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PUBLIC SUMMARY

= Root causes and consequences of data scarcity in LIB research are critically examined.
= Materials-level and device-level solutions for mitigating data scarcity are systematically presented.

= Future avenues for further reducing the impact of data scarcity across the field are proposed.
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The global challenge on energy crises has promoted the extensive research
on energy storage, which positions the lithium-ion batteries (LIBs) as a core
technology due to the exceptional performance. While conventional
approaches for LIB research are limited by long development cycles, high
resource demands, and heavy reliance on the expertise of researchers, data-
driven methods powered by ML exhibit remarkable potentials on enabling
the efficient and accurate predictions of key battery performance metrics,
significantly reducing the time and economic costs on the R&D of batteries.
Despite these advances, data scarcity remains a major obstacle to the
widespread applications of these techniques due to the high costs and
prolonged cycles associated with battery experiments. To investigate
appropriate approaches for addressing these challenges, a comprehensive
review on the data-driven methods for lithium battery research is provided,
offering insights into mitigating the impact of data scarcity. To reach this
goal, this review systematically examines the implementations of data-
driven methods associated with the applications in the battery domain.
Detailed studies have been conducted to investigate the root causes of
data scarcity at various levels ranging from materials to devices and effec-
tive strategies to accommodate these issues. Finally, the review discusss
future directions, emphasizing the need for collaborative data-sharing
frameworks and adaptive ML models that balance domain expertise with
computational innovation. By addressing data scarcity through these
strategies, this work aims to accelerate the development of next-genera-
tion LIB while retaining the core insights of traditional methodologies.

INTRODUCTION

In the modern energy transition, LIB have emerged as the cornerstone of
electrification and renewable energy integration, driven by their unparalleled
energy density, extended cycle life, and lightweight design.” These attributes
not only solidify their dominance in portable electronics and electric vehicles
but also underscore their pivotal role in achieving global decarbonization
goals.”” However, advancing LIB technologies demands continuous break-
throughs in both materials innovation—such as discovering high-capacity
cathodes or stable solid electrolytes'” and device optimization, where accu-
rate state-of-charge prediction and degradation monitoring are critical for
safe and reliable battery management systems (BMS)."

Traditional approaches for LIB development rely heavily on empirical
models and iterative experimentation, which are inherently constrained by
slow iteration cycles,'” resource-intensive validation,””'® and domain-
specific expertise.”!" While physics-based models provide foundational
insights, they often struggle to capture the multi-scale complexity of real-
world battery systems, from atomistic interfacial phenomena to cell-level
performance decay.'*'® In contrast, machine learning (ML) has revolution-
ized materials and device research by automating pattern recognition in high-
dimensional datasets, uncovering nonlinear relationships imperceptible to
conventional methods (Figure 1).'%** Yet, the full potential of ML for battery
research remains bottlenecked by data scarcity: the prohibitively high cost of
generating high-fidelity experimental data, inconsistencies in data collection
protocols, and limited access to proprietary industrial datasets.'" Statistically
sparse training data exacerbates overfitting, where models fixate on experi-
mental noise other than generalizable electrochemical principles, ™ ulti-
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Figure 1. Recent advances of ML assisted methods for LIB research.”**° Copyright 2019, Springer Nature. Copyright 2018, Elsevier. Copyright 2020, Springer Nature. Copyright
2021, Cell Press. Copyright 2022, Springer Nature. Copyright 2023, Springer Nature. Copyright 2024, Cell Press. Copyright 2016, Springer Nature. Copyright 2019, Springer Nature.
Copyright 2020, Springer Nature. Copyright 2021, Elsevier. Copyright 2022, American Chemical Society. Copyright 2023, Springer Nature. Copyright 2024, Royal Society of Chemistry.
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mately undermining their reliability across diverse battery chemistries and
operating conditions.

Recent efforts to mitigate data scarcity integrate external knowledge to
compensate for limited datasets. Data augmentation techniques syntheti-
cally expand datasets by replicating the statistical distributions of experimen-
tal measurements.”” Semi-supervised learning leverages abundant unlabeled
data—often underutilized in battery studies—to reduce dependency on costly
labeled examples,”’ while transfer learning adapts pre-trained models from
related domains to accelerate LIB-specific tasks.”” Despite these advances,
existing reviews lack a systematic analysis of the root causes of data scarcity
and its interplay with ML workflows in battery research (Figure 2).

This review bridges this gap by systematically analyzing how data scarcity
arises at critical stages of LIB development, from materials discovery to
device management. By mapping existing strategies to specific challenges, a
coherent roadmap is provided for integrating computational innovation with
experimental pragmatism, empowering researchers to overcome data
scarcity and accelerate the development of next-generation energy storage
systems with artificial intelligence (Al).

DATA-DRIVEN METHODS

Data-driven methods, which leverage ML to extract insights from historical
data, hold immense promise for advancing LIB research.”** However, their
practical application is critically hampered by the pervasive challenge of data
scarcity. To deconstruct this bottleneck, the standard ML workflow is exam-
ined and summarized as a unified roadmap in Figure 3, which serves as the
structural backbone of this study. This workflow consists of six key stages:
task definition, data collection, data preprocessing, feature engineering,
modeling, and deployment. Unlike in data-rich domains, each stage in battery
research is profoundly affected by the limited availability of high-quality
data.”*"" In the following subsections, the review adopts this roadmap as a
framework to systematically analyze how data scarcity impacts the entire
pipeline. The analysis will focus on identifying the root causes of data scarcity
at its source, examining its adverse effects on model development at each
stage, and reviewing the specialized strategies designed to overcome these
limitations.

Task definition

Before applying ML to facilitate LIB research, it is important to clearly
define the research objectives into ML tasks. The common tasks in Lithium
battery research can generally be categorized into regression, classification,
and detection. Regression tasks, such as battery lifetime prediction, aim to
forecast continuously distributed values.”**" Classification is usually used for
tasks such as fault diagnosis by projecting input data into predefined cate-
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Figure 2. Machine learning methods to tackle data-
scarcity issue.
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. data scarcity.
Transfer learning . . . -
This challenge manifests in distinct ways,
with specific causes compounding the prob-

e lem for each task type. For regression, the
primary cause of data scarcity is the prohibitive

— time and cost associated with long-term
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ways. In classification tasks, data scarcity
frequently arises from the inherent rarity of crit-
ical events, such as thermal runaway or
specific internal shorts. This leads to severe
class imbalance, where models trained on such

data become biased towards predicting the common healthy state and fail to
identify rare but crucial faults.” Detection tasks face a dual challenge where
data becomes scarce due to both the natural infrequency of manufacturing
defects and the labor-intensive process of expert annotation required to label
them. This combination of limited data samples and high defect variability
makes it difficult for models to generalize across different defect types or
imaging conditions.*

To address these issues, a plausible approach is to redefine the task to
better exploit the available data. For example, binary classification with scarce
positive examples can be reframed as an anomaly or one-class detection
task, whereby a model is trained on abundant negative samples and tasked
with identifying deviations.”' Similarly, a regression task with sparse target
coverage can be transformed through discretizing the continuous prediction
target into interval bins, converting the problem into a more manageable
coarse-grained classification task.” In object detection, few-shot and weakly
supervised approaches can be employed to leverage auxiliary data or meta
learning strategies for rare classes.” Such task redefinitions can enable the
application of specialized algorithms and inductive biases that improve
robustness and generalization under data-scarce scenarios, thereby enhanc-
ing overall modeling efficacy.

Data collection

In battery research, data collection spans two complementary levels: mate-
rial level and device level. At the material level, characterization techniques
such as X-ray diffraction, electron microscopy, and spectroscopy provide
essential insights into structural, morphological, and chemical properties.”” At
the device level, long-term cycling experiments yield time-resolved voltage,
current, and temperature data, which are critical for understanding perfor-
mance degradation and safety.” The processes for data acquisition are the
primary sources of the data-scarcity challenge.” Conventional material char-
acterization often requires expensive, specialized equipment and intricate
sample preparation, severely limiting throughput and the amount of data
required for ML tasks. Similarly, device-level cycling tests can take months to
complete for a single batch, with inherent cell-to-cell variability necessitating
costly and time-consuming replications.”” Moreover, acquiring high-fidelity
electrochemical data necessitates advanced battery cyclers capable of
precise current and voltage control, coupled with rigorously thermostatically
controlled environments.”’ These stringent experimental requirements
impose significant economic burdens on the data acquisition process itself.
These fundamental constraints of high cost, long duration, and required
expertise mean that comprehensive, large-scale datasets, especially for
emerging chemistries, are inherently rare.*”

Quantitatively, at the materials level, large public databases may list around
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100,000 materials and several hundred thousand property entries. However,
once focusing on a specific sub-domain and a single target property, the
effective data volume drops sharply. For example, to the ionic conductivity of
sulfide solid electrolytes or interfacial stability of high nickel layered oxide
cathodes, only about 100 to 1,000 compositions typically have reliable labels.
At the cell level, widely used MIT datasets contain 124 cells and others are no
more than 300 cells. In contrast, modern transformer architectures are
usually trained on millions or even billions of samples or tokens to converge
well, and foundation models for molecules and materials also rely on millions
of structures or documents.

The direct consequence of these challenges in data collection induces the
creation of small, fragmented, and often biased datasets. The high cost of
experimentation limits the exploration of a wide chemical or operational
space, leading to datasets that lack diversity and fail to capture the full spec-
trum of battery behaviors. Furthermore, data sharing across entities is often
hindered by proprietary concerns and a lack of standardized formats,
preventing the aggregation of smaller datasets into a larger, more powerful
resource. The resulting data-scarcity issue severely undermines the training
of robust ML models, which may overfit to the limited available data samples
or fail to generalize to conditions not captured in the training dataset.

To overcome these data-collection bottlenecks, a potential solution is to
shift from exhaustive, conventional methods to intelligent, data-efficient
strategies. For instance, active learning directly tackles the issue of expen-
sive labeling and experimentation through iteratively identifying the most
informative data samples that can diversify the training dataset instead of
passively data collection, enabling the training of high-performance models
with significantly fewer data samples and thus reducing experimental costs
and time.”** Importantly, the feasibility of active learning has also been
substantiated in industrially relevant scenarios. The framework proposed by
Zhu et al. 64 was validated using laboratory-scale lithium-ion battery degra-
dation tests that closely resemble industrial aging processes. These tests
explicitly account for the high electricity consumption from repeated charge-
discharge cycling and the operation of temperature chambers, which domi-
nate the cost structure of large-scale industrial testing. The results demon-
strate that active learning can substantially reduce the usage of the battery
aging data by up to 40% for exhaustive run-to-failure experiments while
maintaining equivalent accuracy, thereby confirming its applicability in practi-
cal industrial collaborations rather than being limited to purely theoretical or
synthetic settings. A complementary strategy is data augmentation, which
expands limited datasets using synthetic data. Generative models like gener-
ative adversarial networks and variational autoencoders can learn the under-
lying pattern of real battery data—such as cycling curves or impedance spec-
tra—and generate synthetic data samples that are statistically realistic.””
These synthetic data can be used to enrich training sets, improving model
robustness. For classification tasks plagued by imbalanced data, over-
sampling techniques like synthetic minority over-sampling technique can

Figure 3. Workflow of data-driven methods for LIB
research.”®*® Copyright 2024, Wiley-VCH. Copyright
2019, Springer Nature. Copyright 2024, Elsevier.
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such as equipment malfunctions, environmen-
tal or signal interference, and data transmis-
sion or storage faults, thereby leading to the
loss of data (resulting in missing values) and the generation of anomalies,
directly jeopardizing the performance of prediction models.” While problem-
atic data points can often be discarded with minimal impact in data-rich
scenarios, every data sample is valuable in data-scarce context, and discard-
ing data exacerbates the scarcity issue.”’ However, retaining corrupted data
can introduce systematic biases that mislead the learning process, in which
scenario models will overfit to noisy information in contrast to capturing true
electrochemical principles.

Therefore, pre-processing facilitates both data cleaning and intelligently
information recovery in battery research. For this purpose, common practice
like smoothing and normalization are applied to time-series data to filter out
random fluctuations and ensure fair feature comparisons, highlighting the
underlying degradation trends.”””® For image data, denoising is critical for
accurate defect identification. Beyond simple data cleaning, data imputation
techniques take on a more significant role. These methods reconstruct miss-
ing values by exploiting useful patterns in existing data. For instance, in time-
series data, interpolation can fill gaps in cycling curves based on adjacent
measurements, effectively "repairing” the dataset without the cost of re-
running experiments. The recovery of missing information can be regarded
as a form of low-cost data augmentation, as it increases the quantity of
usable, continuous data available for training.

Additionally, a critical trade-off that must be handled during pre-process-
ing is that overly aggressive filtering or smoothing can inadvertently remove
subtle but critical features indicative of early-stage degradation or impending
failure. For instance, a small voltage anomaly can signal the emergence of an
internal short, which can easily be mis-detected as noise and smoothed
away. Therefore, a potential solution is to apply domain knowledge as a guid-
ance of pre-processing methods, thereby selecting appropriate algorithms
and parameters to preserve genuine signals while suppressing noise. Ulti-
mately, in the context of data scarcity, meticulous pre-processing is not
merely a preliminary chore but a strategic necessity for maximizing the value
of every collected data point and building robust, generalizable models.

RUL
prediction N

Feature engineering

In battery research, raw data often span a high-dimensional feature
space.” For instance, a single impedance spectrum can contain hundreds of
data points, and the time-series of cycling data can encompass thousands of
measurements over the lifespan of a battery. When training data is limited,
the high dimensionality can drastically increase the "curse of dimensionality”
risk, such that a model may end up learning random noise other than the
useful underlying signal, leading to severe overfitting and poor generalization.
Therefore, feature engineering is a critical step acting as a powerful regular-
ization strategy to mitigate this risk by reducing dimensionality. Another
important effect of feature engineering is to enable efficient learning through
directly embedding domain-specific knowledge into data, thereby uncovering
highly complex underlying correlations.”

4 The Innovation Materials 4(2): 100209, April 22, 2026

www.the-innovation.org/the-innovation-materials


https://www.the-innovation.org/the-innovation-materials
https://www.the-innovation.org/the-innovation-materials
https://www.the-innovation.org/the-innovation-materials
https://www.the-innovation.org/the-innovation-materials
https://www.the-innovation.org/the-innovation-materials
https://www.the-innovation.org/the-innovation-materials
https://www.the-innovation.org/the-innovation-materials

For aforementioned reasons, feature engineering generally follows two
complementary steps: feature extraction and feature selection. Feature
extraction methods transform the original high-dimensional data into a
smaller set of informative and explicit features. A classic example is principal
component analysis (PCA), which identifies orthogonal components that
capture the maximum variance in the data. In the context of battery aging,
PCA can distill complex degradation phenomena—reflected across numer-
ous voltage or impedance data points—into a few latent variables represent-
ing dominant aging modes such as loss of lithium inventory or loss of active
material.”® This not only reduces model complexity but also enhances its
ability to focus on the most useful patterns, improving the robustness against
the noise prevalent in limited datasets. Furthermore, kernel-based extensions
of classic approaches like Kernel PCA can be employed to capture more
complex nonlinear relationships.

In parallel to feature extraction, feature selection aims to identify and retain
the most predictive subset of features while discarding redundant or irrele-
vant ones, which is crucial for building interpretable and robust models from
limited data. This is particularly important in battery research, where features
derived from domain knowledge often hold more predictive power than raw
data points. For example, features like the duration of specific voltage
plateaus (e.g., the dQ/dV peak area) can serve as highly effective proxies for
capacity fade or state of health (SOH) in contrast of the entire discharge
curve.”” Methodologically, feature selection can be implemented in several
ways. Filter methods use statistical metrics to measure the importances of
features, which is independent to the specific model, and remove the less
critical ones. More sophisticated wrapper and embedded methods, such as
recursive feature elimination or tree-based models (e.g., random forests and
XGBoost), select features based on their contribution to the performance of a
specific model.”® These model-based approaches can uncover non-obvious
feature interactions, while their reliability on small datasets must be validated
carefully, often through cross-validation, to ensure the generalization ability of
selected features.

In summary, both feature extraction and selection are indispensable for
building reliable models from limited battery data. They transforms a high-
risk, high-dimensional problem into a more manageable and robust version
by ensuring the model learning from physically meaningful and information-
dense representations, thereby avoiding getting lost in the noise of a sparse,
high-dimensional space.

Modeling

The challenges associated with the selection and training of ML models
are multifaceted in data-scarce environments, which involves the appropri-
ate fitting to the context of data, the control of model complexity, and the
avoidance of overfitting risks, especially when the availability of data is
limited. In additional to model selection, another critical issue is the applica-
tions of key strategies—from regularization to advanced training paradigms—
to enable robust learning from limited battery data.

A wide range of ML models, from simple linear models to complex deep
neural networks (DNNs), have been adopted for battery research due to their
distinct advantages in data-scarce scenarios.”” Within these models, linear
models are often the preferred starting point due to the low complexity,
strong interpretability, thereby offering the transparency to analyze the elec-
trochemical principles simultaneously with data-based observations and
reducing the risk of overfitting.** Ensembled decision tree models (i.e.,
random forest and gradient boosting machines such as XGBoost, LightGBM,
and CatBoost), further enhance the accuracy and robustness by aggregating
predictions from multiple decision trees, which automatically accommodate
nonlinear relationships and missing data accommodation.”** In data-scarce
scenarios, their performance can be further improved through techniques like
pruning, while their ability to provide feature importance scores also makes
them highly valuable for interpretable battery health diagnosis.”® Despite
these advantages, their reliance on handcrafted features limits their ability to
capture intricate degradation dynamics present in raw, high-dimensional
data.

On the other end of the spectrum, DNNs offer unparalleled capabilities in
automatic representation learning through accommodating diverse struc-
tures of input data using flexible and customized architectures.”"™ For

| Energy Chemistry avia%

instance, the family of convolutional neural networks (CNNs) are adept at
processing grid-like data, such as microscopic images of electrode materials,
to identify structural defects.**™ For time-series data, recurrent neural
networks (RNNs) and their advanced variants, long short-term memory
(LSTM) models, are designed to capture temporal dependencies, though they
often struggle with long-range effects.”"*> More recently, transformers, with
innovative self-attention mechanism, have shown great promise in modeling
long-term battery degradation.” However, the high expressivity of these
models is a double-edged sword: without sufficient data, their large parame-
ter spaces make them highly prone to memorizing noise, thereby resulting in
overfitting. Therefore, successfully deploying DNNs in data-scarce scenarios
highly relies on the sophisticated training strategies.

To bridge the aforementioned gap and bolster model generalization, vari-
ous techniques are employed, where regularization is a primary defense
against overfitting. It works by involving a penalty to the loss function, thereby
constraining model complexity through imposing a form of prior knowledge.
Standard methods like Lasso and Ridge regularization achieve this by
encouraging smaller or sparser model weights through incorporating Lapla-
cian and Gaussian prior to their distributions.”** For neural networks, a
specific technique widely used to avoid overfitting is dropout, which randomly
deactivates a fraction of neurons during training, preventing complex co-
adaptations and forcing the network to learn more robust features.”

More advanced regularization approaches directly embed domain knowl-
edge to compensate for data sparsity. For example, causal regularization,
such as causal structure learning, aims to learn the underlying causal graph
between variables, helping the model distinguish true causal relationships
from spurious correlations and thus improving its robustness to distribu-
tional shifts between laboratory and real-world conditions.”” Similarly, physics-
informed neural networks (PINNSs) incorporate physical laws (e.g., electro-
chemical equations from a Doyle-Fuller-Newman model) as a soft constraint
in the loss function. This guides the model to produce physically plausible
predictions even in regions with no training data, making it a powerful tool for
fusing data-driven methods with first-principles understanding.”® And Beyond
PINNs, physics-informed Gaussian process regression (GPR) offers another
concrete route to knowledge-driven model construction in LIB research. For
instance, a recent physics-informed multiview collaborative semisupervised
framework for early lifespan prediction first extracts mechanistic aging indi-
cators such as loss of lithium inventory via electrode-level open-circuit
potential analysis.”” Then, the framework augments them with phase-transi-
tion descriptors obtained from Lorentzian-decomposed incremental capacity
curves and operating-condition features (temperature, resistance growth and
charging time). These views are coupled to dedicated physics-informed
kernels (e.g., Arrhenius-type temperature kernels and Matérn kernels for
resistance and charge-time evolution), so that the GPR prior is explicitly
biased toward electrochemically plausible degradation pathways while still
being trained on a small labeled set together with abundant unlabeled early-
cycle data. In this way, the model regularization is no longer purely statistical
but directly reflects known aging mechanisms, leading to improved extrapo-
lation, tighter uncertainty quantification and physically interpretable predic-
tions of battery lifespan.

Beyond penalizing complexity, advancing training strategies is crucial for
maximizing the utility of data. As a powerful tool in battery research, transfer
learning adapts external data or pre-trained models to the target domain with
limited data, leveraging existing knowledge of battery degradation patterns to
dramatically reduce the data demanded for new tasks.'” Semi-supervised
learning offers another avenue by utilizing large amounts of unlabeled
data—which is often more convenient to obtain—to help guide the learning
process on a small labeled dataset, for instance, by learning a better feature
representation before supervised fine-tuning.'”' Finally, reliable model evalua-
tion and hyperparameter tuning in low-data settings are critically dependent
on robust validation schemes. k-fold cross-validation is standard for obtain-
ing a stable estimation of generalization performance, while variants like
leave-one-out cross-validation are particularly useful for extremely small
datasets.'” These methods, often guided by efficient hyperparameter
searching algorithms like Bayesian optimization (BO), ensure that model
performance is genuine and not an artifact of a lucky train-test split.'” By
synergizing an appropriate model selection with advanced regularization and
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training techniques, it is possible to build reliable, high-performance models
even when faced with the fundamental challenge of data scarcity.

Deployment

Deploying ML models in real-world LIB systems, such as an on-board
BMS, is often impacted by the challenge of "lab-to-field gap”, which is char-
acterized by the limited computational resource and complex operation envi-
ronment. Due to the limited computational resources of embedded devices,
relatively large and accurate laboratory models can hardly generate timely on-
device inference in an energy-efficient manner. Furthermore, models trained
on clean, controlled lab data often fail to generalize to the noisy and dynamic
conditions of real-world operation, which is known as the domain shift issue.
These challenges can be magnified if the real-world labeled data is insuffi-
cient. To address these issues, two complementary strategies, transfer learn-
ing and knowledge distillation, offer a powerful toolkit to overcome these
deployment hurdles.

Transfer learning is employed to address the challenge of data-efficient
domain adaptation. Instead of training a model from scratch in application
scenarios that requires extensive real-world data, it leverages a robust model
pre-trained under laboratory conditions and fine-tunes it using a relatively
small amount of labeled data from the application environment.'”* The bene-
fit of this approach is two-folded, such that it offers a cost-efficient solution
in deployment scenarios where obtaining labeled operational data is imprac-
tical or costly, while allowing the model to rapidly adapt to new operational
dynamics, ensuring continued accuracy without the need for complete
retraining.

Knowledge distillation primarily mitigates the computational footprint for
resource-constrained hardware. It works by compressing a large, high-
performing "teacher” model into a compact and efficient "student” model that
can run in real-time on a BMS. It is worth noting that its effectiveness in data-
scarce scenarios is enabled by the transfer of "dark knowledge". Other than
training the student on sparse, hard labels (e.g., "good” or "bad"), it is trained
on the teacher's soft outputs, such as class probabilities. This provides a
much richer, more nuanced supervisory signal that encodes the teacher's
"reasoning” and inter-class similarities.'” This rich signal acts as a powerful
regularizer, enabling the student model to learn more effectively and achieve
higher performance than training from scratch on the same small, hard-
labeled dataset.

In summary, these two strategies form a synergistic pair for successful
deployment of ML models in practical battery research scenarios, where
transfer learning adapts the model to the rapid dynamic of application envi-
ronment with minimal new data, and knowledge distillation enables efficient
inference on resource-constrained devices. The joint utilization of them will
further provide a robust pathway for developing compact, context-aware, and
reliable models that can be effectively deployed in real-world LIB systems.

Al AND DATA-SCARCITY IN BATTERY MATERUALS

In LIB research, ML has emerged as a critical tool for improving material
performance and accelerating the discovery of new materials.'” However, its
application in material development is fundamentally constrained by data
scarcity, a challenge rooted in the high cost, long duration, and inherent
complexity of both experimental and computation processes. This section
delves into how ML addresses data scarcity across three critical stages of
material development: materials discovery, material characterization, and
battery manufacturing.

Al assisted material discovery under data-scarcity

Material simulation methods like density functional theory (DFT), molecu-
lar dynamics (MD), and the finite element method (FEM) provide foundational
insights into material properties.'”"'” However, their high computational cost
is a primary source of data scarcity for ML applications. Generating large,
diverse datasets required to train robust ML models by running these simula-
tions across vast chemical or structural spaces is often computationally
expensive.'” For instance, DFT is computationally demanding, which limits
its use in large scale simulations, while traditional MD relies on pre-defined
force fields that may lack accuracy for novel systems. This scarcity of high-
fidelity simulation data severely restricts the ability of ML models to learn

complex structure-property relationships and generalize to unseen materials.

To overcome this bottleneck, a powerful strategy has emerged: integrating
ML directly with physics-based simulations. This approach mitigates data
scarcity in two primary ways: by using ML to accelerate simulations, thereby
generating more data, or by using ML to intelligently guide a limited number
of expensive simulations. One prominent example is the use of ML inter-
atomic potentials (ML-potentials) to accelerate MD simulations. As shown in
Figure 4A, Xu et al. developed a moment tensor potential (MTP) to study
polyanion rotation in solid electrolytes.'"” The MTP, trained on a small set of
accurate DFT calculations, learns the potential energy surface and allows for
ultralong-time MLMD simulations. This approach extends the simulation
timescale from picoseconds to the microsecond level, enabling the genera-
tion of extensive trajectory data to investigate rare events like Li*
diffusion—data that is inaccessible with traditional ab initio MD due to time
constraints, thus can effectively overcome data scarcity.

Another strategy is ML-guided discovery, which uses ML to efficiently
screencandidate materials before committingto costly simulations. InFigure 4B,
Sendek A D et al. aims to accelerate the discovery of solid LIB conductors for
all-solid-state batteries through ML.""" Trained on a sparse dataset of only 40
experimental data points, their logistic regression model used a set of struc-
tural descriptors to predict superionic conductivity. This ML model then
guided the selection of candidates for DFT-MD validation, revealing 8 new
fast conductors from ML-guided selections versus only 3 from random
screening.

Furthermore, ML can be engineered to learn effectively even when simula-
tion data is exceptionally scarce. Chouchane M Xu et al. aimed to enhance
the rate capability of dry-processed thick nickel manganese cobalt oxide
(NMC) 811 electrodes through a coupled FEM and ML approach as shown in
Figure 4C.""” To address data scarcity in 3D electrode modeling, researchers
made full use of data by treating individual particles as data points rather
than entire simulations. This strategy enabled effective model training with
only 10 FEM-generated electrode configurations, achieving a 7.3% average
relative error while reducing computation time by two orders of magnitude.

These combined methods effectively use the foundational physical and
chemical principles to supplement and enhance the quality of the dataset. By
integrating ML with computational methods like DFT, MD, and FEM, high-
quality data can be generated more efficiently or used more effectively.
Further extending this integration of physics and ML, related approaches like
PINNs take a more direct route by incorporating physical laws (e.g., differen-
tial equations) as soft constraints directly into the loss function. This embeds
physical principles as strong prior knowledge, preventing data-driven models
from making unphysical predictions and improving their generalization from
limited experimental data. Additionally, this integration provides physical
insights that allow researchers to understand and validate predictions, reduc-
ing reliance on "black-box" models."

Al assisted materials characterization under data-scarcity

In the characterization of LIB materials, ML offers powerful tools for auto-
mated image analysis, but its effectiveness is often hampered by data
scarcity. This scarcity manifests in two primary forms: the limited availability
of raw image data and, more critically, the lack of extensive, high-quality
annotated data.

The first challenge, a scarcity of raw images, arises because image-based
characterization relies on advanced and expensive instruments like electron
microscopes, synchrotron sources, or computed tomography (CT) scanners.
The high operational costs and slow acquisition speeds inherently limit the
volume of data that can be collected. Furthermore, due to the diversity and
complexity of images in material characterization, standardized image
datasets are relatively scarce. Additionally, the experimental data obtained
during material characterization are often high-dimensional and complex,
making manual analysis extremely challenging and leading to a lack of suffi-
cient labeling and structured information. The second and more pervasive
challenge is the scarcity of annotated data. Raw images are often high-
dimensional and complex, requiring expert-driven, labor-intensive manual
analysis to label key features like phase fractions, particle sizes, or defects.
This annotation process is a significant bottleneck, resulting in datasets with
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Figure 4. ML assisted MD,DFT and FEM (A) MD simulations using ML interatomic potentials extend timescales from picoseconds to microseconds while preserving DFT accu-
racy.'"” Copyright 2023, Springer Nature. (B) ML predicts lithium-ion conductivity, identifies potential materials, and validates results through DFT-MD simulations.'""""* Copy-
right 2018, American Chemical Society. Copyright 2010, SIAM. (C) ML assisted FEM creates a performance model for thick electrodes, identifies limitations, and validates struc-
tured bilayer designs via simulation and experiments.''” Copyright 2024, American Chemical Society.

very few labeled examples available for training supervised ML models.

To address the bottleneck of manual annotation, ML-powered image
segmentation has become an indispensable tool. As shown in Figure 5A,
Jiang et al. investigated the particle-carbon/binder domain detachment in
battery cathodes.™ They employed a Mask R-CNN model to automate the
segmentation of over 650 particles from advanced imaging data, a task that
would be prohibitively time-consuming if done manually. This automated
approach not only dramatically increases the throughput of analysis but also
extracts quantitative microstructural parameters (e.g., detachment degree,
volume) from the raw images. By transforming unlabeled pixels into mean-
ingful, structured data, ML segmentation effectively alleviates the annotation
scarcity and enables robust statistical analysis.

However, even with automated tools, the initial model training still requires
some annotated data, which might be extremely limited.'”® To overcome this
fundamental data and label scarcity, data augmentation is a widely adopted
solution. Figure 5B shows a workflow that the data augmentation is used in
defects detection. Data augmentation artificially expands the training set by
applying a series of transformations—such as rotation, flipping, scaling, and
color variations—to the original annotated images.'"® In material characteri-
zation, this is particularly valuable for microscopy or X-ray images, as it can
simulate variations in experimental conditions like sample orientation, light-
ing, or imaging noise. By generating diverse, synthetic training samples, data
augmentation helps the model learn more robust and generalizable features,
mitigating overfitting and improving its performance even when the initial
annotated dataset is small.

Al assisted manufacturing under data-scarcity
The increasing demand for efficient conversion from laboratory research
towards mass production creates an opportunity for the introduction of

ML.""*"?" However, applying ML to manufacturing process, such as the elec-
trode preparation shown in Figure 6A, faces challenges from both the high
cost of advanced sensors and inherent process variability. First, obtaining
precise real-time process data, such as temperature, humidity, and pressure
during electrode manufacturing, requires advanced sensors and monitoring
systems. Such technological infrastructure is typically available on a limited
number of high-end production lines, leading to a restricted volume of high-
quality data. Second, variations in material batches, equipment performance
fluctuations, and process instabilities introduce inconsistencies in production
data. This process variability means that data from one batch may not be
representative of another, fragmenting the available data into small, inconsis-
tent sets and making it difficult for ML models to learn generalizable process-
property relationships.

To overcome these challenges, several data-efficient ML strategies have
been developed. A key approach is to use data clustering to consolidate frag-
mented datasets. By grouping production data with similar characteristics,
clustering helps identify underlying patterns that are consistent across differ-
ent batches, despite superficial variations. For instance, as shown in the
workflow in Figure 6B, Tan et al. proposed a data-driven approach that begins
with data generation and clustering.'* Clustering is used to group intermedi-
ate product properties from different experiments, revealing correlations that
might be obscured by batch-to-batch noise. This allows for the consolida-
tion of data from disparate sources into a more robust dataset, thereby
directly addressing the issue of insufficient and inconsistent data from indi-
vidual experiments. Subsequently, ML models can be trained on this enriched
dataset to predict final electrode properties. The workflow concludes with a
critical post-modeling stage, which employs sensitivity analysis and 3D
output representation to interpret the model's findings. This final step is vital
in data-scarce contexts, as it allows researchers to understand the influence
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of various process parameters on final properties, thereby guiding future,
more targeted and efficient experimentation.

Another powerful strategy is to enhance data efficiency through intelligent
feature selection, ensuring that the model learns from the most informative
signals within a limited dataset. As illustrated in Figure 6C, Liu et al. aimed to
predict LIB electrode mass load and quantify feature importance in produc-
tion processes using ML.'* They employed a gaussian process regression
(GPR) framework with an automatic relevance determination (ARD) kernel to
analyze four key process features. The ARD mechanism automatically identi-
fied the most predictive features and assigned them higher importance
weights, while down-weighting or eliminating less relevant ones.'** By elimi-
nating low-weight features, training time reduced by 9.4% with minimal accu-
racy loss, demonstrating effective data utilization. This approach maximizes
the value of scarce data by focusing the model on the most critical process
parameters, leading to robust and accurate predictions even with limited
information.

Al AND DATA-SCARCITY IN BATTERY DEVICES

Lithium battery device research centers on critical operational parameters
such as remaining useful life (RUL), SOH, state of charge (SOC), thermal
management, and fast-charging protocol optimization. While ML can extract
hidden patterns from heterogeneous operational data to address the limita-
tions of conventional analysis, its application at the device level faces signifi-
cant data scarcity challenges. The primary sources of this scarcity are the
prohibitive costs and long durations of lifetime testing, which limit the avail-
ability of high-fidelity datasets capturing full degradation cycles and rare fail-
ure modes. Furthermore, proprietary data silos and inconsistent measure-
ment standards further impede cross-scenario generalization.

ML for lifetime management
Predicting battery lifetime, a cornerstone of device management, is funda-
mentally challenged by data scarcity. In laboratory settings, this scarcity

Machine learning
segementation

I stems from lengthy and costly aging tests,
while in real-world applications, it is exacer-
bated by the rarity of failure events, making it
difficult to collect sufficient fault data.'” To
address these challenges, several key ML
strategies have been developed, which can be
categorized by how they leverage or compen-
sate for limited data.

In many scenarios, unlabeled operational
data is abundant and cheap to collect, while
labeled data is scarce. Semi-supervised learn-
ing leverages this large amount of unlabeled
data alongside a small amount of labeled data
for training. As shown in Figure 7A, Guo et al.
address data scarcity in lifetime prediction
using a semi-supervised method called partial
Bayesian co-training (PBCT).”” PBCT employs a
dual-model framework: a "partial-view" model,
trained on easily accessible features from a few
labeled samples, generates pseudo-labels for
the vast unlabeled data. A more comprehen-
sive "complete-view" model then integrates all
features and co-trains with the pseudo-labeled
data. Quantitatively, PBCT matches the accu-

racy of traditional methods while using 26.9% fewer labeled samples. This
efficiency reduced the experimental cost for data acquisition by 2,836.5
cycles compared to the conventional Lasso method, resulting in an economic
saving of $4,685.1. The experimental and economic costs of other represen-
tative data-driven techniques have also been analyzed following the compu-
tational logic provided by Ref., as summarized in Table 1. In specific, the
experimental cost is computed as the total number of tested cycles
contained in the training data (both labeled and unlabeled) required to attain a
common accuracy target (RMSE = 0.1 log10 (cycle), error reported on
normalized data), which is converted to economic cost based on the rental
expense of battery testing equipment. It can be observed from Table 1 that
the ML methods specifically designed for data-scarce scenarios can achieve
remarkable reductions on experimental and economic cost compared with
conventional techniques.

When only a small set of labeled data is available, strategies that maximize
its value are critical. Transfer learning mitigates data scarcity by transferring
knowledge from a data-rich source task to a data-scarce target task. As illus-
trated in Figure 7B, Lin et al. proposed an approach where prior knowledge
from a source battery group (calendar aging) was transferred to predict the
lifetime of a target group (full life data).”” They developed two methods:
Bayesian model fusion (BMF) and weighted orthogonal matching pursuit (W-
OMP). Experimental results across LIB datasets demonstrate significant
improvements, with W-OMP achieving a 41% reduction in root mean square
error (RMSE) compared to baseline models. Beyond that, the Shapley addi-
tive explanation (SHAP) analysis is employed to ensure the explanability of
prediction models by quantifying the contribution of each input feature to the
prediction outcome. For instance, Lin et. al. utilized SHAP to discover impor-
tant features, such as the discharge capacity of cycle 2, as a most indicator
that describes the battery aging state between datasets in a straightforward
manner, which provides useful insights to guide the next generation battery
designs

Apart from the improvement of prediction accuracy in data-scarce scenar-

)
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Figure 6. ML involved production workflow (A)
Four general steps of electrode production.'** Copy-
right 2022, Elsevier. (B) Experimental or simulation
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electrode mass loading in LIB."” Copyright 2021,
Elsevier.

reduces required training samples by 75%
compared to conventional methods while
maintaining < 1% estimation errors across
different battery chemistries.

While ensemble methods address the chal-

3D output
representation

Process data

.

Clustering IPAs

.
Model evaluation

} Sensitivity analysis

lenge of model generalization from small
datasets, real-world data is often not just small

Input Layer Hidden block 1 . but also imperfect. It frequently suffers from
PP1_PP2 - IPAT IPA2 OG N e o . S
25 100 11.2 1205 @il missing values or measurement noise, which, if
53 135 10.8 1608 % ol %% = not handled properly, can lead to the loss of

6.1 154 14.9 1490 o 0|® wﬂw P properly,
47 170 13.6 1358 2 ghis %N & = already scarce and valuable samples. To tackle
oo g speest s sem  this, data imputation methods "repair” incom-
plete data. As shown in Figure 7C, Zhai et al.
G e ARDSE GPR introduced a ML framework leveraging the
- < 50| %5 ¢ ke ® multiple imputation chained equations (MICE)
e 3 ARD 8 % | * e method.'” MICE cyclically predicts missing

e a L]
STLR } E Electrode @ 40 L e RS R A I values for each feature based on the others,
) L . . .
v o oo 2 30 ° R creating multiple plausible complete datasets.
So 0 g0 o .
o load o 20 LE R A R P It On a challenging test set where 80% of the
o d . . . .
g E’ £ > C 5O samples were incomplete with a 60% missing
A N . .
CcG x |mv\l;9rfﬁ?ce & 10 Cteaated I * e d rate, this approach achieved an RMSE of 155.1
© eights ; 1'0 ‘20 ‘3.0”’”;(.) 505”3“;'8“ — Za”s‘ cycles, a 23.2% reduction versus using only the
complete data.

Observations

ios, the semi-supervised learning and transfer learning methods have also
demonstrated robustness and generalization ability through the validations
on datasets with discrepancies. To further emphasize this, Table 2 provides a
comparative summary on the characteristics of datasets used for semi-
supervised learning® and transfer learning, as well as the reported perfor-
mance across these datasets in Ref. 32, making the findings more explicit
and transparent. From Table 2, it can be observed that can consistently
generate accurate predictions despite the variations across conditions for
data acquisition. The semi-supervised learning method proposed in Ref.*
have achieved RMSEs between 0.070 and 0.100 for the prediction on the
logarithm of lifetime across various data acquisition conditions, while
substantially outperforming conventional techniques (Lasso and ElasticNet)
given limited labeled training data. Transfer learning is inherently robust to
multi-source heterogeneous data scenarios due to the build-in domain-
adaptive characteristics. As the battery lifetime prediction model trained on
Dataset] (training dataset) usually performs less reliable on Dataset3
(secondary testing dataset),” two transfer learning methods have been
proposed in Ref. 42, substantially reducing the prediction RMSE from 295.22
cycles to 201.29 cycles. Additionally, BatLiNet is proposed in Ref.'”, which
further demonstrates the cross-type robustness of transfer learning by
adapting the lifetime prediction model achieved using LFP battery to
NMC/NCA/LCO batteries.

Except for semi-supervised learning and transfer learning, ensemble learn-
ing improves generalization and robustness by aggregating predictions from
multiple models, which is crucial when limited data could cause a single
model to overfit. For instance, Sui et al. proposed an optimized ensemble
learning framework (BaggELM) for SOH estimation.'”” The research
combines voltage sequence optimization from partial charging curves with
bagging extreme learning machines, using Euclidean distance analysis to
preserve aging features. The framework achieves remarkable accuracy with
limited data, showing RMSE < 0.4% and mean absolute percentage error
(MAPE) = 0.25% even with 1:2 training-validation splits. The approach

Beyond missing data, addressing measure-
ment noise and uncertainty is critical. To handle dimension-variant measure-
ment errors, Yu et al. introduced a framework that combines the expectation-
maximization (EM) and total-least-squares (TLS) methods, referred to as the
EM-TLS framework.'*’ By iteratively estimating noise distributions, it achieves
a 29.9% lower RMSE than standard TLS under high noise. Complementarily,
Lu et al. tackled overfitting under noisy conditions by integrating TLS with LO-
norm regularization to identify critical features, reducing modeling error by
11.95% on public datasets.” Both methods address data limitations, EM-
TLS mitigates measurement uncertainty through probabilistic noise model-
ing, while feature selection in TLS optimizes sparse models to prevent over-
fitting with limited samples. Compared to data generation methods, data
imputation and denoising techniques can more efficiently utilize the true
distribution of existing data, while preserving original physical features, avoid-
ing the introduction of synthetic biases, and typically incurring lower compu-
tational costs.

ML for state monitoring

Accurate real-time monitoring of battery states, such as SOH and SOC, is
critical for safe and reliable operation. Data-driven algorithms excel at learn-
ing the complex nonlinear relationships inherent in battery operation, but like
lifetime prediction, state monitoring is challenged by data scarcity.'**'*

This scarcity arises because obtaining reliable SOH/SOC labels often
requires destructive or time-consuming offline tests, making it impractical to
generate large, diverse datasets covering the full operational spectrum.
Consequently, models must learn from limited and often non-diverse labeled
data. To address this, advanced strategies focus on embedding prior knowl-
edge or quantifying model uncertainty. A primary strategy is to use Bayesian
neural networks (BNNs) to explicitly model the uncertainty that arises from
limited data. Unlike standard neural networks that produce single-point
predictions, BNNs model neural network weights as probability distributions
instead of fixed values, enabling uncertainty quantification through varia-
tional inference and Monte Carlo sampling."** This approach inherently
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Figure 7. ML guided efficient data utilization in life management (A) Pseudo-labels generated from unlabeled data are combined with a small amount of labeled data for joint
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Table 1. The economic analysis of some methodologies mentioned in the manuscript.

Algorithm Cycles Required to Reach ) Saved Cycles Saved Cost
RMSE = 0.1 log,¢(cycle) or equivalent (Saved Cycle) (Saved Money, $)
Traditional Fully Supervised Testing Method 15000 0 0
Partial Bayesian Co-training (PBCT)® 7700.5 7300 12060
Weighted Orthogonal Matching Pursuit (W-OMP)*? 7800 7200 11894
Bayesian Model Fusion (BMF)* 8300 6700 11068
Bagging Extreme Learning Machine (BaggELM)'*° 8800 6200 10242
Lasso Regression® 10537 4463 7373
Orthogonal Matching Pursuit (OMP)* 10900 4100 6773
ElasticNet® 11200 3800 6278
Support Vector Machine (SVM)®* 12500 2500 4130

reduces overfitting in data-scarce scenarios by providing a natural form of
regularization. As shown in Figure 8A, Zhang et al. tackled SOH estimation by
developing a Bayesian deep neural network (BDNN).'*” The model integrates
Bayesian convolutional and LSTM layers to quantify prediction uncertainty,
while degradation pattern (DP) and gramian angular fields (GAF) enrich input
representations. Trained on only 1%-50% of three datasets (MIT-Stanford,

CALCE, Oxford), the BDNN achieved mean absolute error < 0.47% and RMSE <
0.006 with 1% data, outperforming benchmarks.Quantitatively, BDNN reduced
errors by 60%-80% in multi-step predictions compared to conventional
models, demonstrating robustness to varied operating conditions. This
framework enables reliable, data-efficient SOH estimation with quantified
uncertainty, critical for real-world applications with sparse training data.
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as well as the reported performance for battery lifetime prediction in

32,42

Ref. ¥,

Sub-dataset Number of Test conditions Test RMSE
Cells (logyo(cycle))

Dataset 1 M Short storage (no extra calendar aging); charging protocol identical to the reference set; same C- 0088
(Training dataset) rate range and SOC switching schedule; nominal 25°C. ’
(DPiti?r;s:rt 2testin 43 Moderate storage time (different from D1); slightly modified charging protocol (minor change in 0.081
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Figure 8. SOX estimation based on ML methodologies (A) A BDNN method is proposed for estimating the SOC of LIB. It extracts DP and GAF features and leverages a Bayesian
network to handle small-sample data effectively.* Copyright 2023, Elsevier. (B)The PIDL can enhance the accuracy and interpretability of battery SOC estimation by integrating
physical principles, measurement data, and domain knowledge.'*" Copyright 2023, Elsevier.

Another powerful approach is to embed physical principles directly into the
model to compensate for data scarcity. Physics-informed deep learning
(PIDL) integrates domain knowledge from physical models with data-driven
methods. Specifically, PINNs incorporate physical constraints, such as
energy conservation, charge balance, and chemical kinetics equations, into
the loss function.'® As shown in Figure 8B, Lin et al. proposed a PIDL frame-
work for SOC estimation.””" This framework addresses data scarcity by
fusing two information sources: physical parameters extracted from EIS via
equivalent circuit modeling with raw EIS data through two fusion strategies,
while employing multi-task learning and physical regularization to leverage
domain knowledge and mitigate limited data. The deep ensemble approach
further quantifies predictive uncertainty. Tested on EIS datasets from 8
commercial LIB, the framework achieved significant improvements: PIDL-5
reduced RMSE to 7.22% and 3.73% for two test batteries, with confidence
intervals shortened by 33%-38% compared to baseline models. By grounding
the model in physical laws, this method ensures that predictions remain
physically plausible even in data-sparse regions, demonstrating effective
resolution of data scarcity through physics-guided feature enrichment.

ML for operational optimization

Operational optimization, which aims to enhance battery safety, efficiency,
and lifespan, is fundamentally a high-dimensional search problem chal-
lenged by extreme data scarcity.*® The goal is to find optimal strategies for
thermal management or fast-charging by navigating a vast parameter space,
where exhaustive experimental exploration is prohibitively expensive. To
overcome this, ML strategies have been developed to enable rapid adapta-
tion to new scenarios and intelligent exploration of the parameter space.

When developing optimization strategies for new battery types or operat-
ing conditions, data is exceptionally scarce. Meta-learning, or "learning to
learn”, addresses this by training a model on a variety of related tasks to learn
a generalized initialization or adaptation strategy.'*'* This enables the model
to achieve few-shot adaptation to new scenarios through learned initializa-
tion of model parameters in high-dimensional optimization spaces. As shown
in Figure 9A, Ding et al. proposed a meta-learning-based multimodal neural
network (Meta-TRFNN) for multistep thermal runaway (TR) forecasting.'!
The method integrates high-dimensional thermal images with low-dimen-
sional temperature/voltage data through a neural architecture combining
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Figure 9. ML assisted predictive and adaptive battery management (A) A meta-learning based neural network using attention to combine multimodal data for multistep ahead
battery thermal runaway forecasting.'*' Copyright 2020, IEEE Xplore. (B) Using early lifetime prediction and BO can reduce searching time cost and focus on best charging proto-
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gated recurrent units, CNNs, and attention-based fusion to capture compre-
hensive thermal profiles. To overcome data scarcity, the meta-learning
framework leverages 10% of training data samples to enhance few-shot
learning capabilities. Experiments on simulated and real-world datasets
demonstrated significant performance: Meta-TRFNN achieved 94.8-99.35%
accuracy and 91.46%-98.96% F1 scores on simulated data, outperforming
baseline models by 13%-18% F1. The integration of thermal images improved
the F1 score by over 50% compared to non-image models. With this
combined approach, it is possible to enhance feature extraction and data
fusion efficiency while maximizing the value of limited data.

To efficiently search for optimal protocols within a given parameter space,
BO has emerged as a powerful tool. BO builds a surrogate model of the
objective function (e.g., cycle life) and uses an acquisition function to intelli-
gently select the next set of parameters to test, balancing exploration
(sampling in regions of high uncertainty) and exploitation (sampling in
regions of predicted high performance). As shown in Figure 9B, Attia et al.
proposed a closed-loop optimization (CLO) framework that combines an
early-prediction model with BO to discover optimal fast-charging protocols.”
The early-prediction model estimated cycle life from the first 100 cycles, and
BO used these predictions to navigate the 224-protocol parameter space. BO
outperformed random search, achieving comparable results in 500 battery-
hours versus 7,700 hours, demonstrating efficiency gains. The optimized
protocols achieved an average validated cycle life of 895 cycles, surpassing
literature-inspired designs.

In a similar vein, intelligent experimental design can maximize information
gain from a limited number of experiments. As shown in Figure 9C, Cui et al.
developed a data-driven workflow to optimize battery formation protocols.'**
To efficiently explore the 6-dimensional parameter space, they used strati-
fied Latin hypercube sampling, a method that ensures broad and uniform
coverage with minimal sample points, thereby directly addressing data
scarcity. This reduced the required experiments by 67% compared to
conventional grid searches. The resulting model achieved an R* of 0.85 in
cycle life prediction, with SHAP analysis revealing the key influencing factors.
This workflow demonstrates how targeted sampling and explainable ML can
extract mechanistic insights from limited datasets, effectively resolving the
trade-off between parameter exploration depth and experimental feasibility.

SUMMARY AND OUTLOOK

This review has systematically analyzed the pervasive challenge of data
scarcity in ML-driven battery research across the entire workflow from mate-
rials discovery to device deployment. While the high cost and complexity of
battery research make data scarcity an inherent issue, a paradigm shift
towards data-efficient Al offers a powerful path forward. Our analysis reveals
three core, complementary strategies that researchers are adopting to over-
come these limitations through data preparation, model construction, and
data augmentation. The data preparation stage contains meticulous pre-
processing to repair imperfect data, sophisticated feature engineering to
embed domain knowledge, and active learning to intelligently guide new
experiments toward the most informative outcomes. These data-centric
approaches contribute to enhance data quality and information density,
thereby maximizing the utilization of every available data point. The model
construction stage establishes a knowledge-driven paradigm that integrates
fundamental scientific principles into the ML framework, which regularizes
the models with physical laws or causal relationships to reduce the reliance
on large volumes of data, while ensuring to learn physically plausible and
interpretable patterns. The data augmentation stage focuses on incorporat-
ing information from synthetic data, external data, and unlabeled data,
powered by generative models, transfer learning, and semi-supervised learn-
ing, to expand and diversify the available data pool. These strategies provide
valuable and comprehensive paths to alleviate the data-scarcity issue in
battery research.

Looking forward, the synergy between Al and battery science is poised to
unlock even more transformative capabilities. Therefore, several key direc-
tions are foresaw that will further address the data scarcity challenge in
battery research. (A) Foundation models for battery science: the develop-
ment of large-scale "foundation models" pre-trained on massive, aggregated
datasets from diverse battery chemistries and conditions will hold immense
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promise, which can provide a strong basis for researchers to fine-tune for
their specific, data-scarce tasks, such as property prediction of novel materi-
als or lifetime prediction for new types of battery cells, to dramatically reduce
the need for extensive de novo data collection. While such battery foundation
pre-trained models are highly promising, their development also faces several
challenges specific to the pre-training paradigm. Aggregating data from
many sources and chemistries creates strong distribution imbalance. In this
case, over-represented systems can dominate the learned representation,
while under-represented but important chemistries are poorly captured. Scal-
ing these models to multi-modal, high-resolution data also raises model-
specific issues such as optimization instability, catastrophic forgetting when
new data are added, and high training and inference cost, which in turn
makes robust transfer across different battery chemistries (e.g., Li-ion, solid-
state, Na-ion) particularly difficult. (B) Large language model (LLM)-enhanced
knowledge synthesis: as LLMs are becoming powerful tools for scientific
knowledge management and synthesis, their ability to understand semantic
context allows them to process and organize useful information from vast
corpora of unstructured text, such as research papers and patents.'**'* This
can help researchers rapidly identify limitations in existing research, synthe-
size material property data scattered across literature, and generate data-
driven hypotheses, thereby guiding more targeted and efficient experimental
data collection. For instance, BatteryGPT is proposed and proven a ability to
extract fragmented data into experimental recommendations.'** And retrieval-
augmented generation enhanced LLMs can automatically provide compre-
hensive insights through literature reviews. (C) Federated learning frame-
works for data sharing: data scarcity is frequently compounded by the chal-
lenges of cross-entity data sharing due to confidentiality and proprietary
restrictions. Federated learning offers a promising solution by enabling frag-
mented information aggregation without physically exposing raw data to
external platforms. This inherent privacy-preserving capability allows models
to benefit from diverse datasets while mitigating data leakage risks.

Overall, the discussions above suggest that the primary bottleneck for Al-
enabled LIB research in data-scarce settings lies less in algorithm availability
than in establishing reliable evidence—namely, representative data coverage,
rigorous validation under distribution shifts, and trustworthy uncertainty
quantification. Continued progress is therefore expected to depend on
stronger community practices (standardized reporting and benchmarks) and
tighter coupling between modeling and experimentation (e.g., closed-loop
design), thereby providing a solid foundation for the promising path forward
outlined below. While achieving full intelligentization in battery research is a
work in progress, recent advancements have already mapped out a promis-
ing path forward. By fostering collaboration across disciplines and embrac-
ing emerging data-efficient and knowledge-integrated paradigms, the
research community will be well-equipped to overcome the challenge of data
scarcity and usher in a new era of accelerated discovery and development for
next-generation energy storage techniques.
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