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ABSTRACT

Accurate battery lifetime prediction is essential for improving reliability and safety in energy storage systems. However, balancing
predictive accuracy, inference latency, and energy consumption remains challenging. We introduce FAST-BatPro, a Flash-
Attention Sparse Transformer for Battery Prognosis. This task-aware architecture combines convolutional feature extraction
with dual attention mechanisms to enable robust, efficient, and scalable prediction. The 1.869-million-parameter model is
evaluated from both perspectives. Across four datasets comprising more than 240,000 cycles across chemistries, FAST-BatPro
demonstrates consistent performance across fast-charging and discharging protocols, temperature variations, and chemistry-
dependent degradation behaviors. With limited early-cycle data, it achieves high accuracy, with coefficient of determination
values approaching or exceeding 0.90 in most test settings. It maintains an inference time of 0.103 s and requires 1.65 billion
FLOPs per battery over the full lifecycle. Hidden-dimension scaling identifies a compact configuration that preserves comparable
accuracy while reducing inference latency, FLOPs, and energy consumption by 12.6%, 68.1%, and 12.6%, respectively. Module-
level pruning further shows that a feed-forward-network-pruned lightweight variant improves accuracy while reducing inference
latency, FLOPs, and energy consumption by 11.65%, 54.64%, and 11.65%, respectively, indicating that FAST-BatPro can serve as a
reference architecture for identifying task-specific redundancy and guiding efficient AT model design for battery diagnostics and
predictive maintenance.

and prediction of the failure distribution serving as core objectives
[4-7]. Prediction of RUL and failure distributions also facilitates

1 | Introduction

Rechargeable batteries play a vital role in modern technologies
owing to their high energy density and long service life, enabling
diverse applications across multiple sectors [1, 2]. However, over
time, they undergo irreversible degradation that impairs their
performance [3]. Accurate health diagnostics and performance
optimization are essential for ensuring operational safety and pro-
longing battery life, with remaining useful life (RUL) prediction

a deeper understanding of complex battery systems, supports
optimization in manufacturing processes, and contributes to
reducing material waste and improving sustainability [8-10].

Currently, predictive diagnostic models for lithium-ion batteries
can be broadly categorized into three types: physical models,
empirical models, and data-driven models [11]. Physical models
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aim to simulate aging mechanisms based on first-principles rep-
resentations of internal electrochemical and physical processes.
These models typically incorporate mathematical formulations
describing key degradation phenomena, such as solid electrolyte
interphase growth [12, 13], lithium plating [14, 15], and cathode
phase transition [16, 17], and are often coupled with kinetic and
diffusion equations [18, 19] to capture the spatiotemporal evolu-
tion of battery performance. Despite their strong interpretability,
the complexity and computational cost associated with physical
models hinder their scalability and widespread application [20].
Empirical models employ heuristic formulations to approximate
battery aging behavior, with representative examples includ-
ing the weighted ampere-hour model. While these approaches
allow rapid estimation of basic performance characteristics, they
remain limited in capturing the nonlinear dynamics and diverse
degradation pathways encountered under real-world conditions
[21, 22].

Compared to physics-based and empirical models, data-driven
approaches, particularly those leveraging machine learning, have
gained increasing attention for their ability to learn degradation
patterns directly from data without requiring prior knowledge
of underlying mechanisms [23-27]. Classical machine learning
models, such as support vector machines [28], Gaussian process
regression [29], relevance vector machines [30], extreme learning
machines [31], and random forest regression [32] have been exten-
sively applied to estimate the aging state of batteries. A landmark
study demonstrated early prediction of cycle life by integrating
structured data generation with regularized machine learning
models, such as Lasso and Elastic Net, to mitigate overfitting and
emphasize key features [33]. Follow-up work further introduced
data-efficient optimization frameworks combining early-cycle
prediction models with Bayesian optimization to identify optimal
fast-charging protocols, reducing experimental time from over
500 days to just 16 [34]. These developments underscore the
transformative potential of machine learning in accelerating
battery design and performance evaluation.

In recent years, RUL prediction of battery systems under complex
operating conditions has moved from single point estimation
toward integrated modelling that jointly considers predictive
accuracy, uncertainty quantification and computational effi-
ciency. Existing studies have mainly focused on probabilistic
lifetime prediction to address the stochastic nature of degradation
processes, the limited observability of health indicators and the
scarcity of lifetime labels. For example, methods combining
Bayesian deep learning with nonlinear Wiener processes can
quantify the uncertainty of health indicator prediction and
enable probabilistic RUL prediction through online updating
of degradation models [35]. Frameworks based on Bayesian
updating and probabilistic model integration further fuse the
posterior distributions of multiple degradation models and iden-
tify the RUL peak and reliability profile through grid sampling,
thereby supporting probabilistic lifetime prediction and reliabil-
ity assessment under limited prior knowledge [36]. To describe
the uncertainty of lithium-ion battery capacity degradation,
methods such as ARIMAX, LQR, B-MLR and BB-MLR have been
used to estimate RUL distributions, with point value extraction
introduced to meet deterministic prediction requirements [37].
In addition, probabilistic ensemble frameworks using capacity
and equal discharge voltage difference time interval as health

indicators employ MONESN to track nonlinear battery degra-
dation, enabling both direct and indirect RUL prediction with
explicit uncertainty characterization [38]. As battery systems are
increasingly deployed in electric vehicles, energy storage systems,
and online monitoring scenarios, RUL prediction models are
expected to deliver high accuracy while satisfying engineering
requirements for online updating, low computational complexity,
and fast inference. Recent studies have therefore incorporated
both predictive performance and computational efficiency into
model design. For instance, an online RVM method based on
incremental optimization improves multistep RUL prediction
through dynamic training and online learning while reducing
computational complexity [39]. For energy storage systems,
XGBoost models using temperature variables and hyperparame-
ter optimization improve both prediction accuracy and compu-
tational efficiency [40]. Multistage feature adaptive meta models
coupled with BiLSTM-VAE generative models further enhance
data representation and sample availability, thereby improving
prediction accuracy, generalization and computational efficiency
[41]. These studies indicate that battery lifetime prediction is
shifting from the sole pursuit of low prediction error toward an
integrated modelling paradigm that jointly considers accuracy,
model complexity and computational efficiency. For BMS appli-
cations, model evaluation should extend beyond error metrics.
Parameter count, FLOPs, inference time, memory footprint and
energy consumption also quantify the resource cost of models
in practical deployment. However, these metrics should be inter-
preted in relation to the target hardware platform. In this study,
the reported inference time and energy consumption were mea-
sured on an NVIDIA RTX 4090 workstation and are used mainly
as comparative computational-efficiency indicators across model
configurations, rather than as direct embedded-BMS deployment
benchmarks. Recent lightweight studies further support this
view. For example, RUL prediction models combining enhanced
ShuffleNet with physical constraints can achieve high accuracy
within 2 to 3 cycles while maintaining low model complexity
[42]. Methods integrating the Lotus optimization algorithm
with RBF neural networks have achieved high accuracy on the
NASA and Oxford datasets with only approximately 0.36 million
FLOPs and 730 inferences per second [43]. Resource efficient
battery health estimation models that combine FlashAttention-
2 with CNN based local feature extraction can estimate capacity
accurately from partial charging data while maintaining short
inference time, low power consumption, and a small memory
footprint [44]. The BOTC framework further integrates Trans-
former, CNN and Bayesian optimization to improve prediction
accuracy and robustness while reducing parameter count, FLOPs
and inference time [45]. These results show that the practical
value of a model depends not only on prediction error, but
also on computational burden, runtime efficiency and resource
consumption. Similar efficiency constraints also exist in broader
prognostics and health management tasks. AttnPINN combines
self-attention, low dimensional feature mapping, and physics
informed regularization to achieve accurate and interpretable
aircraft engine RUL prediction with a small number of parame-
ters [46]. DLformer dynamically selects feature representations of
different lengths, reuses previously learned features and controls
the computational path through a confidence-based strategy,
substantially improving inference speed with limited accuracy
loss [47]. Therefore, in battery lifetime prediction and health
management tasks, model complexity should be matched to
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task requirements, input signal characteristics, and available
computational resources, instead of being driven by model scale
or prediction error alone.

Despite these advancements, classical machine learning models
still face limitations when dealing with incomplete, noisy, or
irregularly sampled data and unknown boundary conditions [48].
Additionally, they often rely on handcrafted feature engineering,
which requires significant domain expertise. In contrast, deep
learning methods offer an end-to-end alternative capable of mod-
eling complex, nonlinear degradation patterns and processing
high-dimensional, multimodal input data [49-51]. Recent stud-
ies have introduced deep ensemble architectures that integrate
domain adaptation and inter-cell learning mechanisms, signif-
icantly enhancing generalization across varying battery types
and usage conditions [52, 53]. However, beyond generalization,
effective use of limited early-cycle data remains a central chal-
lenge in battery lifetime prediction. To address this issue, several
deep-learning-based feature engineering frameworks have been
developed. For example, convolutional sparse autoencoders can
process high-dimensional tensors integrating voltage, current,
and temperature and extract latent spatiotemporal features from
very early cycles for rapid lifetime classification [54]. Another
study proposed an attention-assisted temporal convolutional
memory-augmented network, which reconstructs degradation
patterns from only 10 incomplete cycles through dual-channel
attention and memory augmentation, enabling robust RUL pre-
diction across multiple battery chemistries [55]. Despite the
rapid development of specialized architectures, CNNs and LSTMs
remain widely used in battery health diagnostics because of their
respective abilities to extract spatial and temporal features [56,
57]. However, CNNs are effective for local pattern recognition
but have limited capacity to capture long-range dependencies,
whereas LSTMs are suitable for sequence modelling but face
vanishing gradients and high computational cost under long
sequences and fluctuating operating conditions.

To overcome these limitations, Transformers have become an
important alternative for time-series modelling. Originally devel-
oped for natural language processing, the self-attention mech-
anism of the Transformer efficiently captures both local and
global dependencies, making it suitable for representing complex
battery degradation patterns in long time-series data [58]. Based
on this capability, a Transformer-based multivariate prognosis
method has been developed for battery SOH prediction by jointly
modelling health indicators such as capacity, energy, coulombic
efficiency, open-circuit voltage and equivalent circuit model
parameters. In this method, a spacetime Transformer captures
both cross-variable correlations among health indicators and
their temporal evolution over cycling, with validation conducted
on fast-charging lithium iron phosphate datasets and the Cell
Analysis, Modeling, and Prototyping battery dataset [59]. Beyond
this representative work, recent studies have further demon-
strated the effectiveness of customized Transformer networks
across a broader range of battery applications, including health
estimation [60], lifetime prediction [61], fault diagnosis [62], and
early thermal runaway detection [63], by enhancing attention
mechanisms and incorporating temporal encoding.

Overall, Transformer-based deep learning provides clear advan-
tages in modelling complex spatiotemporal dependencies and

has shown the ability to infer battery lifetime rapidly from
limited early-cycle data. However, existing studies mainly focus
on prediction accuracy under data-scarce conditions, while the
trade-off between predictive performance and computational cost
in practical deployment remains insufficiently explored. As trans-
portation systems move toward low-carbon and intelligent oper-
ation, battery lifetime prediction models require high accuracy,
computational efficiency, and practical resource awareness. The
intrinsic complexity of real-world battery degradation data often
demands sophisticated model architectures, which can increase
inference latency, energy consumption, and resource require-
ments. To address these issues, this work proposes FAST-BatPro,
a customized end-to-end Flash-Attention Sparse Transformer
for battery lifetime prognosis. Through task-aware Transformer
design, FAST-BatPro systematically balances predictive accu-
racy and computational efficiency, supporting computationally
efficient battery lifetime prediction with potential relevance to
resource-constrained applications (Figure 1).

This study aims to improve battery lifetime prediction accuracy
and model generalization while systematically examining the
trade-off between predictive performance and computational
complexity in large-scale Transformer models. To this end,
we develop a CNN-Transformer hybrid framework for battery
lifetime prediction, establishing an end-to-end prognostic sys-
tem. The model uses CNN-based local feature extraction, flash
self-attention in the encoder, and masked probabilistic sparse
attention in the decoder to capture multiscale degradation pat-
terns and long-range temporal dependencies from battery cycling
data. To accommodate input data with different levels of fidelity,
a standardized data preprocessing pipeline is designed to improve
scalability and robustness across diverse operating scenarios.
In feature representation, the CNN component captures local
degradation patterns, whereas the Transformer encoder further
models global temporal evolution. Meanwhile, the integration
of flash attention and sparse attention improves memory effi-
ciency and computational scalability, making the model suitable
for large-scale battery data processing. Although Transformer
models offer strong predictive capability, excessive model scal-
ing often brings limited accuracy gains at high computational
cost. To address this issue, this study systematically analyses
model scaling behaviour and reveals the trade-off among pre-
dictive performance, inference latency, and energy consumption.
The results define practical boundaries for model complexity
and provide guidance for designing scalable and resource-
efficient lifetime prediction models in battery management
systems.

2 | Results
2.1 | Battery Aging Dataset and Partitioning

Two large battery cycling datasets using multi-step constant
current-constant voltage (CC-CV) protocols are employed in this
study. The first dataset (Figure 2) includes 77 LFP/graphite batter-
ies, each with a nominal capacity of 1.1 Ah and a nominal voltage
of 3.3V [64]. The dataset follows a four-step discharge and a three-
step charging. Figure 2a illustrates the capacity degradation in
cycle number, with the color of the curves scaled according to
cycle life, ranging from 1100 to 2700 cycles. The average cycle life
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Flowchart of the FAST-BatPro framework. (a) Input datasets include LFP, NCA, and NMC cells tested under different temperatures,

current rates, and capacity ranges. (b) Partial charging data are extracted from chemistry-specific SOC windows to the upper voltage limit, followed by

curve fitting, linear interpolation to 100 points, differential feature construction, normalization and sliding-window segmentation. The resulting voltage,
capacity, differential voltage, and differential capacity features are divided into training, validation, and testing sets. (c) The processed sequences are used
by the FAST-BatPro encoder-decoder model for RUL prediction and battery failure probability estimation. Model compression is further used to evaluate

the trade-off between prediction accuracy and computational cost.

is 1898 cycles, with a standard deviation of 387 cycles. Figure 2b
shows the joint distribution of cycle life and initial capacity for all
the batteries. The 77 distinct multi-step current rate ranges and
the current rate distribution during the fast-discharging stage are
shown in Figure 2c,d, respectively. Notably, in this dataset, each
original file corresponds to the complete charge and discharge
cycling data of one individual cell, and the file name serves as the
identifier of that cell sample in the original dataset. Therefore, to
ensure consistency and traceability between the presented results
and the original data files, the original file names have been
retained as battery labels to distinguish different cell samples.
For example, “8-6” denotes the individual cell sample corre-
sponding to the original data file named “8-6”. Furthermore, the
second dataset includes 118 LFP/graphite batteries, each having
a nominal capacity of 1.1 Ah and a rated voltage of 3.3 V [33].
These batteries completed between 150 and 2300 cycles, with an

average cycle life of 806 and a standard deviation of 377. Figure
Sla (Supporting Information) shows the capacity degradation
curves, where the color represents the cycle life of the batteries.
Figure S1b (Supporting Information) illustrates the distribution
of initial discharge capacity and cycle life. Each battery followed
either a single-step or two-step fast charging protocol, along
with a typical constant current (CC) discharge strategy, covering
multiple charging methods and one discharge method. The
first CC step was conducted at C-rates ranging from 1C to 8C,
whereas the second CC step used C-rates ranging from 3C to 6C.
(Figure Slc, Supporting Information). Additionally, Figure S1d
(Supporting Information) presents the changes in voltage and
current over time for a single battery during a complete charge-
discharge cycle. In addition, to further evaluate the capability of
the model to predict the RUL across different battery chemistries,
two additional datasets were employed. Dataset 3 consists of 19
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FIGURE 2 | Data characteristics for battery cycle aging of 77 LFP batteries. (a) Change in discharge capacity versus cycle number for 77 batteries.

(b) Joint distribution of cycle life and initial capacity for 77 batteries, with color gradation representing data density. (c) Current rate ranging from 80%

SOC to 2V during the discharge stage. (d) Current rate distribution during the four constant-current steps.

lithium nickel cobalt aluminum oxide (NCA) cells, each with
a nominal capacity of 3.5 Ah and a nominal voltage of 3.6 V.
These cells were cycled under identical charge and discharge
current rates of 0.5 C and 1 C, respectively, until the capacity
declined to approximately 92% or lower relative to the nominal
capacity. Charging was conducted using a CC protocol up to 4.2
V, followed by CV charging until the current dropped to 0.05
C. Discharging was subsequently performed using the CC mode
down to a cutoff voltage of 2.65 V. All cycling procedures were
carried out at an ambient temperature of 25 °C, and the number
of cycles ranged from 107 to 207, with an average cycle life of
173 cycles and a standard deviation of 28 cycles [65]. Dataset 4
includes 22 lithium nickel manganese cobalt oxide (NMC) cells,
each with a nominal capacity of 3 Ah and a nominal voltage
of 3.6 V [66]. The cells were charged at 0.5 C under a CC-CV
protocol and discharged at 0.5 C, 1 C, 2 C, or 3 C until the
capacity declined to approximately 81% or lower. The same CC-
CV charging procedure was applied: charging to 4.2 V using
CC mode, followed by CV charging until the current dropped
to 0.05 C, and subsequent CC discharging to a cutoff voltage of
2.0 V. These tests were performed at ambient temperatures of
15, 25, and 35 °C, with cycle counts ranging from 388 to 1321.
The battery dataset had an average cycle life of 674 cycles and
a standard deviation of 210 cycles. The detailed experimental
conditions are summarized in Table S1 (Supporting Information).
Dataset-specific partitions were generated using a fixed random
seed and are summarized, together with unified dataset notation,
in Table 1. The datasets were partitioned independently, with
dataset 2 using a batch-aware splitting strategy to account for its
three-batch structure.

2.2 | FAST-BatPro Architecture and Cross-Dataset
Prediction Performance

The Transformer-based multi-fusion neural network architec-
ture (Figure 3) comprises 1.869 million parameters. In the
encoder, flash self-attention is used to reduce memory usage
through block-wise attention computation. Multi-head flash
self-attention, feed-forward networks, residual connections, and
layer normalization are used to encode low-dimensional feature
vectors with positional information. Residual connections help
alleviate gradient vanishing in deep networks, whereas layer
normalization improves training stability and convergence effi-
ciency. Because the conventional Transformer mainly captures
global correlations in long sequences and may insufficiently
represent local degradation features, a one-dimensional CNN
is incorporated into the encoder to strengthen local feature
extraction. This design enables the model to capture both local
dependencies and global aging patterns in battery time-series
data. The decoder adopts masked self-attention and flash cross-
attention. Masked self-attention prevents information leakage
from future positions, whereas flash cross-attention integrates
global information from the encoder output. Finally, layer nor-
malization further stabilizes the encoded feature distribution and
provides consistent inputs to the decoder, thereby improving
predictive performance and robustness for accurate battery RUL
prediction.

To systematically evaluate the predictive accuracy and general-
ization capacity of the proposed model under diverse charging
and discharging protocols, experiments were conducted on two
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TABLE 1 | Dataset partitioning strategies and naming conventions used in this study.
Datasets Battery types Training set Validation set Test set Partitioning strategy Cell-label notation®
Dataset 1 LFP 57 0 20 Random cell-level split Original file label, e.g., 8-6
Dataset 2 LFP 75 7 36 Batch-aware split Batch and cell index, e.g., a5
Dataset 3 NCA 1 3 5 Random cell-level split Cell index, e.g., #1
Dataset 4 NMC 12 4 6 Random cell-level split Protocol-based label, e.g., 0.5-1C_a

2Note: Cell labels were retained from the original dataset files to preserve traceability between reported results and source data.
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FIGURE 3 | Structure of the FAST-BatPro model. The model comprises an embedding module, an encoder module, a decoder module, and two
fully connected layers. Specifically, the embedding module includes token embedding and positional embedding. The encoder module consists of
multi-head flash self-attention layers and feed-forward network layers, with residual connections and normalization layers added after each layer. The
decoder module consists of masked multi-head sparse self-attention layers, feed-forward network layers, and multi-head flash cross-attention layers,
each followed by residual connections and normalization layers. Subsequently, both modules undergo final layer normalization. Finally, the two fully
connected layers output the prediction targets.
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FIGURE 4 | Prediction results and error distribution for 20 test cells under distinct discharging protocols in dataset 1. (a) displays the overall
distribution of predicted RUL versus actual RUL for the 20 batteries. (b)-(f) show the cell-level prediction results for different battery samples. The
black line denotes the ideal prediction line, where the predicted cycle life equals the observed cycle life. Colored markers represent different battery

samples, and the battery labels follow the original file names in dataset 1, such as “8-1”. The inset in each panel shows the distribution of prediction

residuals, reflecting the bias and dispersion of model errors.

independent battery datasets. The proposed model exhibits robust
predictive accuracy on dataset 1, yielding a root mean squared
error (RMSE) of 113 cycles, a coefficient of determination (R?) of
0.960, a weighted mean absolute percentage error (WMAPE) of
9%, and a mean absolute error (MAE) of 81.6 cycles on the test
set (Figure 4). The definitions of the four metrics are provided in
Supplementary Note 1. Notably, the model maintains comparable
performance under a second random cell-level split, achieving an
RMSE of 107 cycles (Figure S2, Supporting Information).

Under the initial dataset 2 split, the model likewise demonstrated
stable performance, yielding an RMSE of 71 cycles, an R? of
0.905, a WMAPE of 12.3%, and an MAE of 54 cycles (Figure S3,
Supporting Information), indicating robust generalization across
different data distributions. To mitigate potential evaluation bias
introduced by the partial overlap of charging protocols between
the training and test sets in dataset 2, a more stringent validation
protocol was implemented. In this configuration, all charging
protocols appearing in the test set were entirely excluded from
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the training set, thereby ensuring protocol-level independence
between the two subsets. By contrast, dataset 1 is composed of
samples operating under distinct discharging protocols and thus
naturally satisfies protocol independence, requiring no additional
preprocessing. Under this protocol-exclusion setting, the model
retained stable predictive performance on dataset 2, achieving
an RMSE of 55 cycles, an R? of 0.879, a WMAPE of 13.9%, and
an MAE of 42.5 cycles (Figure S4, Supporting Information),
further confirming its capacity for cross-protocol generalization
in unseen conditions.

To further investigate the impact of data splitting strategies
on model performance, the distributional similarity between
training and test sets was assessed. Figure S5a,c,e (Supporting
Information) visualizes the normalized Euclidean distance matri-
ces computed from three normalized charging-behavior features,
namely mean charging voltage, mean charging capacity, and
mean cycle count, in the constructed three-dimensional feature
space (see Supplementary Note S3.2). Most sample pairs exhibited
distances within the range of 0.2 to 0.6, suggesting a moder-
ate level of feature-space similarity; however, several distances
exceeded 0.8, indicating that some test samples diverge consider-
ably from the training set in the feature space. A closer inspection
of the discharge capacity degradation trajectories (Figure S5b,d,f,
Supporting Information) reveals more pronounced heterogene-
ity in aging behaviors across cells, particularly in terms of
degradation onset, capacity fade rate, and nonlinear progression
patterns. It is noteworthy that in the cycle life prediction task
on dataset 2, although RMSE and MAE remained stable, the R?
and WMAPE metrics showed a marked decline. This discrepancy
may primarily result from a high proportion of short-lifespan
batteries, which significantly affects the overall variance structure
and limits the ability of the model to explain total variability.
Moreover, WMAPE is highly sensitive to small target values,
and short-lifespan samples tend to amplify relative errors during
calculation, thereby reducing the overall evaluation score.

Building upon the cross-protocol validation framework, the
model was further evaluated on two additional datasets encom-
passing ternary lithium battery chemistries under different
temperature conditions, in order to assess the generalizability
of the approach across material domains. For dataset 3, which
includes cycling data from NCA-based cells, the model achieved
a RMSE of 16.7 cycles, a R? of 0.855, a WMAPE of 17.1%, and a
MAE of13.2 cycles. In dataset 4, comprising NMC-based batteries
characterized by distinct electrochemical behavior, the model
yielded a RMSE of 32.5 cycles, a R? of 0.947, a WMAPE of 9.18%,
and a MAE of 26.1 cycles (Figure S6, Supporting Information).
These results collectively highlight the robustness of the model
across diverse chemistries and cycling conditions, thereby rein-
forcing its potential for broader battery health estimation across
heterogeneous experimental datasets.

2.3 | Battery Failure Probability Estimation

In practical applications, the degradation behavior of individual
battery samples exhibits considerable stochasticity and hetero-
geneity, influenced by microstructural properties at the material
level, manufacturing inconsistencies, and operational factors
such as charge/discharge rates and temperature fluctuations. As

a result, conventional estimation methods based on expected
lifetime fall short in capturing the distributional variability and
risk associated with battery populations over extended service
periods. To address this issue, the measured lifetime data were
first fitted with a two-parameter Weibull distribution to character-
ize population-level failure patterns and their evolution. On this
basis, a FAST-BatPro-based deep learning approach is developed
to leverage partial charging features from individual samples and
predict the failure probability distribution of the broader battery
population (Figure 5 and Figure S7, Supporting Information).
Specifically, a pretraining model was constructed using full-
lifetime data from 57 samples, and the decoder module was
fine-tuned using features and probabilistic labels from 19 cycles,
with a learning rate of 2 X 10~ over 200 epochs. The predicted
failure probability curves for all 20 test samples fall within the
95% confidence interval of the Weibull fit, indicating consistency
with the Weibull-based reference curves. These results suggest
that the proposed method can approximate Weibull-consistent
population-level failure probability trends without complete life-
cycle observations for the test cells. This approach provides a
data-driven framework for inferring population-level degradation
tendencies from limited individual sample information.

_ p-1 _ I
ro-5(F) e (5] o

where $>0 is the shape parameter that determines the form of
the distribution, and #>0 is the scale parameter that controls its
horizontal scaling. The distribution is defined over >0, under
the assumption that failures may occur from the onset of the
observation period.

2.4 | Effects of Dataset Size and Distribution Shift
on Prediction Performance

To investigate the influence of training dataset size on the per-
formance of RUL prediction models, two experimental schemes
were designed. In the first scheme, the test set was fixed to 20
batteries, while the training set size was progressively reduced (57,
50, 40, 30, 20). This setup aimed to examine the variation in pre-
dictive accuracy under different training data volumes, thereby
assessing the model learning capacity and the potential risks of
underfitting or overfitting. The distributions of discharge capacity
and cycle life in the training and test sets for each configuration
are shown in Figure 6 and Figure S8 (Supporting Information). In
addition, under different training-testing dataset configurations,
the normalized Euclidean distance was computed using the mean
charging voltage and capacity to quantify feature-space similarity
between the training and test sets (Supplementary Note 3.4
and Table S2, Supporting Information). In the second scheme
(Figures S5a,b and S9, Supporting Information; Figure 6), the
proportions of the training set (40, 30, 20) and test set (37, 47, 57)
were adjusted simultaneously to evaluate the impact of overall
data volume variation on the model’s generalization capability,
particularly under limited data conditions. Model performance
was quantified using RMSE and MAE, with the aim of capturing
performance trends as data volume varied and identifying a
potential saturation point. These results are intended to inform
the rational selection of training dataset size in practice. The
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FIGURE 5 | Estimated battery failure probability curves compared with Weibull-based reference curves across 8 test samples (a-h). The cyan

line represents the failure probability predicted by the deep learning model at each cycle. The dark turquoise line indicates the reference failure
probability fitted using the Weibull distribution, while the shaded region shows the 95% confidence interval. Each subplot shows the agreement between

model-estimated failure probability and Weibull-based reference curves across different test samples, indicating that the proposed model captures

Weibull-consistent population-level failure trends. Battery labels, such as “7-8” and “8-3”, correspond to the original file names in dataset 1, with each

file representing one individual battery sample.

experimental results indicate that increasing the size of the
training dataset does not lead to a strictly monotonic decrease
in RMSE, but rather results in performance fluctuations within a
specific range (Figure S10 and Table S3, Supporting Information).

Under limited training data conditions, particularly with 20-
30 training cells, the model showed larger prediction errors,

suggesting insufficient coverage of degradation variability. As the
training size increased to 40-50 samples, the prediction error
declined but remained variable, suggesting that data quality
and representativeness influence learning effectiveness. When
the training set included 50 samples, the model achieved the
lowest RMSE of 101 cycles, WMAPE of 8.67%, and MAE of 76.8
cycles, whereas the full 57-sample training set yielded the highest
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FIGURE 6 | Dataset size configuration, effects of SOC input range and input sequence length on model prediction performance and data

distribution. (a-d), data distribution and capacity degradation trajectories of dataset 1 under different training and testing size configurations (a) and
(b) correspond to 20 training batteries and 20 testing batteries, whereas panels (c) and (d) correspond to 20 training batteries and 57 testing batteries. (a)
and (c) show the Euclidean distance distributions between training and testing batteries, with color indicating normalized discharge capacity. (b) and
(d) show the corresponding capacity degradation trajectories, where solid lines represent training batteries and dashed lines represent testing batteries.
(e)-(h), error distributions under different SOC input ranges. Charging data within approximately 80% to 96%, 80% to 94%, 80% to 93%, 80% to 92%, and
80% to 90% SOC were used as model inputs. Panels correspond to RMSE, R?, WMAPE and MAE, respectively. (i-1), model performance under different
input sequence lengths. Radial bar plots show RMSE, R?, WMAPE, and MAE for input lengths from 2 to 19 cycles. Each sector represents one input

length, and the value inside the sector denotes the corresponding metric.

R? of 0.960. This nonmonotonic trend suggests that adding
more training samples does not necessarily improve all error
metrics when the additional cells introduce heterogeneous aging
trajectories, protocol-dependent variability, or weaker feature-
space alignment with the test set. Therefore, model generalization
is governed not only by training dataset size, but also by the
quality, diversity, and representativeness of the training data.
Moreover, results from the second experimental configuration
demonstrate that a reduction in training set size accompanied by
an expansion of the test set led to a gradual decrease in prediction
accuracy. This trend highlights the adverse effects of dynamic
data distribution shifts and reduced training coverage on model
performance (Figure S11 and Table S3, Supporting Information).

2.5 | Effects of SOC Window and Sampling
Resolution

The generalization capability of the model was further inves-
tigated by training and testing it under a narrower range of

operating conditions, achieved by reducing the voltage operating
window and SOC window. Training with data from a restricted
SOC range not only enhances data processing efficiency and
response time but also improves practicality. Prediction tasks
were conducted using capacity and voltage data from progres-
sively narrowed SOC ranges, beginning with 80% to 96% SOC,
corresponding to 80% SOC to 3.6 V, and decreasing to 80% to
90% SOC. The results indicate that the proposed model maintains
stable performance across these reduced SOC ranges (Figure 6
and Table S4, Supporting Information), with RMSE, WMAPE,
and MAE at 96 cycles, 8.27%, and 73.7 cycles, respectively, and an
R? value exceeding 0.93. This stability highlights the robustness
of the multi-fusion model even when applied to narrower, low-
fidelity charging data, reinforcing its critical role in assessing
model performance and its applicability to real-world diagnostic
tasks. In addition, data sparsity experiments were conducted
to further evaluate model robustness under reduced sampling
resolution (Figure S12 and Table S5) in Supplementary Note S3.6.
At a sampling interval of 70 s, the model achieved an RMSE
of 122 cycles, an R? of 0.934, a WMAPE of 10.7%, and an MAE
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of 96.4 cycles. These results indicate that the proposed model
can maintain stable predictive performance under sparse data
conditions.

2.6 | Performance Sensitivity to Input Sequence
Length

To systematically evaluate the impact of input sequence length
on model performance, a sensitivity analysis was conducted by
adjusting the sampling interval within a fixed window of 40
cycles. This configuration resulted in input sequences ranging
from 2 to 19 cycles (Figure 6). The results show a nonmonotonic
relationship between input sequence length and prediction accu-
racy, indicating that temporal granularity affects the ability of the
model to represent battery degradation dynamics. RMSE varied
across different input lengths and reached its lowest value of
93.97 at 12 cycles. Increased errors were observed for overly short
sequences and some longer inputs, suggesting that both insuffi-
cient temporal information and redundant segments can weaken
prediction stability. MAE followed a similar trend, with the best
result of 74.42 obtained at 6 cycles. WMAPE remained relatively
stable, mainly ranging from 8% to 11%, indicating consistent
control of relative errors across different temporal configurations.
R? also remained high, approximately between 0.93 and 0.96, with
better goodness of fit observed at 6 to 7 cycles. Overall, overly short
sequences may fail to cover key aging stages, whereas excessively
long sequences may introduce redundant or weakly informative
segments. The model maintained stable predictive performance
over input lengths from 2 to 19 cycles. Considering RMSE, MAE,
WMAPE and R? together, input lengths of 6 to 12 cycles provide
a favorable balance between prediction accuracy and temporal
information content.

2.7 | Benchmarking against Deep Learning
Baselines

To comprehensively assess the applicability of various deep learn-
ing approaches, this study compares multiple deep learning mod-
els (CNN, CNN-Attention, CNN-LSTM, LSTM, LSTM-Attention,
and Transformer) with the proposed FAST-BatPro model in
terms of both prediction accuracy (Supplementary Note S3.7).
To systematically evaluate model performance, two experimental
schemes were designed. In the balanced setting, the training set
included 20 LFP batteries and the test set included 20 LFP bat-
teries (Figure S13a,b, Supporting Information), allowing model
performance to be assessed under similar data distributions and
relatively ideal conditions. In the generalization challenge, the
training set was fixed at 20 LFP batteries, whereas the test set
was expanded to 57 LFP batteries (Figure Sl3c,d, Supporting
Information), enabling evaluation of model generalization under
substantially different data distributions and unseen samples.
Experimental results demonstrate that FAST-BatPro outperforms
the baseline models in prediction accuracy (Figure S13 and Table
S6, Supporting Information). However, the design objective of
FAST-BatPro extends beyond accuracy enhancement, with an
emphasis on computational scalability and reduced resource
consumption. Specifically, FAST-BatPro integrates probabilistic
sparse attention and flash attention mechanisms to streamline
attention computation, thereby significantly reducing compu-

tational complexity while enhancing efficiency and resource
utilization. Nevertheless, despite its more intricate architecture,
the increase in computational complexity does not yield a
substantial improvement in prediction accuracy. This finding
suggests that in battery health diagnostics, more complex deep
learning models do not necessarily lead to significantly better
predictive performance. Therefore, in practical applications, it
is crucial to balance model efficiency and prediction accuracy,
prioritizing architectures that ensure reliable predictions with
lower computational overhead and improved energy efficiency,
thereby enhancing the feasibility and practical value of the overall
system.

2.8 | Trade-off Analysis between Model
Complexity and Predictive Accuracy

In complex high-dimensional battery diagnostic tasks, large-scale
models are often used to enhance representation capacity and
improve prediction accuracy. However, in end-to-end battery
lifetime prediction, model performance is governed not only by
parameter scale, but also by temporal representation capability,
inference efficiency, and computational complexity. A systematic
assessment of the trade-off between predictive accuracy and
computational cost is therefore essential for practical deploy-
ment. The model-parameter calculation and computational-cost
evaluation settings are provided in Supplementary Notes S3.8
and S3.9. To analyze the performance-complexity relationship
of FAST-BatPro, a series of model configurations with different
hidden dimensions were evaluated. The hidden dimension was
progressively reduced from 256 to 4, decreasing the model size
from the original 1.869 million parameters to lightweight config-
urations with fewer parameters (Tables S7-S13), and summarized
together with performance and computational metrics in Table
S14 (Supporting Information). The largest model maintained
strong predictive performance, with an RMSE of 113 cycles, an
R? of 0.960 and an MAE of 81.6 cycles. However, it also had the
highest computational cost, requiring approximately 1.65 billion
FLOPs, 0.103 s inference time, and 0.0129 Wh energy consump-
tion during testing. These results indicate that simply increasing
model size does not yield the optimal balance between perfor-
mance and complexity. Moderate model compression produced
better overall predictive performance (shown in Figure 7 and
Table S14, Supporting Information). When the hidden dimension
was set to H = 128, the parameter count decreased to 0.623 M,
and the model achieved the best predictive accuracy among the
tested hidden-dimension configurations, with an RMSE of 106
cycles, an MAE of 72.9 cycles, and an R? of 0.965. Compared with
the largest model, this configuration substantially reduced FLOPs
and modestly reduced inference time and estimated energy
consumption, suggesting that moderate compression can remove
redundant model capacity while preserving prediction accuracy.
Further compression revealed a more explicit trade-off between
performance and cost. The H = 32 model contained only 0.098
M parameters and reduced FLOPs to approximately 75.6 million,
while still maintaining competitive predictive performance, with
an RMSE of 115 cycles, an R? of 0.958, and an MAE of 78.1
cycles. This configuration therefore provides a favorable balance
between predictive performance and parameter/FLOP efficiency.
By contrast, excessive compression weakened the model’s repre-
sentational capacity. Although H = 16, 8, and 4 further reduced

Advanced Science, 2026

11 of 19

858017 SUOWIWOD SAIIERID 3[dedl|dde ay) Aq peusenob afe sapoie YO ‘8sn Jo 9Nl 1o} Areiq18UIUO 8|1 UO (SUDIPUOD-pUE-SWIS) W00 A8 | M ARe.q| Ul UO//SdnL) SUORIPUOD pue swie 1 8y} 88S *[9202/20/0€] uo ARigiauliuo AjIm ‘AiseAIuN plojuers Ad 6/Ty2S202 SAPe/Z00T 0T/I0p/L00 A8 | im ATl Ul juo"peoueApe;/Sdny Wouy pepeojumod ‘0 ‘vv8e86TZ



a b
160 1.00 P —— ‘
TR a— ,\l%us\ n:’cumc) !
1401 . s 0981, —oo |
= = ! I
° 10975 00101M  H=8 v °
= Hs e / 0.967 "ooas 00207 o ® et HE128 s ®
1201 H=4  00200M  H=16 12 /[ H=256 & 0940 o M 06233M 1 8691M
5 0.010IM 137 go0430M & o / 18691M ® 094. © o e 0.0975M  0-2338M Ty g S
132 B . 113 : 0.0n35M 0,960 :
100 | H=128 ;
0.6233M 0.921 0946
106
80+ - . - 0.90+ , - -
0.01  0.02 0.05 0.10 0.20 0.50 1.00 2.00 0.01  0.02 0.05 010 0.20 0.50 1.00  2.00
c Model parameters (M) d Model parameters (M)
0.20
1504
H=8 et H=8
] 0.0207M = _
0.15 0.12 0.0435M H=32 1254 0'?207M HEI6
m 08.0 0.0439M
o ° 0.10  0.0975M m ° 96.0 H=32
< 0104 ® ° 0.08 0.09 /. H=256 < 1001 0.0975M
= - ° & o1seme | S =4 ° . 12 / H=256
= 0.0101M n=12s 009 751 00101M ° / 18691M @
0057 o 0.6233M 100.3 w86
0.08 501 0.6233M
7.9
0.00+— . , ; , , , ,
0.01  0.02 0.05 0.10 0.20 0.50 1.00  2.00 0.01  0.02 0.05 0.10 0.20 0.50 1.00  2.00
e Model parameters (M) Model parameters (M)
0.111 H=256 20 0 Zoomed view H=256
o H-32 1.8691M 2 e 1.8691M
> - 00975M 0103 o | 2 157 o e St 1,649,224,716
E 0107 g0101m 0096 (M x - T @ J
= 0.091 H=16 © 0,091 ) 02f-fmma T
ﬂ) = 10 / ootoim @
S {1 e 0.0439M ) ° ® 7409133
§ 0.09 o Hg 0.084 H=128 ﬂg T oz o oaseM o
R3] prAp S 0.6233M 54 : ®  H=128
Z 0,08+ O ORR - {Bastes nforonse 0.9 2 | SV
"""""""" 0,;’ J— - . [ 249779,
0.01 0.02 0.05 0.10 020 0.50 1.00  2.00 0.01 0.02 0.05 0.10 0.20 0.50 1.00 2.00
Model parameters (M) Model parameters (M)
FIGURE 7 | Comprehensive comparison of prediction performance and computational cost under different model sizes. Panels (a)-(d) show the

variation in RMSE, R?, WMAPE, and MAE, respectively, with respect to the number of model parameters under different hidden dimensions. Panel (e)

presents the inference time of each model size, and panel (f) shows the computational complexity measured by FLOPs. The model parameters are shown
on a logarithmic x axis, and each point corresponds to one model configuration with a specific hidden dimension. The annotations identify representative
configurations with the best balance, best accuracy, fastest inference, lowest FLOPs, or lowest computational cost. All inference experiments were
conducted on a desktop workstation equipped with an NVIDIA GeForce RTX 4090 GPU with a thermal design power of 450 W.

parameter count and FLOPs, their prediction errors increased
relative to the moderately compressed configurations, indicating
that overly small model capacity is insufficient for representing
complex degradation dynamics.

In addition, pruning experiments [67] were conducted to fur-
ther evaluate whether model complexity could be reduced by
removing module-level structural redundancy, as described in
Supplementary Note S4.0. The corresponding results are shown
in Figures S15, S16 and Table S15 (Supporting Information).
The pruning results show that the effect of pruning depends
strongly on the module being pruned. In particular, FFN-P100,
a lightweight variant derived from the reference FAST-BatPro
architecture, reduced model parameters, FLOPs, and inference
time while maintaining slightly improved predictive accuracy,
with an RMSE of 106 cycles, an R? of 0.965 and an MAE
of 72.3 cycles. This result indicates compressible redundancy
in the feed-forward network and suggests that large nonlinear
FFN mappings are not always required for this battery lifetime
prediction task. In contrast, attention head pruning mainly
improved inference efficiency but degraded prediction accuracy,
whereas joint pruning further reduced runtime overhead but was
more likely to compromise predictive performance. These results
suggest that attention-based temporal representation plays a

more critical role in capturing degradation-relevant information,
while the feed-forward network mainly contributes additional
nonlinear capacity that can become redundant under this task
setting.

Overall, these results reveal a clear nonlinear trade-off among
model size, prediction accuracy, and computational cost. Larger
models do not necessarily provide higher accuracy, whereas
excessive compression may reduce predictive performance. In
the hidden dimension scaling experiments, H = 128 is more
suitable when predictive accuracy is prioritized, whereas H = 32
provides a better balance between predictive performance and
parameter/FLOP efficiency. The pruning results further indicate
that efficient battery lifetime prediction should jointly optimize
hidden dimension, feed-forward network capacity, and attention
head configuration to balance predictive accuracy, computational
efficiency, energy consumption, and deployment feasibility.

3 | Conclusion

This study proposes an efficient end-to-end learning framework
for battery lifetime prediction. The framework is built on a cus-
tomized Transformer architecture and integrates flash attention
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and probabilistic sparse attention to enhance the representation
of local features, long-range dependencies and temporally sparse
information in battery degradation sequences. Although large-
scale models have strong capability for modelling nonlinear
degradation trajectories, increasing model size usually leads to
higher computational cost, energy consumption, and structural
complexity. Therefore, analyzing the trade-off between prediction
accuracy and computational complexity from the perspective of
model design is important for developing efficient battery lifetime
prediction models. In battery lifetime prediction, model selection
should not be guided only by the pursuit of the highest prediction
accuracy. Task characteristics, data structure, computational
cost, and the marginal benefit of accuracy improvement should
be considered jointly. For battery data with clear degradation
patterns and strong domain relevance, models with moderate
complexity can often achieve a more reasonable balance between
predictive performance and resource consumption. Based on this
consideration, this study introduces a performance-complexity
analysis strategy that evaluates inference time, FLOPs, energy
consumption, and accuracy improvement, providing a systematic
basis for model structure selection and complexity control. The
analysis shows that the performance gain from model complexity
is strongly task-dependent. Although large-scale models gen-
erally improve representation capacity, compact deep learning
models can also achieve high prediction accuracy when input
features are strongly correlated with lifetime labels. For battery
lifetime prediction, voltage, capacity, and incremental features
during charging reflect key changes in degradation states. When
input data contain sufficient degradation information, the model
can learn the mapping between features and lifetime without
relying on an excessively large parameter scale. This result is
consistent with the bias-variance trade-off and indicates that
physically meaningful input construction and domain-relevant
feature selection remain important even in end-to-end learning
frameworks. The high prediction performance achieved using
only partial charging data further suggests that battery degra-
dation information has high information density within specific
operating windows, providing a basis for efficient learning with
compact models.

The model scaling experiments reveal a nonlinear relationship
between model complexity and predictive performance. When
the model size was reduced to approximately 33.4% of the original
architecture, inference latency decreased by 12.6%, FLOPs by
68.1% and energy consumption by 12.6%, with only a minor effect
on prediction performance. This suggests that moderate compres-
sion can remove redundant representation capacity and reduce
computational overhead while preserving prediction accuracy.
However, when the model was further compressed to a lower
parameter scale, such as below 0.IM parameters, prediction
accuracy began to decline, and computational efficiency did not
consistently improve. In some cases, abnormal increases in com-
putational load were observed. This may be related to insufficient
capacity of extremely shallow structures to model sequential
dependencies, changes in hardware execution efficiency, and
characteristics of computational scheduling. Therefore, model
compression cannot be treated as simple parameter reduction,
and fewer parameters do not necessarily lead to better overall
efficiency. The pruning experiments further support this conclu-
sion from the perspective of module-level structural redundancy.
FFN pruning reduced parameter count, FLOPs, inference time,

and energy consumption while maintaining favorable predic-
tive performance, indicating compressible redundancy in the
feed-forward network of the Transformer. Moderate removal of
redundant mappings did not markedly weaken the capacity of
the model to represent battery degradation features. By contrast,
attention head pruning improved inference efficiency but was
more likely to affect multivariate degradation feature interac-
tions and temporal dependency modelling. Joint pruning further
reduced runtime overhead, but also increased the risk of accuracy
degradation. These results indicate that model lightweighting
should not rely solely on parameter reduction. Instead, the
actual contribution of each module to predictive performance
and computational cost should be identified to guide targeted
structural optimization.

From an application perspective, these results provide guidance
for selecting battery lifetime prediction models under differ-
ent computational constraints. In resource-limited scenarios,
moderately complex models combined with input features con-
taining clear degradation information can offer better overall
performance than indiscriminate model expansion. Under offline
analysis or high-performance computing conditions, the use of
more complex models should also be justified by substantial
gains in prediction accuracy. Although this study does not
rely on conventional handcrafted feature engineering, it uses
domain-informed representations, including SOC-sub window-
normalized AQ and AV curves, enabling high prediction perfor-
mance without full-cycle data. This suggests that structural priors
embedded in input construction can act as implicit regulariza-
tion and improve generalization across experimental protocols
and degradation modes. FAST-BatPro also reflects an efficient
strategy for sequence modelling. The hybrid attention design
combines the computational efficiency of flash attention with
the sparse modelling advantage of probabilistic sparse attention,
reducing the cost of long-sequence modelling while preserving
prediction performance. This strategy may also provide method-
ological reference for other engineering time-series tasks charac-
terized by long-range dependencies and temporal sparsity. The
results further support a task-aware model selection paradigm.
Model complexity should be determined by task-specific signal
complexity, input feature informativeness, and the correlation
between features and target variables. In structured physical
systems, input features are often strongly correlated with predic-
tion targets, allowing compact architectures to satisfy modelling
requirements. The experiments show that further increasing hid-
den dimensions and parameter count did not improve prediction
accuracy and, in some cases, degraded performance. This may
be associated with overparameterization relative to task com-
plexity, training instability, and reduced hardware parallelization
efficiency. Therefore, in multiscale and multiphysics time-series
modelling tasks such as battery lifetime prediction, the principle
of “larger is better” should be reconsidered. A more appro-
priate strategy is to adaptively determine model configurations
according to input data structure, degradation feature com-
plexity and computational cost constraints, thereby balancing
representation capacity, computational efficiency and prediction
stability. Future work could explore meta-learning strategies and
task-aware scaling laws by incorporating signal-to-noise ratio,
feature dimensionality, and degradation pattern complexity into
model capacity estimation. Cross-task knowledge transfer may
further reduce training costs on new datasets and improve
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adaptability to new operating conditions and degradation
modes.

4 | Methods
4.1 | End-to-end Deep Learning Pipeline

A deep learning method built on the FAST-BatPro hybrid fusion
model was developed for rapid battery RUL prediction. The model
is trained by updating layer parameters using multi-cycle data
from the training cells within an end-to-end learning framework.
The trained model is then validated using a test set containing var-
ious charge and discharge protocols. Unlike traditional models,
the proposed framework does not require handcrafted features
derived from complete charge-discharge trajectories. Instead, the
model predicts RUL using partial charging data from the early
cycles under different test protocols.

4.2 | Domain-Informed Input Feature
Construction

In previous research, one study demonstrated that the high-
performance feature, the logarithmic variance of AQi010 (V)
(representing the difference in discharge capacity curves between
the 100th and 10th cycles), shows a strong correlation with
battery cycle life [33]. Another study indicates that AV, , (Q) (the
difference in charging voltage curves between the b-th and a-th
cycles) also contains high-performance features related to battery
cycle life [68]. Therefore, we selected charging voltage curves,
charging capacity curves, and their cycle-wise differences relative
to the reference cycle as input features for the model (Figure S17,
Supporting Information), where the reference cycle was defined
as the 10th cycle for LFP cells, the 6th cycle for NCA cells, and the
3rd cycle for NMC cells.

4.3 | Fixed-Length Curve Interpolation

To avoid discrepancies in input feature dimensions and improve
pattern learning, the voltage and capacity curves measured from
70% SOC to 4.2 V for NCA and NMC cells and from 80% SOC
to 3.6 V for LFP cells were fitted to a time-dependent function.
The number of available data points gradually decreased over
aging cycles. These curves were then linearly interpolated to a
fixed length of 100. All four feature curves were processed in the
same manner, fitted as time functions and linearly interpolated
to a uniform length of 100, ensuring consistency in the model
input and simplifying model operation. Consequently, each cycle
generated 1x4x100 feature data points, facilitating more efficient
model processing and management.

_ (71 = yo) X (x — X)
y=y+ X —x ()

where x, and x; represent the time data within the range from 80%
SOC to the point where the voltage reaches 3.6 V for LFP, and
from 70% SOC to the point where the voltage reaches 4.2 V for
NCA/NMC, while y, and y, correspond to the voltage or capacity
data for this charging range.

4.4 | Sliding-Window Sample Construction

The input sequences were segmented using a fixed-length sliding
window. The input length and step size were set to 40 cycles
and 1 cycle for dataset 1, 100 cycles and 5 cycles for dataset 2,
and 10 cycles and 1 cycle for datasets 3 and 4, respectively, to
generate annotated input-output pairs. This strategy provides the
model with a comprehensive view of the dataset, allowing it
to identify short-term dependencies and patterns. Furthermore,
a sampling interval of two cycles was adopted to balance data
richness preservation with reduced computational burden. This
approach effectively enriches the dataset, with each input sample
generating 1x4x100x20 data points for LFP and 1x4x100x10 for
NCA/NMC, corresponding to 1 sample, 4 feature curves, 100
sampling points, and 20 or 10 cycles, respectively.

4.5 | Min-Max Normalization

Feature vector normalization effectively addresses prediction bias
caused by inconsistencies in the scales of different features,
ensuring that each feature contributes more equally to the model
output, thereby improving prediction accuracy. Additionally,
normalization enhances model training efficiency by accelerating
the convergence process and facilitating more effective model
development. Min-max normalization scales data to a range of
[0, 1] or [-1, 1], ensuring that all feature data are on the same
scale. This process eliminates dimensional inconsistencies and
improves numerical stability in computations.

I min(x) 3)
max(x) — min(x)

where x’ represents the normalized value, x represents the feature

value, max (x) represents the maximum feature value, min (x)

represents the minimum feature value.

4.6 | Attention-Aware Modeling and
Electrochemical Interpretation

The proposed FAST-BatPro model adopts a Transformer
encoder-decoder architecture to enhance global feature
extraction [69]. Specifically, the input data first undergoes
embedding and positional encoding, effectively integrating the
information from the four feature sequences during charging at
each time step. The encoder computes attention weights between
each time step and all other time steps in the input sequence,
enabling the extraction of global features. These features are
then transformed non-linearly through a feed-forward neural
network, allowing for the extraction of higher-level abstract
features. The encoder ultimately generates a feature map
containing the characteristics of all time steps. This feature map
is used by the decoder to generate predictions of the RUL.

To clarify how the retained high-SOC charging information
affects attention-aware lifetime prediction and its electrochemical
interpretation, the high-SOC charging segment from approxi-
mately 80% SOC to the 3.6 V cut-off voltage was used as the
baseline input window. Within this window, 100%, 90%, 80%,
70%, 60%, and 50% of the charging information were retained
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as model inputs. These retention ratios represent the relative
amount of information preserved within the high-SOC charging
window, rather than absolute SOC intervals from 0% SOC
to the corresponding SOC levels. Therefore, this experiment
analyzes how the retained information within late-stage high-
SOC charging segments contributes to lifetime prediction. From
an electrochemical perspective, the measured voltage response
of LFP-graphite batteries during high-SOC charging can reflect
coupled aging-related processes, including cathode delithiation,
lithium intercalation into the graphite anode, SEI evolution,
internal resistance growth, and concentration polarization [70-
73]. During charging, lithium ions are extracted from the LiFePO,
cathode and inserted into the graphite anode layers. The exter-
nally measured voltage capacity curve reflects the combined
effects of electrode reactions, mass transport, and polarization.
Previous studies have shown that the LiFePO, cathode exhibits
pronounced two phase transition behavior, usually appearing as a
flat voltage plateau, whereas lithium intercalation in the graphite
anode is accompanied by staged structural evolution [74]. In
addition, interfacial layer regulation can suppress active lithium
loss, reduce polarization and stabilize the electrode interface,
thereby improving capacity retention under high-rate condi-
tions [75]. These mechanisms indicate that the terminal voltage
response in the high SOC region is closely related to capacity fade,
polarization growth, and interfacial degradation. In addition, the
IC curve can serve as an intermediate representation linking data-
driven models with electrochemical degradation mechanisms.
Its peak height, peak voltage, and peak area respectively reflect
the local capacity response intensity, reaction potential shift,
and available capacity within a specific voltage range [76, 77].
Compared with direct observation of voltage capacity curves, IC
curves amplify subtle variations in plateau and phase transition
regions, and are therefore widely used to identify degradation
features associated with capacity fade, polarization growth and
changes in reaction kinetics. Related studies have also shown that
DQV or IC type differential features can improve observability
in the flat OCV SOC region of LFP batteries and enhance SOC
or health state estimation [78]. Therefore, IC curves provide an
electrochemically meaningful basis for interpreting the influence
of different input charging information on lifetime prediction
performance.

The experimental results further support the above interpretation
(Figures S18 and S19, Supporting Information). As the retained
proportion of the charging window from approximately 80%
SOC to the 3.6 V cut-off voltage decreases from 100% to 50%,
the high voltage end of the IC curve is progressively truncated.
The curve morphology changes from a complete late stage
charging response to a profile that mainly retains information
from the early part of the high SOC window. Correspondingly, the
average IC peak area decreases from 0.140 to 0.097 Ah, indicating
a gradual reduction in capacity contribution and polarization
evolution near the charge termination stage. The decrease in peak
area suggests a weaker effective capacity response observable
by the model under shorter retained input proportions, whereas
changes in peak voltage and peak shape further reflect differences
in reaction potential and polarization information across retained
windows. Thus, reducing the retained input proportion decreases
the amount of input data and weakens the electrochemical
features available for aging state identification. In addition, the
prediction results are consistent with the IC curve analysis

(Figure S18 and Table S16, Supporting Information). As the
retained input proportion decreases, RMSE, WMAPE, and MAE
generally increase, whereas R* decreases, indicating reduced
prediction accuracy and stability. This result suggests that plateau
tail information, polarization response, and remaining capacity
contribution near the 3.6 V cut off region are not the only effective
information sources, but they provide important complementary
information for lifetime prediction. Therefore, changes in model
performance are governed not only by input length, but also by
whether the input region covers key electrochemically sensitive
degradation features within the high SOC charging window.

Based on this analysis, attention aware means more than the
presence of an attention mechanism in the model architecture.
It indicates that the model can adaptively emphasize degrada-
tion related information regions in historical cycle sequences
and high SOC charging trajectories. Because battery aging
is cumulative and path dependent, different historical cycles,
charging segments, and voltage capacity regions contribute
unequally to lifetime prediction. The attention mechanism can
capture these nonuniform contributions and guide the model
toward degradation sensitive features, including capacity fade,
polarization evolution and IC peak variation. Therefore, the
attention-aware analysis suggests that the model is sensitive to
degradation-relevant voltage-capacity regions, providing a phys-
ically informed interpretation of the prediction results without
implying a direct causal relationship between attention weights
and electrochemical mechanisms.

4.7 | Flash Self-Attention Mechanism

Flash attention-2 employs a tiling technique during the attention
computation process, optimizing memory access strategies and
reducing dependence on global memory, significantly lowering
the overhead of memory I/O operations [79]. Specifically, the
input key (K), query (Q), and value (V) matrices are divided
into smaller blocks based on block size. The K and V matrices
are loaded and stored in shared memory in one go, while the
Q matrix is loaded in four sequential parts. After loading each
Q block, it is multiplied with the cached K and V blocks to
compute a partial attention score matrix S. Subsequently, a
SoftMax operation is performed immediately on the result of
each Q block, followed by multiplying it with the corresponding
V block to generate a partial output matrix O. By integrating
computation and storage operations, unnecessary memory read
and write operations are minimized, reducing the burden on
global memory and the need for intermediate result storage, thus
ensuring overall computational efficiency and speed (Figure S20,
Supporting Information). Unlike vanilla attention mechanisms,
flash attention-2 optimizes memory usage by avoiding the explicit
storage of the full attention score matrix and instead employing
block-wise computation. This approach reduces the memory
complexity for time-series data of length L from O(L?) to a
value closer to O(L), thereby significantly decreasing memory
requirements, particularly when dealing with long sequences. It
leverages the multi-tier memory architecture of the underlying
hardware, including shared memory and registers, which serve
as high-throughput storage areas. By storing key computational
data in shared memory and registers, global memory reads are
significantly reduced, thereby improving computational speed.
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In addition, with the model architecture and data split kept
consistent, we assessed the sensitivity of predictive performance
to training configurations by varying only the batch size, learning
rate, and attention dropout rate in the Flash Attention mechanism
(Figure S21) in Supplementary Note 4.2. Batch sizes of 128, 256,
512, and 768 were examined with corresponding learning rates of
1x 1074, 1.5 x 1074, 2 x 1074, and 2.5 x 10~*, respectively, while
the attention dropout rate was varied from 0.2 to 0.6. In summary,
flash attention enhances computational efficiency through block-
wise computation and optimizations that reduce intermediate
result storage.

4.8 | Masked Probabilistic Sparse Self-Attention
Mechanism

In the vanilla self-attention mechanism, each Q-K pair under-
goes a dot product calculation, resulting in a computational
complexity of O(L?). This fully connected computation becomes
costly when processing long sequences, particularly in real-world
applications, where many query-key pairs contribute minimally,
following a “long-tail” distribution. Sparse self-attention miti-
gates this issue by limiting the number of tokens each token
attends to, either through predefined patterns or by learning
which tokens to prioritize, thus reducing the computational cost
to linear or sub-quadratic complexity. The probabilistic sparse
attention mechanism is integrated into the decoder architecture
to reduce both computational and memory overhead when
processing long sequences. The core idea behind the probsparse
self-attention mechanism is to focus computation only on the
Q-K pairs that have the most significant impact on the output,
while disregarding fewer influential pairs. This approach reduces
computational complexity from O(L?*) to O(Llog L) [80]. By
selectively attending to the most relevant tokens, the mechanism
preserves model performance while significantly lowering com-
putational overhead and memory usage. Applying this sparse
self-attention mechanism enables the capture of key atten-
tion weights responsible for battery aging across different time
scales.

The input sequence X € RE*4, with L representing its length and
d its feature dimension, is mapped to the query, key, and value
vectors: Q, K, and V.

Q=XW,
K =XWg 4)
vV =XW,

where the matrices W, Wy, and Wy, are learnable projections that
map the input into query, key, and value vectors, respectively.

Next, simplified attention score calculations between a randomly
selected subset of K and all Q, the most active Q elements are
identified to obtain the key attention scores.

Score(Q,K) = QK" ®)
After this sparse selection process, the SoftMax function is

applied to the attention score matrix, resulting in sparse attention
weights. The attention weights from the four heads are then

concatenated and transformed through a linear transformation
to produce the final attention output.

a = softmax(Score(Q, K)) (6)

MultiHead (Q,K,V) = Concat (head,, ..., head) W°  (7)

where head; = aV ®)

In the sparse attention mechanism, the sparse attention score
matrix not only reduces the computational burden through selec-
tive sparsity but also ensures causality in autoregressive tasks by
applying an upper triangular mask. The mask matrix prevents
access to future information in the sparse attention score matrix,
allowing the model to focus only on the information required
for the current task. This approach significantly improves the
efficiency and accuracy of the attention mechanism. Flash atten-
tion achieves substantial computational and memory efficiency
through block-wise attention computation. In FAST-BatPro, the
hybrid attention mechanism refers to the task-specific integration
of flash attention and masked probabilistic sparse attention
within an encoder-decoder framework for battery lifetime pre-
diction. In our implementation, flash attention is primarily used
for efficient global attention modeling, whereas causal temporal
dependency is handled through the masked probabilistic sparse
self-attention module. Specifically, flash self-attention in the
encoder captures global degradation dependencies with reduced
memory overhead, masked probabilistic sparse self-attention in
the decoder supports causal and selective temporal interaction
modeling, and flash cross-attention connects decoder states
with encoder-derived degradation representations. This hybrid
attention design balances computational efficiency with autore-
gressive temporal modeling capability. Finally, this information
is integrated through fully connected layers to produce accurate
prediction results.

4.9 | Efficient Training and Inference Strategy

During training and inference, the hyperparameters and their
configurations are summarized in Table S17 and described
in Supplementary Note 4.3. At the same time, FAST-BatPro
reduces redundant computation at three levels: data organi-
zation, training configuration, and the forward computational
pathway, thereby improving overall runtime efficiency. At the
data organization stage, interval sampling with a stride of 10 is
applied to the training and validation sets to reduce the strong
overlap between adjacent sliding windows and decrease the
redundant training cost caused by repeated charging segments.
During pretraining, a large batch size is used to better exploit
GPU parallelism, improve training throughput, and reduce the
overhead from frequent parameter updates the details related to
weight optimization are provided in Supplementary Note S4.4.
In terms of the training objective, RUL prediction error is used
as the main optimization target, and the capacity auxiliary loss
weight is set to zero, allowing pretraining to focus on the mapping
between lifetime labels and charging curve features. During
source-domain pretraining, the maximum number of epochs was
set t0 10,000, with a learning rate of 2 x 10~#, and convergence was
monitored using the training loss. During target-domain training,
the dataset was divided into training and validation sets, and early
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stopping was applied based on validation performance with a
patience of 1200 epochs.

During forward propagation, model efficiency mainly arises
from compact feature representation and efficient attention
computation. Raw charging segments are first mapped into a
unified hidden space through the embedding layer, forming token
representations suitable for encoder and decoder processing. This
avoids direct computation in the highly redundant raw input
space. In the encoder, multi-head flash self-attention models
global dependencies among cycling stages, charging segments,
and degradation features. Compared with conventional self-
attention, flash attention optimizes attention matrix computa-
tion and memory access, reducing the storage and read-write
overhead of intermediate matrices and improving training and
inference efficiency. Meanwhile, the one-dimensional convolu-
tional layer extracts short-range temporal variations through
local connectivity and weight sharing, enabling the model to
capture local degradation patterns with lower computational
cost and reducing its dependence on full global attention
computation. The decoder further filters lifetime-relevant infor-
mation from the degradation representations produced by the
encoder. Masked probabilistic sparse self-attention prioritizes
representative attention interactions according to the information
contribution of tokens, thereby reducing redundant computa-
tion among low-contribution tokens. Flash cross-attention then
associates decoder states with encoder-derived degradation rep-
resentations, allowing the model to focus on information more
relevant to RUL prediction instead of computing indiscriminately
over all input features. In this way, FAST-BatPro forms an
efficient computational pathway that integrates compact embed-
ding, global dependency modelling, local feature enhancement,
and relevance-based information selection during training and
inference.

Complexity statistics and supplementary experiments further
validate the rationale of this efficient structure. The hidden
dimension directly determines the scale of matrix operations
in Q, K, and V projections, feed-forward networks, and fully
connected layers. Hidden-dimension compression experiments
show that the model maintains stable predictive performance
after an appropriate reduction in hidden dimension, indicat-
ing redundancy in the original hidden feature channels and
suggesting that battery lifetime prediction can be performed
in a more compact feature space. Pruning experiments fur-
ther identify structural redundancy at the module level. FFN
pruning removes redundant nonlinear mappings in the feed-
forward network, thereby reducing parameter count and FLOPs.
Attention head pruning simplifies the attention computation
pathway and improves practical inference efficiency, whereas
joint pruning evaluates the complexity gains and accuracy
losses when multiple modules are compressed simultaneously.
Overall, the efficient operation of FAST-BatPro is supported
not by a single compression strategy, but by the combined
effects of training data redundancy reduction, batch-based par-
allel training, compact feature representation, efficient attention
computation, hidden-dimension control, and module-level prun-
ing. This design reduces computational cost while preserving
the capacity of the model to represent temporal degradation
features, providing a structural basis for efficient battery lifetime
prediction.
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