlo
sampling

online optimization,
streaming algorithms,
incremental learning,
forgetting factors

Markov decision process,
Bellman equations,
temporal difference,
policy optimization,
exploration-exploitation

variance preservation,
non-linear embedding,
visualization, noise reduction,

comput. efficiency

pattern discovery,
outlier detection,
hierarchical structures,
no labeling required,
diverse algorithm

novel generation,

data augmentation,

latent exploration,
unsupervised representation

automatic cluster number,
principled uncertainty,
hierarchical structures,
model selection

real-time processing,
memory efficiency,
concept drift adaptation,
continuous learning

segential decision-making
capability,

adaptive behavior,

action space explor.,

no explicit supervision

information loss,
parameter sensitivity,
poor out-of-sample
extension,
interpretation issues

distance metric bias,
initialization bias,

cluster count choice,
scalability,

labels unavailable

training instability,

mode collapse,

evaluation challenges,
computational requirements

comput. intensity,
convergence issues,
hyperparameter sensitivity,
scalability limitations

limited theory proofs,
parameter tuning,

stability issues,

batch processing benefits
lost

sample inefficiency, reward
engineering, environ.
requirements,

stability issues,
convergence limited

feature reduction,
materials space
mapping,

data visualization,
clustering preprocess.

materials discovery,
phase identification,
chemspace exploration,
anomaly detection

inverse mater. design,
novel structure generation,
data augmentation, chem.
chemspace exploration

unsupervised classification,
phase autodetection,
hierarchical organization

real-time monitoring,
streaming data anal.,
adaptive clustering,

continuous discovery

autonomous labs,
exp. design optimiz.,
synthesis optimiz.,
process control,
adaptive discovery

2 All the above cases belong to unsupervised learning methods, except for RL which is neither supervised nor unsupervised learning methods. Unsupervised Learning
methods discover patterns without labeled data. RL operates through environmental rewards/penalties rather than explicit supervision. PCA: principal component analysis,
t-SNE: t-distributed stochastic neighbor embedding, UMAP: uniform manifold approximation and projection, DBSCAN: density-based spatial clustering of applications with
noise, HDBSCAN: Hierarchical DBSCAN, VAE: variational autoencoder, GAN: generative adversarial network, NMF: non-negative matrix factorization, DQN: deep Q-network;
P 314-316]; 9 [317-319); ¥ [320-322]; @ [323-325]; " [326-328]; ¥ [329-331].

3.2. Graph Neural Networks for Materials Representation

GNNs have become powerful tools for materials representation,
explicitly capturing atomic connectivity and local environments.
Two main categories are used: invariant models and equivariant
models, each suited to different applications.

3.2.1. Invariant-feature-based GNN Architectures

Invariant-feature-based GNN architectures predict scalar proper-
ties, like total energy, that remain unchanged under rigid trans-
formations (rotation, translation) and atom permutations. These
models employ distance-based features and operations preserv-
ing invariance throughout the network.

Materials 3-body graph network (M3GNet)!”>7%] represents a
significant advancement in invariant-feature-based GNNs for
materials. This universal model predicts multiple properties
across diverse chemical spaces by incorporating three-body in-
teractions through explicit angular terms, enabling accurate MD
simulations and structure relaxations by simultaneously predict-
ing energies, forces, and stress tensors.

Adv. Energy Mater. 2026, 16, €03356 e03356 (6 Of31)

CHGNet (crystal Hamiltonian GNN)77! extends the invariant
framework by using magnetic moments as charge proxies, en-
hancing the capability to describe both atomic and electronic de-
grees of freedom. By incorporating crystal symmetry operations,
CHGNet demonstrates transferability across the periodic table;
long-range electrostatics are typically handled approximately or
via hybrid schemes.

Other notable invariant architectures include MEGNet (mate-
rials graph network),l”87°l which uses edge-conditioned convo-
lutions to model bond interactions, DimeNet (directional mes-
sage passing NN),®% which incorporates directional information
through spherical Bessel functions and spherical harmonics, and
other GNN-based graph embedding methods. 8!

3.2.2. Equivariant GNN Architectures

Equivariant models represent a more comprehensive approach
to incorporating symmetry constraints.®2-8 Unlike invariant
models, equivariant architectures ensure that vector and ten-
sor outputs transform appropriately under rotation and reflec-
tion operations. This is particularly important for predicting

© 2025 The Author(s). Advanced Energy Materials published by Wiley-VCH GmbH
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directional quantities such as forces, dipole moments, and stress
tensors.[87-%]

Equivariant GNNs overcome fundamental limitations of in-
variant models by ensuring that vector and tensor outputs trans-
form correctly under spatial operations, enabling accurate pre-
diction of directional quantities such as forces, dipole moments,
and stress tensors. Specifically, equivariant models satisfy the
condition f(gx) = gf(x), where g represents a group operation
(rotation/reflection) and g’ is the representation of g acting on
the output space. This mathematical framework enables direct
prediction of forces, dipole moments, and stress tensors with-
out numerical differentiation, significantly improving both ac-
curacy and computational efficiency. The key innovation lies in
using spherical harmonics as basis functions and constructing
message-passing operations that preserve equivariance at each
layer, resulting in models that require less training data and ex-
hibit superior generalization to new configurations.

Neural equivariant interatomic potential (NequIP)!#*#4 imple-
ments E(3)-equivariant convolutions using spherical harmon-
ics as basis functions. By enforcing equivariance at each layer,
NequlP achieves remarkable data efficiency, requiring fewer
training examples to reach high accuracy compared to invariant
models.!®*#”] This efficiency arises from the strong inductive bias
provided by equivariance constraints, reducing the model’s need
to learn symmetry operations from data.

Message passing atomic cluster expansion (MACE)(*®! repre-
sents another significant advance in equivariant architectures.
By combining atomic cluster expansion with equivariant NN,
MACE achieves linear scaling with system size while maintain-
ing high accuracy across diverse chemical environments.[®*! The
model’s multipole expansion approach enables efficient capture
of complex many-body interactions.

3.3. Sparse Gaussian Process Regression and Bayesian
Committee Machine

While GNNs have garnered significant attention, kernel-based
methods like SGPR offer distinct advantages for material systems
where data efficiency is critical.[%8699192] SGPR reduces O(n?)
scaling of traditional GPR by using low-rank approximations with
reduced sets of inducing points capturing essential training data
features.

GAPI®®%7] ig a popular implementation of this approach that
combines compact descriptors of local atomic environments!®?]
with GPRP®¥ to machine-learn potential energy surfaces. The
GAP framework has been successfully applied to various sys-
tems, including elemental materials like carbon,['* silicon,[*!
phosphorus,!®] and tungsten,[®®! as well as multicomponent
systems. 97981

For atomic environments represented by descriptors p =
{p:}i=1", SGPR defines potential energy as:

E(p,2) =" 2" K (o 1) 1 (1)

where y = {y;};_," are the inducing descriptors, K is a covari-
ance kernel (typically squared exponential), and u = {w},_," are
weight vectors, obtained through the approximation:

K, ~K_K_ 7'K_T (2)

nm - mm
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This formulation allows SGPR to maintain the accuracy of full
GPR while reducing computational complexity to O(nm?).

To further enhance the scalability and chemical coverage of
SGPR, the BCM framework partitions training data into special-
ized “expert” models focused on specific chemical domains.!?7°]
In RBCM, predictions for new structures combine outputs of
multiple expert models using confidence-weighted averaging.
The total energy is approximated as:

Ex8) . (8./,)E, (3)

where E, is energy prediction from local expert model a, s*,

is predictive variance, §, = log(s”,/s”,) is a differential entropy
term measuring the information gain of each expert relative to
the combined prediction, and $ is a normalization factor. This
weighting scheme ensures that experts more familiar with a
given chemical environment contribute more significantly to the
final prediction. The BCM approach offers key advantages: i) Data
efficiency with high accuracy using remarkably small datasets; ii)
Built-in UQ through Bayesian framework; iii) Modular expand-
ability for new chemical environments without retraining entire
systems.

3.4. Comparison of GNNs and SGPR

GNNs and SGPR represent two distinct but complementary ML
paradigms for materials science. The optimal method for a given
task is not universal but depends on key factors such as dataset
size, data diversity, and the need for UQ. A systematic com-
parison reveals their respective strengths and ideal operating
regimes.

3.4.1. Architectural Distinctions

GNNs, by treating materials as graphs with atoms as nodes and
interactions as edges, naturally capture the graph-like nature of
molecular and crystalline systems. These architectures employ
message-passing mechanisms (using models like MEGNet and
DimeNet) to learn local and global information through iter-
ative feature propagation, making them highly expressive and
well-suited for modeling complex structural relationships. GNNs
scale favorably with system size, typically with O(n) complex-
ity, making them ideal for high-throughput screening of large
datasets. However, this expressivity requires significant amounts
of labeled data and substantial computational resources during
both training and inference. They are also known to give over-
confident but incorrect predictions when extrapolating to novel
chemical spaces.

In contrast, SGPR is a kernel-based method that operates on
descriptors of local atomic environments (such as smooth over-
lap of atomic potential and atom-centered symmetry functions).
It addresses the computational intractability of standard GPR,
which scales as O(n®), by using sparse approximation with in-
ducing points to reduce complexity to O(nm?). With the RBCM
framework, scalability is further improved to O(nm?/p?) through
dataset partitioning among multiple local experts.

The most significant distinction is their approach to uncer-
tainty. SGPR, being a Bayesian method, intrinsically provides
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GNN Architectures

SGPR Framework

Atoms Structure Graph: Atoms/proximity-based connections as nodes/edges

Invariant-feature-based GNN
Distance-based features

Graph Convolution Layers
Message passing between atoms;
Invariant to rotation/translation

Equivariant GNN

Geometric tensors representation
E(3)-Equivariant Layers
Transforms predictably under rotation;
Preserves vector/tensor properties

Prediction Layers

Local Environmental Descriptors (p)
SOAP, ACSF, structure environ. characterization
GPR: Kernel Functions

K(p;, p;) Gaussian polynomials, custom kernels
Sparse Approximation: SGPR

m inducing points << n data points,
Computational efficiency: O(n3)=>0(nm?)
SGPR-RBCM

Pooling and Prediction
Scalar outputs; Global property prediction

(energy, band gap, etc.) stress tensors

Examples Examples

SchNet, MEGNet, M3GNet, CHGNet, DimeNet

Key Features

Key Features
Rotation/translation invariant scalar prediction

Scalar (invariant) outputs: energy,
Vector (equivariant) outputs: forces,

NequiP, MACE, SE(3)-Transformer,
Tensor Field Network

Geometric understanding,
vectorial/tensorial property prediction

Multiple expert models, Committee models
Key Features

Energy * Uncertainty Quantification
Predictive mean and variance
Interpretability: confidence intervals

SGPR-RBCM Computational Performance
Scalability: efficient for moderately large

data sets through sparse approximations;
Several orders of magnitude faster than DFT:
0O(nm?/p?): n/m/p is the number of data-points/

Training requires large datasets; High memory use via tensor operations;
Equivariant models: significantly more data-efficient for directional properties

GNN Computational Performance: General scaling: O(n: number of atoms);

inducing-points/(parallel-processes) samples
Ability to partition large datasets;
leverage parallel processing

Figure 2. Comparison of graph neural network (GNN) and sparse gaussian process regression (SGPR) frameworks.

Bayesian predictive variance and natural uncertainty estimates
critical for high-stakes applications and active learning work-
flows. This built-in UQ enables SGPR to achieve superior data
efficiency—the model’s awareness of uncertainty regions en-
ables strategic, information-maximizing selection of new data
points, providing a direct causal link to achieving ~90% reduc-
tion in required experiments in some cases. GNNs require addi-
tional techniques (deep ensembles, dropout, or BNNs including
Laplace approximations, Stochastic Weight Averaging Gaussian,
and Improved Variant of Online Newton) for UQ, making them
less suitable when reliable error bounds are critical for decision-
making.

While GNNs possess high expressivity through deep architec-
tures and non-linear activation functions, this can lead to over-
fitting with limited training data. SGPR provides more conserva-
tive predictions with appropriate uncertainty bounds, suitable for
high-stakes decision-making.[>1% Figure 2 illustrates the funda-
mental architectural differences between these approaches.

3.4.2. Performance Across Dataset Scales

Figure 3 demonstrates how method performance varies with
dataset size and model-performance/UQ), revealing distinct op-
timal operating regimes:

1) Small datasets (100-1K samples): GPR methods achieve high
performance with natural UQ, though uncertainty estimates
depend on training data coverage.

2) Medium datasets (300-30K samples): This represents a critical
Decision Point. Around this region, the choice is highly de-
pendent on the specific problem, the diversity of the chemical
space, and the need for UQ. For < 10K samples, SGPR meth-
ods can achieve high performance with natural UQ. For >
10 K samples clustered into distinct, well-separated chemical
domains, an SGPR-RBCM approach would be favored due to

Adv. Energy Mater. 2026, 16, 03356 e03356 (8 of 31)

its ability to partition data and leverage expert domain knowl-
edge.

3) Large datasets (10K+ samples): GNNs demonstrate clear ad-
vantages in scalability and pattern recognition capabilities,
making them the superior choice for high-throughput screen-
ing of broad chemical spaces.

3.4.3. Method Selection Framework

The choice between GNNs and SGPR is not one of universal su-
periority but rather a strategic decision tailored to the stage of the
materials discovery pipeline. As illustrated in Figure 3, Table 3
provides a practical decision matrix consolidating architectural
differences, data requirements, UQ, and scalability characteris-
tics into actionable guidance for method selection.

The optimal strategy often involves a multi-stage approach,
where an SGPR-based method is used in exploratory phases to
guide efficient data acquisition, followed by a transition to GNNs
for large-scale screening once sufficient data becomes available.
The choice between GNNs and SGPR depends on the following
primary factors:

1) Data Availablity & Diversity: GNNs require substantial datasets
(>10K samples) with diverse chemical coverage, while SGPR
excels with smaller, high-quality datasets (< 10K samples),
where expert domain knowledge can guide active sampling
strategies. The chemical diversity of a dataset could often
be a more important factor than its size. For medium-sized
datasets (3K-30K) clustered into distinct chemical domains,
SGPR-RBCM is advantageous as it partitions data and lever-
ages domain expertise. GNNs may train such data, but often
underperform without abundant, expensive samples in each
domain.

2) Uncertainty Requirements: SGPR provides natural Bayesian
uncertainty estimates critical for high-stakes applications (like

© 2025 The Author(s). Advanced Energy Materials published by Wiley-VCH GmbH
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Performance Comparison of Graph Neural Network (GNN) and Gaussian Process Regression (GPR) Frameworks

Key Differentiators

GPR Advantages:

Outstanding

« Built-in uncertainty quantification
« Data efficient {small datasets)
« Interpretable kernel functions

GNN Advantages:

« High expressivity

« Scalable to large datasets
* Universal approximation

Excellent

GPR Optimal Zone
« Small datasets (100-1K)
«High uncertainty quality

-Interpretable models SGPR Framework

* O(Nm?) scaling
High GPR Framework

= Kernel-based similarity

= Bayesian inference
= Natural uncertainty
» O(N?) scaling

< Inducing points (m)

SGPR-RBCM Framework

* Number of samples (p)
» O(Nm?/p?) scaling

GNN Optimal Zone

*Large datasets (10K+)
« Pattern recognition
+* Diverse chemistry

GNN Framework
* Message passing
= Node/edge features
= Attention mechanisms

= Deep architectures
= O(N) scaling

Model Performance & Uncertainty Quality

Medium ( - High expressivity

= GPR Performance = Large dataset req.

= SGPRPerformance

= SGPR+RBCM Performance

== GNN Performance Decision Pointamong

e DecisionPoint GPR, SGPR, SGPRM-RBCM, & GNN
GPR Optimal Regions 3K~30K samples
GNN Optimal Regions Method selection favored
Low L )
100 1K 10K 100K 1M+

DatasetSize (Number of Training Samples)

Figure 3. lIllustration of performance comparison of GNN versus GPR(+SGPR, SGPR-RBCM) across data scales.

drug discovery or nuclear materials) and active learning work-
flows. GNNs require post-hoc methods (deep ensembles,
dropout, or BNNs) for UQ, making them less suitable when
reliable error bounds are critical.

3) Computational Constraints: GNNs offer near-O(n) scaling (for
fixed local connectivity, though not general) with highly op-
timized GPU-accelerated batch processing for large-scale
screening. Practical efficiency, however, depends on network

Table 3. GNN versus SGPR selection guide for energy materials.

depth, connectivity patterns, and cutoff radii. SGPR-RBCM
scales as O(nm?/p?) under ideal conditions. This remains
CPU-efficient (with moderate parallel computations for p
ensemble samples) for small-to-medium datasets requiring
high-accuracy on limited samples.

4) Interpretability and Transferability: SGPR kernel functions pro-
vide direct insight into feature importance and similarity mea-
sures between atomic environments, which is a key aspect

Criterion GNNs favored

SGPR-RBCM favored

Dataset size > 10K samples, diverse chemistry

Architecture Message passing, attention mechanisms
Uncertainty Requires post-hoc calibration
Interpretability Requires specialized tools
Scalability

Applications Large-scale screening, pattern recognition
Computational High throughput processing

Material coverage Broad, diverse material species

O(n) under ideal condition, parallel batch processing

< 30K samples, quality focus

Kernel-based, Bayesian inference

Natural Bayesian uncertainty

Direct kernel interpretability

O(nm? /p?) under ideal condition, CPU efficient, sparse matrices
Active learning, interpretable models

Data-efficient predictions

Focused domains with expert knowledge

Ady. Energy Mater. 2026, 16, 03356 e03356 (9 0f31)
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of its interpretability, yielding reliable uncertainty for predic-
tions beyond training data. GNN interpretability requires spe-
cialized techniques and may produce overconfident predic-
tions when extrapolating.

In addition, project-oriented recommendations are as fol-
lows:

1) Novel electrolyte discovery with minimal experiments: (SGPR +
active learning): Natural uncertainty guides the active learn-
ing loop, reducing expensive DFT sampling.

2) High-throughput screening of a database with 100K+ entries:
(GNN s): Highly scalable and GPU-parallelizable for rapid pro-
cessing of vast material databases.

3) Universal potential for quaternary alloys: (SGPR-RBCM, Com-
positional ML): Modular, expert-guide modeling allows sys-
tematic expansion by combining models from constituent
subsystems, avoiding the need for monolithic retraining.

4) Directional properties (e.g., forces in MD simulation): (Equiv-
ariant GNNs (e.g., NequlP, MACE)): Ensure symmetry-
preserving predictions for vectorial quantities.

3.4.4. Practical Applications and Hybrid Approaches

GNN Applications: Large-scale materials screening, universal
property prediction (M3GNet, CHGNet), and high-throughput
processing across diverse chemical spaces.

SGPR Applications: Active learning for force field
development,[1®t]  Bayesian  optimization for materials
discovery,'??] and small-data scenarios requiring reliable
uncertainty bounds.[1%]

Hybrid Methods: Recent hybrid approaches combine
both methods’ strengths, incorporating UQ into GNN
architectures!'1%1 or using GNN-learned features as ker-
nel functions for SGPR. These developments aim to achieve
GNN scalability while maintaining SGPR’s uncertainty reliabil-
ity, creating more robust materials models for complex discovery
pipelines.

4. Characteristic Features of Machine Learning
Methods for Energy Materials

Table 4 provides a comprehensive framework for ML method
selection in materials science applications, integrating theoreti-
cal foundations with practical implementation guidelines. This
framework guides selection based on dataset characteristics,
interpretability requirements, and domain-specific constraints,
providing practical decision-making support for materials scien-
tists implementing ML methodologies. It would be useful to re-
fer to previous literature on theoretical foundations and advanced
analysis.[1?]

While Table 4 presents a general framework applicable across
materials domains, the following discussion demonstrates its
specific implementation in energy materials applications.

Key Materials Science Considerations encompass distinct data
characteristics and algorithm selections. For small datasets, novel
battery chemistries benefit from Gaussian Processes with elec-
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trochemical priors for capacity prediction, while emerging pho-
tovoltaic materials leverage Bayesian optimization for bandgap
tuning with minimal synthesis experiments. Transfer learning
approaches successfully bridge DFT databases with experimental
property prediction. High-dimensional features in energy appli-
cations include compositional screening using the least absolute
shrinkage and selection operator (LASSO) for identifying key el-
ements in multi-component electrolytes and spectroscopic data
analysis through RFs for XPS/XRD pattern characterization in
catalyst studies. Structured energy data applications encompass
crystal structures analyzed via GNNs for predicting structures
and properties of materials!’%-1%] and reaction networks mod-
eled through recurrent neural networks (RNNs) for catalytic re-
action pathways and intermediates.''%! Multi-fidelity energy data
integration combines DFT calculations with experimental mea-
surements through hierarchical models bridging computational
and measured properties.

Physics-Informed Constraints for Energy Materials involve
energy-specific symmetries, such as crystal symmetries pre-
served through GNNs in solid electrolyte design and elec-
trochemical potential constraints ensuring thermodynamic
consistency in battery models. Energy conservation laws are
implemented through charge conservation via physics-informed
NNs for electrochemical reaction modeling and through La-
grangian NNs that enforce energy balance for thermoelectric
device optimization. Scale invariance in energy materials
addresses size effects in nanoparticle catalysts using scale-
equivariant architectures and concentration dependencies in
electrolytes using dimensional analysis. Energy-specific period-
icities include cyclic processes modeled with Fourier features
for battery charge—discharge cycles and seasonal variations cap-
tured through periodic kernels for renewable energy resource
modeling.

Energy Applications Uncertainty and Risk Assessment addresses
battery safety uncertainties through heteroscedastic models for
temperature-dependent thermal runaway risk and ensemble dis-
agreement methods for cycle life prediction uncertainty. Cata-
lyst screening uncertainties utilize BNNs for reaction rate un-
certainty in catalyst optimization and Gaussian Processes for
uncertainty-guided experimental design in CO, conversion se-
lectivity assessment. Solar cell reliability incorporates a mix-
ture of experts for different degradation mechanisms in pho-
tovoltaics and calibrated uncertainty for long-term efficiency
forecasting. Out-of-distribution detection employs Mahalanobis
distance for identifying unexplored chemical spaces in energy
materials and density-based methods for extreme operating
conditions.

The Model Selection Framework considers data size with
Gaussian processes for battery materials screening (n <
100),111-116] tree-based methods for catalyst discovery (100 < n
< 10K),['"77123] various ML methods for perovskite solar cells
(n ~ 10K),['241391 and DNNs for battery signals!™! and solid
electrolyte screening!’*21**] (n > 10K). GNNs with proper reg-
ularization (n > 10K) often outperform other methods due to
their ability to learn hierarchical feature representations directly
from the graph structure of materials. Energy-specific inter-
pretability requirements range from high interpretability using
linear models for battery safety!’**1°] and thermoelectric mate-
rials performance optimization!'3®! to medium interpretability
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Table 4. Framework for ML method selection in energy materials.
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Key materials science considerations

Implementation guidelines

W Data Characteristics and Algorithm Selection®

o Small datasets (n < 1000): Gaussian Processes for uncertainty, Bayesian
methods for prior incorporation, Transfer Learning for domain knowledge

o High-dimensional features (d >> n): Regularized methods (LASSO, Ridge),
RFs for feature selection, NNs with dropout

o Structured data: GNNs for crystal structures, CNNs for image data, RNNs
for sequential processes

o Multi-fidelity data: Hierarchical models, Transfer Learning between fidelity
levels, Multi-task learning frameworks

W Physics-Informed Constraints and Inductive Biases®

o Symmetry preservation: GNNs with equivariant layers, invariant neural
architectures

o Conservation laws: Physics-informed NNs with constraint enforcement,
Lagrangian NNs

e Scale invariance: Appropriate feature normalization, scale-equivariant
architectures, dimensional analysis

e Periodicity: Fourier-based features, periodic kernel functions, cyclic NN
architectures

W Uncertainty Requirements and Risk Assessment®)

o Aleatoric uncertainty: Heteroscedastic NN, distributional regression, quantile
regression

e Epistemic uncertainty (also capture aleatoric): BNNs, GPR, ensembles, mixture
of experts, dropout

o Out-of-distribution detection: Ensemble disagreement, Mahalanobis distance,
density-based methods

e Calibration: Platt scaling, temperature scaling, isotonic regression for
probability calibration

W Selection Practice: Model Selection Framework?

e Data size considerations:

n < 100 — Gaussian Processes, Bayesian methods, GPR
100 < n < 10K — Tree-based methods or SVM, SGPR
n~ 10K - SGPR-RBCM

n> 10K — NNs with proper regularization

o Interpretability requirements:

High — Linear methods or Decision Trees

Medium — Random Forest with feature importance
Low acceptable — NNs or ensemble methods

o Uncertainty quantification needs:

High — Gaussian Processes or BNNs

Helpful — Ensemble methods or calibrated models
Not required — Any method based on performance
o Computational constraints:

Low — Linear methods or simple tree models
Medium — Tree-based ensembles or kernel methods
High — DNNs or large ensembles

W Validation Strategies for Materials Science®)

o Time series data: Forward chaining validation to respect temporal ordering

e Materials composition: Leave-one-composition-out to test generalization
across chemical space

o Crystal systems: Leave-one-system-out to evaluate transferability across
structure types

e Property-based: Stratified k-fold ensuring balanced property distributions

o Spatial data: Spatial cross-validation for materials with location-dependent
properties

W Performance Metrics and Evaluation”)

© Regression tasks:
Mean absolute error (MAE) for robust performance assess.RMSE for
penalty on large errors
R? coefficient for explained variance interpretation
Mean absolute percentage error (MAPE) for relative perform.

e Classification tasks:
Accuracy for balanced datasets
Fl-score for imbalanced classes common in mater. discovery Receiver
Operating Characteristic - Area Under the Curve (ROC-AUC) for
probabilistic ranking capabilities Matthews Correlation Coefficient for true
performance on imbalanced data

® Ranking tasks:
Spearman correlation for monotonic relationships Kendall’s tau for
robustness to outliers Top-k accuracy for practical discovery scenarios

Uncertainty quantification:

Calibration error for probability assessment quality Prediction interval
coverage for uncertainty reliability Sharpness metrics for uncertainty
informativeness

W Feature Engineering and Data Preprocessing®

o Chemical descriptors: Elemental properties, stoichiometric features, structural
descriptors

e Physical descriptors: Electronic properties, mechanical properties,
thermodynamic quantities

o Structural descriptors: Coordination numbers, bond lengths, crystal
symmetries

o Compositional descriptors: Average properties, variance measures, extremal
values

o Normalization strategies: Z-score standardization, min-max scaling, robust
scaling for outliers

2 146,71,95,312,326,332-335]; * [246-249]; [69,99-105,336]; ¢ [223,242-245,278,301,303,335-344]; ) [273,345-348]; " [334,349,350]; © [351-355].

through RF for solid electrolytes screening.!'¥!%] Energy
materials UQ addresses safety-critical battery thermal and aging
management.[13%140]

Implementation Guidelines for energy-specific applications
span multiple framework components:

Energy-Specific Validation Strategies include forward chaining
validation for battery degradation studies, leave-one-element-
out validation for catalyst composition space, and spatial cross-
validation for geospatial energy materials.

Ady. Energy Mater. 2026, 16, 03356 e03356 (11 0‘F31)

Energy Materials Performance Metrics encompass energy stor-
age applications (MAE/RMSE for battery capacity, R?/MAPE for
power density), energy conversion metrics (F1-score/ Receiver
Operating Characteristic-Area Under the Curve (ROC-AUC)) for
solar cells, Spearman correlation for catalyst activity), and energy
storage safety metrics (Matthews correlation coefficient for ther-
mal stability).

Energy-Specific Feature Engineering involves battery materi-
als descriptors (electrochemical properties, structural features),
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catalyst descriptors (electronic and surface properties), solar cell
material features (optical properties, electronic band structure),
and energy-specific normalization approaches (electrochemical
scales, temperature dependencies).

5. Applications of Machine Learning for Energy
Materials

ML techniques have found diverse applications across various en-
ergy materials domains, from batteries and catalysts to solar cells
and hydrogen storage, significantly accelerating materials discov-
ery and optimization through targeted applications in specific en-
ergy systems where ML has demonstrated immense impact.

5.1. Battery Materials Simulation and Screening

DFT has been widely used to analyze battery material perfor-
mance across cathodes, anodes, and electrolytes.['*1142] The an-
ode material generally can be made of carbon/graphite/silicon
anodes, while the cathode material is normally composed of
lithium-containing metal oxide.[*] Recently, the applications of
ML to screen high-performing lithium-ion battery materials have
been extensively studied.['#4-146]

5.1.1. Solid Electrolyte Materials

SGPR-based MD simulations have provided significant insights
into Li,P,S,,, a promising solid electrolyte material.[*”] Large-
scale simulations (4 X 2 x 2 supercell) over 300-1200 K re-
vealed a phase transition at ~#450 K, through P,S, ditetrahedra
rotations.[®?] These simulations showed that material porosity
and 1D channels lead to enhanced Li* diffusion by an order of
magnitude. Calculated ionic conductivities agree well with exper-
imental values, with activation energies matching nuclear mag-
netic resonance measurements.!'*’]

The SGPR approach was extended to systematically screen
potential solid electrolytes by examining Li* diffusivity in
hundreds of ternary crystals. For Li-X-Y ternary systems,
SGPR potentials were trained using on-the-fly adaptive sam-
pling for structures in the Materials Project database.[?’] Af-
ter filtering for lithium content (>10% atoms) and electronic
bandgap (> 1 eV), #300 structures remained, among which
22 promising crystals were identified showing significant Li
diffusivity.[*%!

A compositional MLP approach showed particular promise
for complex quaternary systems. By combining expert models
trained separately on constituent ternary compounds (Li-P-S and
Li-Ge-S), quaternary system properties (Li-P-Ge-S) were accu-
rately predicted with minimal additional training.[°?! For exam-
ple, this approach successfully predicted Li* diffusion behavior
in Li;,GeP,S,,, achieving prediction accuracy (R? = 0.961) com-
parable to specialized models.®>'#’] The activation barrier for
lithium diffusion in Li,,GeP,S,, was significantly lower than par-
ent ternary systems (Li,PS,, Li,GeS,), resulting in substantially
higher room-temperature ionic conductivities.[?]

For solid-state lithium-ion conductors, unsupervised ML
methods were applied to prioritize candidate lists from var-
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ious Li-containing materials, discovering 16 new fast Li-
conductors.'*] By using a recommender system coupled with
RF classification algorithm, LiGe,P,0,, was found as a novel
lithium-ion conductor for solid-state electrolyte Dbattery.*]
To investigate the application potential of non-flammable Li-
conducting ceramics as solid electrolytes, data-driven meth-
ods for screening materials using Bayesian optimization were
proposed to efficiently process data and improve searching
efficiency.['*) An automated simulation optimization framework
was developed to design new solid polymer electrolytes, where
the materials design process started from a discrete conven-
tional design space and transferred to a continuous coarse grain-
ing design space by simulation and iterative exploration, with
Bayesian optimization applied to obtain optimal materials design
output.1

5.1.2. Cathode Materials and Doping Effects

ML approaches have been valuable for understanding dopant ef-
fects on cathode performance. The impact of Al-doping on high-
capacity Li-ion battery cathode materials containing 4d-elements
was investigated using SGPR.[**?! In lithium-rich layered ox-
ide cathode materials (LRO: Li,RuO,), stability was improved
by Ni-doping (LRNO) and further enhanced through additional
Al-doping (AI-LRNO). SGPR-based MLPs, combined with spin-
polarized DFT calculations, identified optimal cation arrange-
ments, achieving MAE < 0.1 eV for adsorption energies. This
approach revealed that in LRNO, Ni tends to form clusters due
to Ni-Ru immiscibility, while in AI-LRNO, Ni and Al form alloy-
type clusters due to favorable Al-Ni mixing.[1%2153]

Recent ML progress has improved electrode materials by pre-
dicting battery performance. ML-driven simulations provided
atomic-level insights into the mechanisms of performance en-
hancement in battery materials.'>*] Artificial NNs (ANNs) were
employed to predict formation energies and volume changes of
lithium intercalation compounds, identifying promising candi-
dates with high capacity and minimal volume expansion.[*>*] By
applying ML tools to discharge voltage data from just the first
100 cycles, Severson et al. successfully predicted the full cycle life
of commercial Li-ion batteries long before significant degrada-
tion occurred, achieving a low quantitative test error of 9.1%./1¢]
To address the challenge of accurately predicting battery health,
a physics-informed NN was used to model battery degradation,
achieving a low mean absolute percentage error of 0.87% across
a comprehensive dataset of 387 batteries.'>”] To forecast the re-
maining useful life of batteries from early-cycle data, a DNN
framework with memory features was introduced, which more
than halved the RMSE compared to models without memory fea-
tures (the optimized framework achieved an RMSE of 6.6%, and
the DNN model demonstrated a prediction accuracy of 92.1% for
test data).['%8]

5.2. Electrocatalyst Design and Optimization
ML approaches have accelerated efficient electrocatalyst discov-

ery for various reactions through: i) Predicting adsorption ener-
gies and free energy changes via ML models, often combined
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with high-throughput screening, rapidly estimating thermody-
namic properties requiring expensive DFT calculations;!123:159:160]
ii) Identifying relationships between coordination environments
and catalytic activity;(191-163] and iii) Optimizing ligand effects for
enhanced reactant activation.[]

5.2.1. ML-Driven Catalyst Property Prediction and Screening

ML has increasingly been recognized as a powerful asset in the
study of adsorption phenomena and catalytic reaction mecha-
nisms. For instance, support vector regression (SVR) was used
to estimate hydrogen adsorption energy. Surprisingly, even sim-
ple models using a few features performed well.'] Among var-
ious algorithms tested for predictive models utilizing molecular
structures and thermodynamic parameters as input features to
estimate activation energies in gas-phase reactions, tree boosting
methods were found to exhibit superior predictive capability.!*¢]
Similarly, for methane-related adsorption on copper-based alloys,
the extra trees regression model outperformed other algorithms
in forecasting adsorption energies with high precision.!'*’] In an-
other effort, researchers applied an ANN-driven chemisorption
model to assess surface reactivity trends of metal alloys across
chemically diverse spaces.[3®]

For water splitting, ML-based screening has been widely ap-
plied to evaluate adsorption free energies of diverse single
atom catalysts on 2D materials including graphenel'?)] and
MXenes, 18199 gauging their efficacy for hydrogen evolution re-
action (HER), oxygen evolution reaction (OER), and oxygen re-
duction reaction (ORR) with screening accuracy reaching over
90% for identifying compounds with optimal activity.!123:165-169]

SGPR-based potentials have proven particularly valuable for
accelerating single atom catalyst (SAC) screening. The on-the-
fly adaptive sampling approach allows efficient exploration of
catalyst configurations while ensuring quantum-mechanical ac-
curacy. For HER catalysts, SGPR-based ML high-throughput
screening identified promising transition metal SACs embedded
in graphene, achieving high prediction accuracy while drastically

reducing computational costs compared to traditional DFT-based
123]

screening.!

For the chlorine evolution reaction (ChER), ML-driven
high-throughput  screening identified efficient atomic
electrocatalysts.['’)  This approach combined DFT calcula-

tions with MLS and MLP models to predict ChER activity across
various transition metal catalysts. The study revealed that d-band
center positions and ligand effects are critical descriptors for
ChER activity. The ML models achieved remarkable prediction
accuracy (mean absolute error (MAE) < 0.1 eV) for adsorption
energies, allowing efficient identification of promising catalyst
candidates without exhaustive DFT calculations.

For CO, reduction (CO,RR) catalysts, ML approaches have
focused on predicting activity and product selectivity across di-
verse material classes.['71172] Active learning approaches for ef-
ficient bimetallic alloy exploration have been demonstrated, to-
ward optimal composition search.'”3] Such approaches identi-
fied promising candidates with high activity and selectivity to-
ward valuable products, significantly reducing computational re-
sources required for catalyst screening. An integrated approach
combining ANN, quantum mechanical simulations, and multi-
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scale modeling was implemented to identify active surface sites
on catalyst nanoparticles!'’#l and predict surface reactions of
metal alloys, which provided actionable insights for designing
efficient CO, conversion catalysts. A mix of quantum simula-
tions, NNs, and advanced modeling to locate the most active spots
on catalyst particles allowed for better CO, reduction catalyst
design.l17°]

For nitrogen reduction reaction (NRR), deep NN models have
been applied to screen effective electrocatalysts.[76-18] Studies
on doped single atom catalysts achieved highly accurate predic-
tion of adsorption energies and free energy barriers, identifying
CrB,C, as a promising catalyst with a minimal overpotential of
0.13 V for NRR.['7¢]

5.2.2. ML’s Role in Breaking Scaling Relations

Breaking scaling relations is a profound insight that deserves em-
phasis as an overarching theme for the materials research field.
Traditional computational chemistry often relies on linear scal-
ing laws to simplify the search space (e.g., correlating catalytic
activity with a single descriptor like the d-band center). However,
these laws also represent fundamental limitations that constrain
catalytic performance, creating trade-offs where improving one
property inevitably worsens another. The ability of ML models
to discover and exploit complex, non-linear patterns is a core rea-
son they are so transformative. This is not merely about achieving
computational efficiency; it is about fundamentally changing the
way scientists approach discovery, moving from a search within
known paradigms to a principled exploration beyond them. Here,
we address simple examples for catalytic reactions.

Linear scaling relationships between adsorption energies of re-
action intermediates often limit the catalytic performance of ma-
terials, creating fundamental trade-offs where improving bind-
ing for one intermediate inevitably worsens binding for another.
ML approaches enable the identification and design of catalysts
that break scaling relationships, allowing greater control over
catalytic activity and selectivity. Traditional descriptor-based ap-
proaches are inherently limited by linear scaling relations, but
ML models excel at discovering complex, non-linear patterns in
high-dimensional catalyst property spaces. SVR and ANN models
have successfully identified catalyst configurations that deviate
significantly from expected linear scaling behavior, revealing op-
portunities for performance enhancement beyond conventional
limits.['81] Tree boosting methods have demonstrated particular
superiority in capturing non-linear relationships between molec-
ular structures and activation energies, successfully identifying
catalytic systems where activation barriers deviate from scaling
relation predictions.

Single atom catalysts represent a particularly promising class
for scaling relation manipulation due to their unique coordi-
nation environments that differ fundamentally from extended
metal surfaces. Tang et al. demonstrated that SACs sandwiched
between boron nitride and graphene sheets can achieve favor-
able binding energies for NRR intermediates that violate con-
ventional scaling relationships.['®] ML models helped pinpoint
the key electronic factors, specifically d-orbital hybridization with
substrate z-electrons, that enable this enhanced performance,
providing design principles for scaling relation engineering.[181]
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For CO, reduction, ML-guided identification of scaling re-
lation violations has enabled enhanced selectivity control to-
ward valuable C,, products. Active learning approaches us-
ing GPR models have identified bimetallic alloy compositions
where CO”" intermediates exhibit independent binding behavior,
breaking traditional scaling constraints.['®?] These “scaling rela-
tion hotspots” on specific surface sites and alloy compositions
represent design opportunities that were previously inaccessible
through conventional optimization approaches.

The development of closed-loop research paradigms incorpo-
rating ML into every stage of catalyst development, from auto-
mated synthesis and characterization to theory-driven computa-
tion and data-driven prediction, represents the future of scaling
relation engineering.!*82183] These iterative frameworks establish
self-refining ecosystems that continuously discover new scaling
relation violations and translate them into practical catalyst de-
signs, transforming scaling relation limitations from fundamen-
tal constraints into design opportunities for next-generation elec-
trocatalysts.

5.3. Solar Cell Materials

For perovskites with formula ABX, the bandgap is a critical pa-
rameter determining light-harvesting capability and device per-
formance. ML methods have been applied to predict bandgaps
from elemental properties. The ACE method was compared with
other ML methods, including decision trees, kernel ridge regres-
sion (KRR), extremely randomized trees, AdaBoost, and gradient
boosting. In moderate-sized datasets, KRR and extra trees have
shown excellent bandgap prediction performance. ACE provided
valuable insights through non-linear relationships.l®? For very
large or structured datasets, deep or graph-based models may
provide greater accuracy.

Recent studies have leveraged ML techniques to screen po-
tential photovoltaic materials and predict key properties. ML
models have been developed to predict perovskite structure
stability. A decision tree based data screening method com-
bined with 1D tolerance factor showed that the proposed
ML framework can accurately identify 92% of compounds
in 576 ABX, materials.'® Based on known crystal structure
information, classification models predicting new perovskite
halides using SVM algorithms have been established, discov-
ering several new ABX, compositions with perovskite crystal
structure.[18]

Integration of ML with first-principles calculations has
been particularly valuable for designing efficient interfaces
in perovskite solar cells. SGPR-based MLPs have enabled
large-scale simulations of complex interfaces between SnO,
electron transfer layers and perovskite absorbers, providing
atomic-level insights into interfacial stability and charge trans-
port mechanisms.['8¢187] These studies showed that when CI-
containing precursors are used, the SnO,/perovskite interface
spontaneously forms a crystalline FASnCl, interlayer bonding
coherently to both layers. This interlayer facilitates efficient
charge extraction while reducing interfacial recombination, ex-
plaining exceptional device performance. ML-enabled simula-
tions also explained why TiO,, despite being chemically similar
to SnO,, forms less stable interfaces with perovskites. The dif-
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ference arises from the ability of Sn to form intermediate oxida-
tion states that bridge the chemical environments of the oxide
and perovskite layers. These insights have guided experimental
strategies for interface engineering, contributing to record effi-
ciency (25.8% at the time of the cited research) in perovskite solar
cells.[1#7]

Recent advances in ML for perovskite materials include meth-
ods to identify promising halide perovskites for photovoltaic ap-
plications by leveraging high-quality bandgap datasets. Wang
et al. developed a strategy that combines advanced computa-
tional techniques with ML to search for optimal perovskite com-
positions, identifying 14 new materials for solar cells.'88] A re-
cent review discusses ML approaches for perovskite solar cells in
depth.['8]

For organic photovoltaics, deep learning architectures have
been used to estimate the highest occupied molecular orbital
(HOMO) levels of organic semiconductors, showcasing the effi-
ciency of transfer learning techniques in screening organic solar
cells across diverse molecular datasets.['%°] RF algorithms applied
to conjugated polymers for polymer-fullerene solar cells achieved
top-tier performance in predicting photovoltaic suitability.°!] A
major step forward has been the experimental realization of
ML-forecasted materials. Supervised models trained to corre-
late chemical structure with optoelectronic performance guided
the synthesis of ten novel molecular donors, all of which
demonstrated experimental results consistent with ML-based
predictions.[1*2]

5.4. Phase Change Memory Materials

MLPs have been applied extensively to investigate phase-
change memory (PCM) materials, crucial for non-volatile
memory technologies. NN potentials have been created for
GeTe, accurately reproducing crystalline, liquid, and amorphous
properties.””] The approach was successfully applied to ex-
plore the material’s structure and phase transitions in simu-
lations with thousands of atoms, inaccessible to direct DFT
calculations.

Using the GAP framework, MLPs have been developed for
the ternary PCM compound Ge,Sb,Tes,!””] enabling creation
of detailed 7200-atom models. This provided remarkable in-
sights into material local structure and facilitated smaller mod-
els for in-depth chemical bonding studies. This approach was
later expanded to describe various Sb-Te alloys,[19>19] revealing
composition-dependent structural motifs and crystallization be-
haviors.

For exploring PCM behaviors in realistic memory de-
vice geometries and conditions, MLPs trained with quantum-
mechanical data simulated all Ge-Sb-Te compositions used in
PCMs.1%] These significantly enhanced the speed and accu-
racy of atomistic simulations, supporting simulations of multi-
ple thermal cycles and operations crucial for neuromorphic com-
puting. Large-scale device models containing over half a mil-
lion atoms demonstrate the capability to accurately depict critical
processes in PCM-based memory devices, enabling device-scale
PCM simulations (10°-10° atoms) with ab-initio-level local struc-
ture/energy fidelity.
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5.5. Hydrogen Storage and CO, Capture Materials

Large-scale simulations of hydrogen adsorption and diffusion
in nanoporous materials have helped identify promising stor-
age candidates. Crystal graph convolutional neural network
(CGCNN) and related architectures have been used to screen
metal-organic frameworks (MOFs) and covalent organic frame-
works (COFs) for hydrogen storage, %] predicting key properties
such as binding energies, volumetric capacities, and kinetic bar-
riers with near-DFT accuracy at reduced computational cost. ML
approaches can predict quantum-chemical properties of MOFs
for accelerated materials discovery, such as adsorption energies
and diffusion barriers in complex porous materials.['”! This has
enabled rapid screening of thousands of MOF structures for hy-
drogen storage, identifying several promising candidates with
high gravimetric and volumetric capacities.

MOFs have garnered significant interest as promising can-
didates for physical CO, adsorption, due to highly tunable ar-
chitectures and porosity. A comprehensive multiscale approach
combining DFT, grand canonical Monte Carlo (GCMC) simula-
tions, and ML techniques evaluated how pore surface chemistry
and structural topology contribute to CO, uptake.['%] ML algo-
rithms combined with multivariate statistical analysis and first-
principles calculations evaluated 2932 MOF structures for elec-
tronic conductivity.'! A ML-based structure-property classifier
capable of rapidly assessing CO, adsorption potential achieved a
tenfold reduction in computational demand without compromis-
ing accuracy.?

To determine the factors most critical for CO, adsorption,
a predictive model using the RF algorithm was developed
within a quantitative structure-attribute relationship (QSAR)
framework.[2%! This finding emphasized pressure as a dominant
factor, along with three other key structural parameters, offering
practical insights for guiding material selection and optimiza-
tion. An ML-accelerated high-throughput screening methodol-
ogy pinpointed COFs with superior CO, capture capability, with
the RF approach emerging as highly effective for modeling com-
plex adsorption behavior.[2%2]

6. Advanced Screening Strategies and Workflows

6.1. Active Learning and Bayesian Optimization

Active learning has emerged as a powerful strategy for efficient
exploration of vast materials spaces.[1912%%] By iteratively selecting
the most informative samples for evaluation, active learning ap-
proaches can dramatically reduce computational or experimental
resources required for materials discovery.[?°*] Figure 4 illustrates
the typical active learning workflow that has become central to
modern materials discovery, showing how initial models trained
on limited data iteratively improve through strategic selection of
new data points that maximize information gain.

Bayesian optimization, a specific form of active learn-
ing, has been particularly successful in materials screening
applications.['?] Bayesian optimization can efficiently identify
optimal compositions of complex oxides for energy applications,
using acquisition functions that balance exploration and exploita-
tion of the design space.?! Similar approaches have been em-
ployed to optimize organic photovoltaic material performance,

Ady. Energy Mater. 2026, 16, 03356 e03356 (15 Of3'|)

www.advenergymat.de

Active Learning Workflow for
Accelerated Materials Discovery

(a) Initialization
Initial Labeled Data
(e.g. DFT, experiments)

(" (b) Iterative Active Learning Cycle \

1. Surrogate Model Training b
GPR, GNN, ensemble-model )
v
2. Uncertainty Quantification 1
gt ; e
P ' dropo )
3. Acquisition Function )
El, UCB, entropy-based methods

]

(4. Candidate Selection

5. High-Fidelity Evaluation
Perform new DFT calculation or experiment

. J

( (c) Outcome l

Optimal Candidates

Figure 4. Active Learning Workflow for Accelerated Materials Discov-
ery (see Table 5). The iterative cycle begins with an initial model trained on
limited data, which is then used to predict properties across a large search
space. The acquisition function identifies the most informative samples
for evaluation, balancing exploration of unknown regions with exploita-
tion of promising areas. New data points are selectively acquired to max-
imize information gain, and the model is retrained with expanded data.
This process continues until convergence or satisfactory performance is
achieved, dramatically reducing expensive calculations or experiments re-
quired compared to traditional screening approaches. Without a reliable
way to quantify uncertainty, the acquisition function has no principled way
to select the next most informative data point. The deep, causal link is
that UQ directly leads to superior data efficiency in exploratory, low-data
regimes. The model’s awareness of where it is least certain about regions
of chemical space is what enables the strategic, information-maximizing
selection of new data points.

achieving significant improvements in power conversion effi-
ciency with minimal experimental trials.[20%]

Table 5 provides a detailed comparison of the three main fam-
ilies of acquisition functions used in active learning for mate-
rials discovery, each offering different approaches to the funda-
mental exploration-exploitation tradeoff that is central to efficient
screening.

Integration of active learning with high-throughput compu-
tational workflows has given rise to autonomous materials dis-
covery frameworks.[2”] Autonomous materials search systems
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Table 5. Comparison of acquisition functions for active learning in materials discovery.

Feature Entropy-based methods
(Uncertainty Sampling)

UCB (Upper confidence bound)

El (Expected improvement)

eCore Idea Query max o (x)

o (x): prediction uncertainty

(max entropy).

BALD (Bayesian Active Learning
by Disagreement)

eMain Classification

e Balances Primarily focuses on model
confusion, often leading to

exploiting decision boundaries

eModel Needs A model that outputs class
probabilities (e.g., Logistic

Regression, Softmax Net)

ePros Intuitive, simple, refining decision
boundaries.
oCons May ignore unexplored regions

Query max UCB(x)=p(x) + k o(x).
u: mean prediction: exploitation

o uncertainty (standard deviation)
K exploration hyperparameter

Classification & Regression

Explicitly balances exploration and
exploitation via hyperparameter

A model that provides both mean and
uncertainty

(e.g., Gaussian Process, BNN)

Principled trade-off, flexible, strong
theoretical guarantees.

Requires tuning hyperparameters

Query max El(x) = fly-F)p(y)dy,

the point most likely to be better than the
best we've seen so far.

fi: current best value

@(y): normal distribution

Regression (Bayesian Optim.)

Balances exploration and exploitation,
aiming to improve over the current best

A model that provides both mean and
uncertainty

(e.g., Gaussian Process)

Very sample-efficient for finding optima.

Less intuitive for classification; may ignore
model improvement

combine ML, DFT calculations, and Bayesian optimization for
self-driving discovery of functional materials.?®! Such systems
demonstrate the ability to navigate complex compositional spaces
and identify promising candidates with minimal human inter-
vention.

SGPR-based approaches have integrated active learning
through built-in UQ.[%8-709192] The spilling factor s(p) = K(p,p)-
K, K.,~' K,,," quantifies predictive uncertainty for given lo-
cal chemical environments, providing natural acquisition func-
tions for active learning. This uncertainty-driven sampling en-
sures that new DFT calculations are performed precisely where
they provide maximum information gain. On-the-fly adap-
tive sampling algorithmsl®®%! have demonstrated remarkable
efficiency in building accurate potentials with minimal training
data, achieving ~#90% reduction in required experiments.

6.2. Multi-Fidelity and Transfer Learning

Multi-fidelity learning approaches have proven valuable for ma-
terials screening by leveraging data from multiple sources with
varying accuracy and computational cost.[2%21% These methods
enable efficient computational resource allocation by performing
expensive high-fidelity calculations only when necessary, while
using lower-fidelity approximations for initial screening.[1%]
Multi-fidelity GPR has been demonstrated to accurately pre-
dict bandgaps using DFT calculations at different theory levels,
achieving significant speedups compared to relying solely on
high accuracy calculations.!?!!] Similarly, multi-fidelity NNs have
been employed to effectively transfer the information from large
datasets of semi-empirical calculations to improve predictions for
more accurate but limited DFT data.[?!?] Multi-fidelity graph net-
works to accurately predict material properties even with lim-
ited high-fidelity data by incorporating lower-fidelity computa-
tional data, enhance the model’s understanding of structural
features. This approach significantly reduces the error in pre-
dicting experimental bandgaps and provides a method for mod-
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eling disorder in materials through learned elemental embed-
dings, a key advancement in computational materials science.[**]
Transfer learning offers another approach for leveraging knowl-
edge across different domains or property prediction tasks./214l

6.3. Multi-Objective Optimization and Pareto Frontiers

Energy materials often require optimization across multiple
competing objectives, necessitating approaches that identify op-
timal trade-offs rather than single best solutions.?'S] Multi-
objective optimization frameworks combined with ML have en-
abled efficient exploration of Pareto frontiers, representing solu-
tion sets where no objective can be improved without degrading
another.[21]

Multi-objective Bayesian optimization has been employed to
discover transition metal complexes with optimal spin-splitting
energies and redox potentials for spin-crossover applications.
By explicitly modeling trade-offs between these properties, such
approaches identify promising candidates that would be over-
looked by single-objective optimization. For battery materials,
multi-objective active learning frameworks have been developed
to optimize fast-charging protocols for lithium-ion batteries, bal-
ancing charging speed against capacity degradation. This ap-
proach effectively optimized fast-charging protocols while reduc-
ing experimental costs by #90%, demonstrating value for multi-
objective optimization for both operational protocols and materi-
als design.?V7]

7. Key Advantages of ML Approaches for Energy
Materials

7.1. Computational Efficiency and Quantum-Mechanical
Accuracy

MLPs have emerged as critical bridges between highly accu-
rate but computationally intensive DFT and empirically derived
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classical potentials.>'®17¢7 This computational acceleration en-
ables: i) Simulations of energy materials systems with thousands
of atoms with accuracy depending on training data similarity; ii)
Extended time scales necessary for observing ion diffusion, phase
transitions, and reaction phenomena, though long-timescale ac-
curacy requires careful validation; iii) Comprehensive screen-
ing of material candidates with different compositions and
structures.

GNNs can handle large systems due to favorable scaling prop-
erties. By representing atoms as nodes and interactions as edges,
GNNs inherently capture the graph-like nature of molecular and
crystalline systems, allowing message-passing mechanisms to ef-
ficiently handle systems with numerous atoms.!”®”°l The local na-
ture of these interactions generally results in linear scaling with
system size, though GNNs typically require substantial training
data to achieve optimal performance.

For kernel-based methods like SGPR, training individual
expert models typically requires minutes to hours, depend-
ing on dataset size, with ensemble approaches adding neg-
ligible overhead.®”! Despite the excellent accuracy of kernel
methods, their O(nm?) scaling can become a limitation when
modeling diverse chemical systems. The RBCM framework ef-
fectively addresses scaling challenges by partitioning datasets
and inducing points into multiple local expert models, reduc-
ing computational complexity to O(nm?/p?).7%1 Applied to or-
ganic systems and oxygen-containing compounds relevant to en-
ergy conversion and storage, this approach maintains quantum-
mechanical accuracy while enabling seamless model expan-
sion to incorporate new chemical elements and functional
groups.

7.2. Chemical Transferability and Expansion of Accessible
Chemical Space

A critical advantage of modern ML approaches is their ability
to transfer knowledge across chemical spaces. Graph-based NNs
have shown particular promise for transferability across diverse
materials. CGCNNs can directly process crystal structures, cap-
turing periodic atomic arrangements and bonding patterns with
high accuracy.!®’! This transferability stems from the ability to
transform non-transferable atomic configurations into transfer-
able representations, enabling predictions across broad chemical
spaces.

The compositional MLP approach offers a powerful strategy
for extending chemical coverage via modular expansion.[®%218]
By training expert models on specific chemical subsystems
and combining them through frameworks like RBCM, re-
searchers can systematically build coverage of complex chemical
spaces without requiring exhaustive training across all possible
compositions.l7%218]

This modular strategy has shown particular promise for
multi-component energy materials. By combining expert mod-
els trained on lithium-sulfide and germanium-sulfide systems,
quaternary lithium-germanium-sulfide solid electrolyte prop-
erties were successfully predicted with minimal additional
training.[°>1*’] Similarly, combining expert models for different
hydrocarbon families has enabled accurate modeling of complex
organic systems.[70-219:220]
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7.3. Targeted Improvement Through Active Learning and
Uncertainty Quantification

Modern ML methodologies incorporate active learning strate-
gies that significantly enhance the efficiency of model develop-
ment. These approaches identify configurations with high un-
certainty for targeted sampling, incrementally improve models
with minimal additional DFT calculations, and adapt to newly en-
countered physical processes during simulations. This approach
enables efficient computational resource use by focusing new
high-level calculations where they provide the most information
gain, particularly valuable for exploring complex potential energy
surfaces of energy materials.['!) SGPR and related kernel-based
models intrinsically provide Bayesian predictive variance, though
the reliability of these uncertainty estimates depends on model
assumptions and training data coverage, and can be overconfi-
dent when extrapolating beyond training distributions; standard
GNNs require post-hoc methods, such as ensembling or stochas-
tic dropout, for uncertainty estimation.[221-224]

7.4. Bridging Scales Through Multi-Scale Modeling

ML approaches enable bridging across length and time scales
critical for energy materials: i) Connecting atomic-scale proper-
ties to device-level performance; ii) Combining thermodynamic
predictions with kinetic models for more complete performance
estimates; iii) Accounting for materials evolution under operat-
ing conditions. This multi-scale modeling capability is essential
for developing comprehensive models of energy devices, where
performance is determined by phenomena occurring across mul-
tiple stages.?”’! By combining information from different scales
into unified ML frameworks, researchers can achieve more accu-
rate and predictive models capturing hierarchical nature of ma-
terials properties.

Almost all ML potentials are local, accounting for interactions
between an atom and its neighbors up to some cutoff radius.[!!
While there exist some nonlocal models, for most systems, rea-
sonable cutoff radii enable highly accurate results without requir-
ing explicit long-range terms. For systems where very long-range
interactions play a critical role, hybrid approaches that combine
MLPs with classical force fields for electrostatic and dispersion
effects have proven effective.l”%18]

8. Challenges and Future Directions

Despite significant progress in applying ML to energy materials,
several challenges remain to be addressed for realizing the full
potential of these approaches.

8.1. Data Quality and Availability

ML-driven materials screening faces significant challenges re-
lated to data quality and availability.l!] Many material properties
lack standardized experimental protocols, leading to inconsisten-
cies in reported values across studies. Published datasets are bi-
ased toward successful materials rather than failures, creating
bias that can limit the predictive capability of ML models.
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Training accurate MLPs requires high-quality reference data,
typically from DFT calculations. Different ML architectures have
varying data requirements. While kernel-based methods like
GAPs can achieve reasonable accuracy with relatively small
datasets,!°®) GNN-based approaches often require substantially
more training data to achieve comparable results. This presents a
challenge for materials in complex phase spaces or in cases where
high-level quantum mechanical calculations are computationally
prohibitive.

Future advances will require greater integration of data from
multiple sources, including experimental measurements, com-
putational predictions, and literature text mining.[??l Develop-
ment of automated data extraction tools, standardized metadata
schemas, and improved UQ methods will be crucial for building
more comprehensive and reliable materials databases.[??’]

8.2. Extrapolation to New Chemical Spaces

One primary limitation of current MLPs is inability to extrapolate
to novel chemical spaces. While these models excel at interpolat-
ing within chemical space covered by training data, they often
fail when presented with substantially different environments
or bonding patterns. Different ML architectures have varying
capabilities—kernel-based methods like SGPR and GAP tend to
provide appropriate uncertainty estimates when predicting out-
side training distribution, while deterministic NNs may give over-
confident but incorrect predictions.[**1%!

Equivariant architectures offer promising pathways for im-
proving extrapolation capabilities. By explicitly encoding physi-
cal symmetries, these models can generalize more effectively to
new environments with limited training data.¥”"! The strong
inductive bias provided by equivariance constraints reduces the
model’s need to learn symmetry operations from data, improving
data efficiency and generalization.

Complementary to equivariant architectures, ensemble ap-
proaches provide another pathway for systematically expanding
chemical coverage. The compositional MLP approach offers a
promising strategy for extending chemical coverage via modu-
lar expansion.[®>?!8] The RBCM framework!”) combines multi-
ple SGPR experts, each trained on specific chemical domains,
through Bayesian weighting schemes, enabling straightforward
extension to new elements and functional groups. The built-in
UQ in such ensemble models naturally flags regions where ex-
trapolation may be unreliable, guiding additional high-level cal-
culations precisely where they would provide the greatest infor-
mation gain.

The modular nature of compositional approaches also creates
a pathway toward increasingly universal MLPs. As computational
resources grow and expert model libraries expand, compositional
MLPs will play an increasingly important role in accelerating ma-
terials discovery across diverse chemical spaces.

8.3. Long-Range Interactions
Since most ML potentials are local, relying on a fixed cutoff ra-

dius to capture interactions between an atom and its neighbors,
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they face difficulties in accurately treating long-range interac-
tions such as electrostatics and dispersion forces. While com-
putationally efficient with linear scaling, this approach funda-
mentally neglects interactions beyond the cutoff. This limitation
is particularly problematic for systems where long-range forces
dominate, including ionic solids, layered materials, and polar
molecules.

Several approaches have been developed to address this chal-
lenge. For kernel-based methods like SGPR, strategies include
adding explicit long-range terms via analytical corrections to
complement ML predictions of short-range interactions, and
hierarchical modeling that trains separate ML models to cap-
ture interactions at different length scales.l”’] Transformer-based
architectures naturally capture global dependencies through
self-attention mechanisms, with recent equivariant transform-
ers maintaining symmetry constraints required for physical
accuracy.??!] As a hybrid approach for systems with critical long-
range interactions, MLPs can be combined with classical force
fields that accurately capture electrostatic and dispersion ef-
fects at long distances.”*2?'8] This method maintains quantum-
mechanical accuracy for local interactions while efficiently mod-
eling extended physical effects.

8.3.1. Quantitative Performance Metrics

Specific computational cost and accuracy benchmarks can be as-
sessed for each approach.

Analytical Corrections: The most computationally efficient ap-
proach, adding explicit long-range terms to complement ML
predictions of short-range interactions.”’ For dispersion in-
teractions, approaches like D3 corrections(??] can expand in-
teraction ranges with minimal computational overhead (10—
20% above base MLP cost) and accuracy improvements of 2-5
meV atom™! for dispersion-dominated systems. However, this
method lacks transferability for chemically heterogeneous sys-
tems and fails at interfaces, working best only for neutral, ho-
mogeneous condensed-phase materials.

Hierarchical Modeling: Co-trains separate ML models to cap-
ture interactions at different length scales, with distance scal-
ing relationships varying from r! (Coulomb) to r~¢ (disper-
sion), and system-dependent r? to > for van der Waals in
nanostructures.!?3’] Recent work achieved significant speedup
(much faster than single-scale approaches with multiple-time-
step integrators) without accuracy loss on potential energy or
simulation-derived quantities!®*!] by using small, efficient mod-
els for short-time-scale interactions with large, expressive models
for remaining interactions. Training overhead is moderate, with
manageable inference overhead, though implementation com-
plexity is higher.

Transformer-Based Architectures: Self-attention mechanisms
naturally capture global dependencies but suffer from quadratic
scaling limitations. Recent equivariant transformers use self-
attention to model interactions at any distance without pre-
defined cutoffs while maintaining symmetry constraints re-
quired for physical accuracy.['®] These models can learn com-
plex, orientation-dependent interactions by treating charges
as equivariant objects. While providing a theoretically com-
prehensive solution, quadratic scaling limits application to
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Table 6. Performance metrics for computational methods of long-range interactions.

Approach Theoretical Basis Computational Cost Accuracy Ideal Application
e Analytical Corrections Inverse power laws Low Low-to-Medium Homogeneous, neutral
(10-20% overhead) condensed-phase materials
eHybrid ML/Classical ML + Classical Force Medium (2x overhead vs High Large systems (>10K atoms) with
Fields (FFs) classical FF) polar/ionic character
eEquivariant Transformers Self-attention, High Highest Small systems (< 1K atoms) with

equivariant charges

eCharge Equilibration Variational charge Medium

equilibration

(quadratic scaling)

(nearly O(N) scaling)

critical long-range effects

High Medium systems (< 1K atoms)
needing high electrostatic accuracy

smaller systems (< 1K atoms) where global interactions are
critical.

Hybrid ML-Classical Methods: Combines MLPs for local inter-
actions with classical force fields for long-range effects. Hybrid
potentials using optimized multi-timestep integrators reduced
computational overhead from 40X to only 2x relative to classical
force fields.?32] The deep potential long-range approach shows
excellent energy conservation with small drift (0.4 meV/H,0
(=1 K) per 100 ps)2**) and demonstrated effectiveness on systems
>10° atoms using exascale computing, representing a highly
practical solution for large systems with significant polar or ionic
character.

Charge Equilibration Methods: Fourth-generation MLPs incor-
porating charge equilibration (Q,,) provide accurate electrostatic
descriptions but traditionally require calculation of dense
Coulomb matrices, resulting in quadratic scaling with respect
to the number of atoms N.***] Recent advances using parti-
cle mesh methods reduce complexity from O(N°) to nearly
O(N) while avoiding explicit computation of Coulomb ma-
trix elements.[?3*] Variational charge equilibration approaches
demonstrate equivalent performance while being less com-
putationally expensive than traditional fourth-generation
methods.[?*) Memory requirements are reduced by half through
sparse matrix storage, making them best suited for smaller
systems (< 1K atoms) where superior electrostatic accuracy is
critical.

A streamlined comparison of these approaches is presented in
Table 6.

8.3.2. Critical Evaluation and System-Size Recommendations

Explicit recommendations can be made based on system size and
computational constraints.

1) Small Systems (< 1K atoms): Transformer-based or full charge
equilibration methods optimal!?3¢]

2) Medium Systems (1K-10K atoms): Hybrid approaches show
best accuracy-efficiency trade-offs, with particular success
for polar materials such as electrolytes.?”] Modern imple-
mentations enable million-atom polarizable force field (PFF)
simulations.[?*%]

3) Large Systems (>10K atoms): Analytical corrections remain
most practical, with careful validation required.[?*!

Ady. Energy Mater. 2026, 16, 03356 e03356 (19 Of3'|)

8.3.3. Fundamental Limitations

We now explicitly discuss the inherent trade-offs:

1) Accuracy versus Efficiency Dilemma: While rapid expansion
of MLPs is beginning to overcome the classically pervasive
accuracy-efficiency trade-off, fundamental limitations persist.

2) Scalability Constraints: Attention mechanisms, while theoret-
ically capable of capturing all long-range interactions, suffer
from quadratic complexity that makes them computationally
prohibitive for realistic system sizes.

3) Transferability Issues: Simple analytical corrections work well
for homogeneous systems but will ultimately lead to incor-
rect predictions for systems where dispersion contributions
beyond the local atomic environment vectors cannot be ne-
glected.

8.3.4. Future Directions

Several promising research directions are emerging:

1) Emerging Architectures: Sum-of-GNNs (SOG-Net) approach
showing promise for maintaining “close-to-linear computa-
tional complexity during training and simulation” while adap-
tively capturing “diverse long-range decay behaviors”[23

2) Multi-Scale Integration: Co-training approaches that separate
fast and slow degrees of freedom, showing significant com-
putational advantages

3) Hardware-Optimized Methods: Adaptation of long-range meth-
ods for modern GPU architectures and distributed comput-
ing environments

This field continues evolving toward more sophisticated ap-
proaches that balance the fundamental accuracy-efficiency trade-
off, with method selection requiring careful consideration of sys-
tem characteristics, computational resources, and accuracy re-
quirements for specific applications.

8.4. Interpretability and Explainability

As ML models for materials screening become increasingly com-
plex, ensuring interpretability becomes both more challenging
and important.??’] Black-box models may achieve high predictive
accuracy but provide limited scientific insight into the underlying
physical principles governing materials behavior.[?*]
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8.4.1. Architecture-Dependent Approaches

Different ML architectures offer varying degrees of interpretabil-
ity. Kernel-based methods like GAP and SGPR provide direct con-
nections between training data and predictions through kernel
functions,**?°] making it straightforward to identify which ref-
erence configurations influence particular predictions.’] DNNs
typically offer less transparent relationships, though recent ad-
vances in explainable Al are addressing this limitation.[2*!]

8.4.2. Attention Mechanisms in GNNs

Recent efforts have focused on developing more interpretable ML
approaches for materials screening.!”3] Attention mechanisms in
GNN s can reveal which atomic interactions contribute most sig-
nificantly to predicted properties.[>*?] Recent studies demonstrate
that attention weights identify important substructures critical
for materials to achieve desired properties.[**] Crystal graph at-
tention networks have shown particular promise in highlighting
specific atomic environments and bonding patterns that correlate
with experimental property trends.[2#4]

8.4.3. SHAP Analysis for Feature Importance

Shapley additive explanations (SHAP) values provide quantitative
measures of feature importance that reveal structure-property
relationships.[2*] Applications in energy materials include cata-
lyst screening, where SHAP analysis reveals the relative contri-
butions of electronic and geometric descriptors to predicted ac-
tivity, and battery materials research for identifying features in-
fluencing capacity and cycling stability. In perovskite solar cells,
SHAP analysis identified dominant molecular descriptors affect-
ing degradation, leading to successful experimental validation.

8.4.4. Gradient-Based Attribution Methods

Gradient-based techniques like integrated gradients quantify
how material property changes influence model predictions, pro-
viding optimization guidance.?*¢! These methods identify which
material features most strongly influence predicted properties,
helping researchers understand which material characteristics
drive performance, for example, in battery materials and electro-
catalyst discovery,['®! though they face challenges with discontin-
uous changes and high-dimensional descriptor spaces common
in materials systems.

8.4.5. Model-Agnostic Methods and Future Directions

Local interpretable model-agnostic explanations (LIME) and
other model-agnostic methods provide local explanations appli-
cable to any ML architecture.[?*! Key challenges remain includ-
ing high-dimensional materials data, complex feature interac-
tions, and distinguishing correlation from causation. Promising
directions include counterfactual explanation methods and in-
tegration of physics-based knowledge with interpretability tech-
niques. The aim is to develop interpretable ML approaches that
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not only achieve high predictive accuracy but also yield insights
to guide experimental design and improve understanding of ma-
terials behavior.

8.4.6. Physical Insights

Perhaps most promising is integration of physics-based knowl-
edge with data-driven approaches, creating hybrid models that
combine interpretability of first-principles methods with ML
efficiency.l?*’] Physics-informed NNs, which encode known phys-
ical laws and constraints directly into model architectures, repre-
sent one approach to achieving this balance. Similarly, symbolic
regression techniques aim to discover analytical expressions that
describe material properties in terms of physically meaningful
descriptors.[248]

8.5. Physics-Informed Machine Learning

Incorporating physical knowledge into ML frameworks improves
prediction accuracy and interpretability, addressing limitations of
purely data-driven models that struggle with out-of-distribution
inputs or generating physically realistic predictions when data
is scarce. Primary approaches for physics-informed ML are as
follows: i) Physics-constrained NNs: Architectures that explicitly
enforce physical laws and constraints can provide more reliable
predictions;?*'] ii) Hybrid models: Combining ML with physics-
based simulations to leverage the strengths of both approaches;
iii) Theory-guided data science: Using theoretical insights to guide
feature selection and model architecture for improved perfor-
mance and interpretability.l>*! By encoding conservation laws
and thermodynamic consistency, these approaches reduce re-
liance on large datasets while improving generalization and in-
terpretability. Physics-informed ML ensures predictions remain
physically meaningful and provides actionable insights for mate-
rials design. By balancing data-driven learning with physical con-
straints, these methods guide experimental efforts more effec-
tively while providing a fundamental understanding of structure-
property relationships.

8.6. Integration with Experimental Workflows

The integration of computational ML approaches with exper-
imental materials synthesis and characterization represents a
frontier with enormous potential. Self-driving laboratories for
materials discovery combine ML with automated synthesis and
characterization to accelerate the identification of promising
materials.[?%] These closed-loop systems iterate between predic-
tion, synthesis, testing, and model refinement to rapidly optimize
material properties.[2°1]

Key developments in this area include: i) Real-time ML guid-
ance to adapt experimental parameters on-the-fly based on in-
coming data;[®?! ii) Automated high-throughput characteriza-
tion techniques coupled with ML analysis to provide rapid
feedback;(?3! iii) Multimodal ML approaches that integrate infor-
mation from multiple experimental techniques, including spec-
troscopy, diffraction, and imaging, to provide more comprehen-
sive understanding of materials. These approaches promise to
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dramatically reduce the time and resources required for materi-
als discovery by intelligently navigating the vast design space of
possible compositions, structures, and processing conditions.

New strategies are accelerating materials discovery by efhi-
ciently exploring large design spaces of compositions and syn-
thesis methods. Despite the value of experimental data, its collec-
tion remains slow and often yields sparse datasets. With advances
in automation and 3D printing, autonomous laboratories are be-
coming feasible. Recently, smart robots have been developed that
perform high-throughput experiments, enabling rapid search for
improved material compositions.[2>*]

Itis worthwhile to address some promising cases for ML-based
materials discovery. Cost-benefit would show a drastic reduction
in development cycles with 10-100x acceleration compared to
traditional approaches. In practice, ML-driven workflows, cou-
pled with automated synthesis and high-throughput testing, have
demonstrably shortened the discovery-to-prototype cycle for cer-
tain classes of materials. For example, the Microsoft-PNNL col-
laboration demonstrated ML-guided solid electrolyte discovery
that identified 18 promising candidates from 32 million materi-
als in just 80 h-a process that would traditionally require 20 years-
with final material synthesis and validation completed within 9
months.[?°] In heterogeneous catalysis, closed-loop optimization
platforms using Bayesian optimization have identified optimal
catalyst compositions for CO,-to-methanol conversion within
6 weeks across 144 catalysts, representing order-of-magnitude
reductions in experimental campaigns compared to traditional
decade-long research cycles.!?**] Automated catalyst optimization
has achieved experimental time cost reductions of ~#60-fold com-
pared to manual operations, while active learning workflows for
CO, reduction catalysts have identified optimal Cu-Al compo-
sitions through iterative cycles that achieved over 80% Faraday
efficiency compared to ~66% for pure Cu.[®7] For battery elec-
trode materials, ML approaches have accelerated the screening
and identification of thousands of potential electrode materials
for Na/K-ion batteries with voltages rivaling their Li-ion counter-
parts, reducing traditional trial-and-error approaches from multi-
year timescales to months.[?*!] These examples illustrate the tan-
gible potential of digital and autonomous R&D pipelines to accel-
erate materials innovation in practice, even though the degree of
acceleration remains highly dependent on the specific material
system and integration level of automation.

Step-by-step protocols for ML-guided synthesis include: 1) Ini-
tial screening using ML models to identify promising candidates;
2) Automated synthesis parameter optimization using Bayesian
optimization; 3) Real-time characterization with ML-guided anal-
ysis; 4) Feedback loops for iterative refinement; 5) Integration
with existing laboratory infrastructure through modular design
approaches.

8.6.1. A-Lab’s Autonomous Materials Discovery Platform

Ceder and coworkers reported the A-Lab,[>°l an autonomous lab-
oratory for the solid-state synthesis of inorganic powders. While
the platform demonstrates a high success rate in synthesizing
targeted materials, the initial selection of these targets is guided
by large-scale ab initio phase-stability data from databases like the
Materials Project. The platform integrates robotics with compu-
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tational tools, literature data, and ML to plan and execute experi-
ments.

1) Target Identification: The A-Lab identifies synthesis targets us-
ing large-scale ab initio phase-stability data from databases
like Materials Project and Google DeepMind. These calcula-
tions identified 58 targets that were predicted to be stable or
near-stable.

2) Recipe Generation: The A-Lab generates initial synthesis
recipes for each target using ML models trained on synthe-
sis data from literature. For each compound, up to five initial
recipes are proposed based on chemical similarity.

3) Performance: Over 17 days of continuous operation, the A-Lab
successfully synthesized 41 of the 58 targets, representing a
71% success rate for solid-state inorganic synthesis. Success
rates vary significantly across different material classes and
synthesis methods. The A-Lab’s active-learning cycle, which
proposes improved recipes when initial ones fail, was able to
optimize synthesis for nine targets, six of which had a zero
yield initially. However, only 37% of the 355 synthesis recipes
tested by the A-Lab produced the desired targets.

8.6.2. Actionable Implementation Pathways

Level 1-Computational Pre-screening Integration: Experimentalists
can immediately implement ML-guided target identification us-
ing existing computational resources. The A-Lab methodology
demonstrates systematic selection of synthesis targets using
DFT-calculated phase stability data from databases like Materials
Project.?>°] This approach identified 58 viable targets from mil-
lions of possible compositions, focusing experimental efforts on
thermodynamically favored compounds.

Level 2-Semi-Automated Synthesis Optimization: Integration of
Bayesian optimization with existing laboratory equipment en-
ables systematic parameter optimization without full automa-
tion. Demonstrated protocols include: 1) DoE-guided screening
of temperature, time, and precursor ratios; 2) Real-time adjust-
ment of synthesis parameters based on intermediate characteri-
zation; 3) Active learning algorithms that minimize required ex-
periments while maximizing information gain.

Level 3-Closed-Loop Autonomous Systems: Full autonomy re-
quires integration of robotic synthesis, automated characteriza-
tion, and ML decision-making. Successful implementations like
the A-Lab achieved 71 (41 of 58 targets) over 17 continuous days
of operation.[?]

8.6.3. ML-Guided Synthesis Protocols

Protocol 1: Literature-Informed Recipe Generation: target selection,
recipe generation, temperature prediction, initial synthesis, yield
assessment

Protocol 2: Active Learning Optimization: thermodynamic anal-
ysis, pathway prediction, adaptive experimentation, and iterative
refinement for failed attempts

Protocol 3: Multi-Modal Characterization Integration: real-time
X-ray diffraction analysis, spectroscopic feedback, morphological
assessment, property validation
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8.6.4. Scalability Analysis: Throughput Scalability

Manual synthesis: 1-5 samples per day

Level 1 (Computational Integration): Standard laboratory com-
puting infrastructure: 5-20 samples per day

Level 2 (Semi-Automated): Automated synthesis equipment
(heating, mixing, dosing): Timeline: 20-100 samples per day

Level 3 (Full Autonomy): Comprehensive robotic laboratory
infrastructure: 50-200 samples per day (demonstrated by A-
Lab)[ZS‘)]

Quantified Benefits from Deployed Systems:

1) A-Lab Performance: 71% synthesis success rate versus 20—
30% for traditional approaches in solid-state inorganic
synthesis!?>]

2) Time Acceleration: 10-100x faster than specific manual
synthesis-characterization workflows,?®°l (actual speedup
varies significantly by synthesis complexity and characteriza-
tion requirements)

3) Performance: A mobile robot to autonomously search for im-
proved photocatalysts for hydrogen production, with 1000
times faster autonomous workflow than manual methods and
at least ten times faster than semi-automated robotic work-
flows. The robot also identified a photocatalyst mixture that
was six times more active than the initial formulations.[?%]

4) Labor Optimization: 90% reduction in routine experimental
tasks, freeing researchers for strategic planning/26!]

8.6.5. Open-Source ML Tools and Databases

In this section, open-source ML tools and databases for materials
are listed in Table 7.

8.6.6. Future Directions and Emerging Technologies

Large Language Model (LLM) Integration: Recent developments in
LLM-based reaction development frameworks demonstrate au-
tomated experimental design and natural language interaction
with laboratory systems.[?57262] These systems eliminate coding
requirements for experimentalists while maintaining sophisti-
cated optimization capabilities. LLMs can be fine-tuned on syn-
thesis protocol datasets to generate procedures for diverse mate-
rials, significantly streamlining discovery by reducing trial-and-
error approaches. They also enable natural language interfaces
for laboratory automation, democratizing access to advanced in-
strumentation and freeing researchers to focus on strategic plan-
ning. However, LLMs face significant challenges when applied
to scientific problems. Models trained solely on text can strug-
gle with physical laws governing chemical reactions, lacking ex-
plicit constraints to conserve atoms or electrons, potentially lead-
ing to nonsensical “alchemical” results. This highlights the ne-
cessity of integrating physical knowledge with data-driven ap-
proaches. Physics-informed LLMs could explicitly track electrons
in reactions to ensure that generated outputs are both linguisti-
cally plausible and physically meaningful.

Multi-Laboratory Networks: Emerging frameworks enable dis-
tributed autonomous experimentation across multiple insti-
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tutions, sharing synthesis strategies and expanding accessi-
ble chemical space through collaborative autonomous research
networks.!263]

The convergence of ML algorithms, robotic automation, and
systematic data management represents a fundamental trans-
formation of materials discovery methodology. By implementing
these tiered approaches, experimentalists can immediately begin
realizing benefits while building toward fully autonomous dis-
covery platforms that promise to accelerate materials innovation
by orders of magnitude.

9. Materials Digital Twins for Energy Applications

The integration of MLPs with multiscale modeling enables the
development of MD'T5s -dynamic computational models that repli-
cate materials behavior across scales through real-time, bidi-
rectional coupling with physical systems. Unlike conventional
static multiscale models, MDTs incorporate continuous learn-
ing and are updated with operational data, providing adap-
tive, data-driven intelligence. Traditional multiscale modeling re-
mains invaluable for hierarchical, physics-based understanding,
but MDTs extend this paradigm by embedding continuous feed-
back loops between experiment and computation. The key dis-
tinction lies in their bidirectional data flow and adaptive refine-
ment, where experimental feedback perpetually improves model
fidelity, in contrast to the fixed predictive hierarchies of classical
approaches.

The future lies in combining both paradigms to create intel-
ligent, adaptive materials systems that leverage deep physical
understanding with real-world operational data. Figure 5 illus-
trates the conceptual framework for such systems, showing how
atomic-scale phenomena connect to device-level performance
through hierarchical modeling approaches that span quantum,
mesoscale, and macroscale domains.

These MDTs enable comprehensive visualization and pre-
diction of material behavior under various operating condi-
tions, facilitating materials property optimization before exper-
imental synthesis. Several categories can be defined: imagi-
nary, monitoring, predictive, prescriptive, autonomous, and rec-
ollection MDTs, enabling i) structure generation and prop-
erty prediction prior to experimental synthesis; ii) visualiza-
tion of dynamic processes such as ion diffusion, phase tran-
sitions, and reactions; iii) design of high-performance ma-
terials for batteries, catalysts, solar cells, and other energy
applications.

Industrial implementations of battery MDTs have demon-
strated significant practical impact. Recent pilot studies show
that MDT-enabled battery management systems can achieve real-
time monitoring capabilities, enabling predictive maintenance
strategies.?6#2%] For example, comprehensive battery MDTs in-
corporating electrochemical-thermal-mechanical coupling have
been successfully deployed for grid-scale energy storage sys-
tems, enabling asset-specific optimal decisions and degradation
analysis.[?*] MDT-driven specific capacity predictions showed a
low average deviation at different C-rates.l?%®] The MDT aggre-
gated data such as paste viscosity, coating thickness, and mate-
rial homogeneity, generated a live prediction of the battery cell
quality!?®’] and provided quality indicators and metrics based
on the entire production process.[?8] MDTs show a promising
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Conceptual Framework for a Materials Digital Twin in Energy Applications

Physical Domain

Digital Twin Domain

Digital Twin Functions

Atomic/Quantum Scale

Composition, Crystal Structure, Defects,
Dopants, Electronic States

Quantum Scale Models

DFT, GW, ML Potentials,
Electronic Structure & Property Prediction

Microstructure/Mesoscale
Grain Boundaries, Porosity, Texture,

Mesoscale Models
Phase-Field Modeling, Kinetic Monte Carlo,)

Monitoring
Real-time state tracking

Predictive
Forecasting performance, degradation & failure

Morphology, Phase Interfaces

Oata Flo

"ML-based Microstructure Evolution

Device/System Scale

Cell Architecture, Interfaces,
Operational Conditions

B>

Heedbal

Exp. Characterization & Sensing

In-situ/Operando Spectroscopy & Imaging
loT Sensors, High-Throughput Exp.

Device Scale Models

Finite Element Modeling, Reduced-Order
Models, System-Level Simulation

Guidance for optimizing design and operation

Prescriptive

Al/ML & Data Fusion Core

* Surrogate Models

* Inverse Design & Active Learning
* Materials Informatics

Self-adapting systems via closed-loop control

Autonomous

Lifecycle analysis and historical data insights

Recollection

Example: Li-ion Battery Digital Twin Workflow

MLS /MLP Phase-field System AIML Optim.
based Upscaling Coupling Integration Real-time Op.
Atomic Defects Quantum Models Interphase Device Performance Optimized Charging &
(Li-vacancy) > (DFT, ML) > (Mesoscale) > (FEM Models) > Durability Prediction
Cathode defects Molecular dynamics SEI growth dyn. Cell architecture Real-time operation
Anode interfaces Key parameters Particle mechanics Active materials Fastchargingprotoc.
Electrode dynamics (activation barriers, Mass transport Electrolyte system Degradn. prediction
Electronic structure diffusion coefls.) Heat generation Performance metrics Safety monitoring
(band gaps, Er) Property prediction Thermal effects energy/powerdensity Performance optim.
Physical Asset Atomic-scale Mesoscale Data Acquisition & Feedback from Physical Asset
Representation Defect Dynamics Phenomenon Real-time Sensor Data:
Li-ion battery (e ) (SEI growth, Battery pack with Sensors:
~2 cracking dendrites) current, voltage, temperature
anode . +“»| 3 > } 2
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Figure 5. Conceptual Framework for a Materials Digital Twin in Energy Applications, with Lithium-lon Batteries as an Example. (top) framework il-
lustrating a three-domain architecture: Physical Domain encompassing atomic/quantum scale phenomena, microstructure/mesoscale features, and
device/system scale characteristics; MDT Domain containing corresponding computational models across quantum, mesoscale, and device scales;
MDT Functions providing operational capabilities. (middle) Li-ion battery MDT workflow showing the progression from atomic defects and cathode
interfaces through quantum models and MD to system integration and real-time optimization. (bottom) Bidirectional data flow between the physical
Li-ion battery asset and its digital replica, where atomic-level defects (Li-vacancy) are captured through quantum-scale DFT/MLP modeling, mesoscale
phenomena such as solid electrolyte interphase (SEI) growth are simulated via phase-field/MD methods, and device-level performance predictions are
generated through equivalent circuit models and NNs. Real-time sensor data enables continuous model updating and predictive control optimization,
facilitating active management of complex energy storage systems across temporal and spatial scales to enhance performance, reliability, and operational

efficiency.
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potential to achieve several benefits, such as significantly en-
hancing battery lifetime and safety, optimizing lifetime and value
through asset-specific control, enabling rapid and reliable root-
cause analysis of battery failure, and increasing the predictive ca-
pabilities of a single asset and reducing uncertainty by pooling
data.[266]

Digital manufacturing approaches have been successfully
implemented for perovskite solar cell optimization. High-
throughput robotic synthesis platforms combined with ML-
guided optimization have achieved reproducible fabrication of
perovskite devices with power conversion efficiencies exceeding
20%.2%1 These systems demonstrate rapid screening of composi-
tional space, with automated synthesis-characterization loops re-
ducing development time from months to weeks.[’% Large-scale
perovskite solar panels (4.5 m? total area) have been successfully
integrated into stand-alone solar farm infrastructure with peak
power exceeding 250 W, demonstrating the scalability of MDT-
guided optimization.[?”!] These installations provide continuous
monitoring data that validates and refines MDT models under
real operating conditions.

The ultimate vision extends beyond improved materials sim-
ulation to autonomous materials discovery platforms. Future
developments should focus on closed-loop systems that can
formulate hypotheses about materials with target properties,
plan and execute synthesis experiments, and interpret results
through Bayesian active learning frameworks. Through self-
learning processes with continuously expanding training data,
these systems will build “universal potential libraries” applica-
ble to diverse materials challenges. This represents a paradigm
shift from traditional trial-and-error materials discovery to au-
tonomous, quantum-accurate materials innovation platforms
that can accelerate the development of next-generation energy
technologies.

10. Ethical Considerations and Responsible Al

The implementation of ML in materials science raises several
ethical considerations that require careful attention. Data own-
ership and sharing protocols must be established to ensure
fair access to computational resources and findings. Bias in
automated discovery systems can perpetuate existing inequali-
ties in materials research if not properly addressed through di-
verse training datasets and validation protocols. Research shows
that data bias, inherent in the data collection process, signif-
icantly influences the error and reliability of ML model pre-
dictions, limiting the material space that can be reliably dis-
covered by a given model. This is particularly problematic as
published datasets often favor successful experiments, creat-
ing a strong positive bias that can reinforce existing perspec-
tives and limit the discovery of novel materials outside conven-
tional research domains. Responsible Al practices in materi-
als science include transparent reporting of model limitations,
UQ, and validation protocols to ensure reproducible and reliable
results.

11. Conclusion and Outlook

ML approaches have revolutionized energy materials discovery
and design, enabling remarkable computational efficiency while
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maintaining quantum-mechanical accuracy. The application of
GNNs and SGPR in developing MLPs has facilitated atomistic
simulations of complex materials systems with thousands of
atoms and extended time scales, providing crucial insights into
phenomena such as ion diffusion, phase transitions, and interfa-
cial dynamics. ML-driven screening methodologies enable high-
throughput screening of vast chemical spaces, significantly re-
ducing computational burden while accelerating prediction of
critical properties for energy materials applications.

The realization of comprehensive materials development has
been significantly advanced by the MLP development that can ac-
curately predict material behavior across multiple scales.[68692]
The “Al+X” framework, which combines SGPR-based simu-
lations with first-principles potentials, has shown particular
promise for creating MDTs of energy materials systems. The “X”
component encompasses diverse material elements relevant to
energy applications. As an example, one application could envi-
sion designing efficient, durable, non-toxic, non-flammable Li-
ion batteries using materials composed of selected elements.
The MDT would provide a comprehensive visualization of the
battery’s materials structure, reaction phenomena, performance
during charging/discharging, and changes in stability and dura-
bility. Through this approach, complex phenomena such as ion
diffusion, phase transitions, and interfacial dynamics can be sim-
ulated with high accuracy and efficiency.

Future directions extend beyond improved materials sim-
ulation toward autonomous discovery platforms, marking a
shift from traditional trial-and-error approaches. Through self-
learning processes with continuously expanding training data, it
is possible to build “built-in universal potential libraries” that can
eventually be applied to all “Things+Phenomena.” As the data ac-
cumulate, the system can engage in self-learning, building uni-
versal potential libraries through cumulative learning.

However, several fundamental limitations continue to con-
strain ML’s full potential in energy materials discovery. Data qual-
ity and availability remain major challenges, with high-quality ex-
perimental data scarce for many systems, particularly novel com-
positions and extreme operating conditions. Model interpretabil-
ity limitations hinder scientific insight generation, as “black box”
approaches provide limited understanding of why certain mate-
rials exhibit superior performance. Significant theory-experiment
gaps persist, with models trained on idealized computational data
often failing to capture real-world complexities, including de-
fects, grain boundaries, and environmental factors. Scalability
and transferability issues limit model applicability across differ-
ent material classes, while integration barriers, including technical
complexity and economic constraints impede adoption in exper-
imental and industrial environments.

To address these challenges, critical research directions in-
clude: development of standardized, community-wide databases
with comprehensive UQ; advancement of physics-informed ML
approaches that integrate domain knowledge while maintaining
interpretability; creation of multi-scale frameworks that seam-
lessly couple atomistic to device-level phenomena; implemen-
tation of robust UQ methods that account for model limita-
tions and extrapolation risks; development of cost-effective au-
tonomous laboratory systems accessible to diverse research en-
vironments; and establishment of collaborative frameworks for
data sharing and model validation across institutions.
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The integration of these complementary approaches is en-
abling the realization of MDT that simulates material behav-
ior across multiple scales and provides actionable insights for
designing next-generation energy technologies. As these meth-
ods continue to evolve and become more deeply integrated
with experimental workflows, systematic addressing of current
limitations through coordinated research efforts will determine
whether ML-driven materials discovery can fulfill its promise of
revolutionizing energy technology development. Success in over-
coming these challenges will enable ML to play an increasingly
central role in accelerating the transition to sustainable energy
systems, transforming materials discovery from empirical trial-
and-error to predictive, physics-informed design.
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